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Abstract

Mathematical descriptions of financial markets with respect to the efficient market hypothesis and fractal finance are now equally robust but EMH still dominates. EMH and other current paradigms are extended to accommodate situations having higher information complexity and interactions coupled with positive feedback. The “herding behavior” literature in finance marks a significant recognition that interdependent trader behavior may result in deviation from normal distribution of returns, as does “chartist” trading. Further legitimization of the separate-but-equal status of EMH and Fractal Finance is pursued. Research on the nonlinear models giving theoretical underpinning to equations representing mirror markets as complex dynamical systems is encouraged. Why some herding- and chartist-behaviors scale up and then die off whereas others result in significant crashes is explained. The build-up to the 2007 liquidity crisis offers an example of nonlinear scale-free dynamics. Concepts from complexity science, econophysics, and scale-free theory are used to offer further explanation to physicists’ mathematical treatments. 

Although Gene Fama championed the publication of Benoit Mandelbrot’s article in the Journal of Business in 1963, he also wrote a critique and thence stayed on the path of the three dominant Finance paradigms, the efficient market hypothesis (EMH; Fama, 1970), the capital-asset pricing model (CAPM; Sharpe, 1964; Lintner, 1965; Black, 1972), and the Black-Scholes (1973) options-pricing model). In parallel, Mandelbrot (1970, 1982, 1997, 1999, 2001, Mandelbrot & Hudson, 2004) kept applying his fractal geometry ideas to stock markets. His views have more recently been picked up by others (Peters, 1991, 1994; Rosser, 2000; Sornette, 2003a; Malevergne & Sornette, 2005; Jondeau et al., 2007; Calvet and Fisher, 2008). Over the years these two competing Schools have remained contentious, seemingly arguing about the same turf, with little basis of reconciliation apparent. For example, in his 2004 book with Hudson, Mandelbrot says: “Modern’ financial theory is founded on a few, shaky myths that lead us to underestimate the real risk of financial markets” and: “Orthodox financial theory is riddled with false assumptions and wrong results” (pp. ix, x). Cooper (2008, p. 11) says: “Despite overwhelming evidence to the contrary, the Efficient Market Hypothesis remains the bedrock of how conventional wisdom views the financial system…” According to Fama (1998), however, until new and better paradigm is put forth, one cannot criticize EMH/CAPM. Fama reduces behavioral finance–and trading dynamics—to anomalies and over-/under reaction episodes that are normally distributed.

The mathematical descriptions of financial market behavior by each School are now equally robust. Still, the EMH, CAPM, and options pricing paradigms have successfully remained at the center of market analysis for most researchers in the Finance community, even though the fractal School has continued to grow in numbers of participants and depth of mathematical analysis (Adler, Feldman & Taqqu, 1998; Rachev & Mittnik, 2000; Mantegna and Stanley, 2000; Malevergne & Sornette, 2005; Jondeau, Poon, & Rockinger, 2006). Since we have just passed through another of what Alan Greenspan recently termed a once-in-a-century market crash (the first being the 1929 crash), our concern about what sets off unusual volatility sequences and occasional extreme crashes is surely timely and calls for further analysis of when and why the EMH view of market trading shifts into behaviors better fitting fractal mathematics.

Following EMH, we first distinguish between the rational and noise traders who, acting independently of each other, create efficient markets and Gaussian distributions of returns. Then we recognize interdependent trader behaviors that lead to extreme events. Self-organization among traders impacts stock prices resulting in bubble build ups and bursts of volatility. Numerous attempts have been made to model stock prices during such time periods; e.g. the precision of copula is recognized by Malevergne and Sornette (2005, p. 100) as a “complete and unique description of the dependence structure existing between asset returns…. This is all the more important for rare large events whose deviations from normality are the most extreme both in amplitude and dependence.” We argue that these changes in return distributions result from changing trader network topologies and dynamics. We will expand on the research methods appropriate for these market conditions in a subsequent paper.
First, we note that there are three kinds of equally relevant trading behaviors that our models and theories have to account for: (a) There are two kinds of trader behavior in which they act independently of each other, which are excellently represented by the formalizations of EMH—which includes both rational and noise traders; and (b) A third kind of trader behavior also exists—where trader behaviors are in fact interdependent. We will call this the high-risk trading category; it occurs when traders resort to rule-driven behavior—e.g., chartists, herding, information cascades, etc.—in short: behavioral traders. (e.g. this behavior can be modeled as the rate of imitation in the logistic equation). Second, we note, however, that Sornette and his colleagues are content to draw explanatory closure when they fit an equation to a few parameters representing log-periodic oscillations of prices (Sornette, 2004). A number of quantitative researchers now fit extreme events into power law distributions of price changes to formalize non-linear patterns during periods of extreme volatility (e.g., Jondeau et al., 2007; Calvet and Fisher, 2008). But our question remains: What are the various kinds of interdependent trader-induced causes that scale up into the fractal volatility sequences and occasional extreme events (crashes) we see in stock market behaviors? 

 We do not offer an alternative to EMH/CAPM but extend the existing framework to accommodate situations with higher information complexity, interactions with positive feedback (Minsky, 1982, 1986), and extreme events that cannot be simply explained by presuming independent-additive data point, and normal distributions. For example, the development of the “herding behavior” literature in finance (Banerjee, 1992; Bikhchandani, et al. 1992; Prechter, 1999; Brunnermeier, 2001; Rook, 2006;) marks a significant recognition that interdependent trader behavior may result in skew distributions of stock market prices and, therefore, offers the first underlying explanation of behavior that may begin as Holland’s (2002) “tiny initiating events,” but later scales up into extremes. We also follow Wolfson (2002), Cooper (2008), Phillips (2008), and Foster and Magdoff (2009) in drawing on Hyman Minsky’s works of 1982 and 1986/2008. Building on this, we introduce several so-called “scale-free theories” that explain why some tiny events scale up into extremes while many others do not. In all of these, interdependent trader behavior is the critical element. Our scale-free theories come from a range of disciplines (Andriani & McKelvey, 2009). 

We explain why some herding lunges scale up and then die off whereas others scale up into significant crashes. Given the empirical base of each theory, we believe we can offer rather solid rationale as to why high-risk trading behavior is ever present as mild to fairly strong volatility cycles. Thus, interactions of many traders with different investment horizons may simply die out, while some others may scale up into significant crashes that may or may not result from macroeconomic events (Rosser, 2000). Which way it goes depends on the nature of exogenous and endogenous shocks (Sornette and Helmstetter, 2003). Any shock that is related to small events with cumulative effects (endogenous) has different price diffusion than an exogenous shock such as 9/11, a natural disaster, a political coup, or some shocking economic news such as the 2007 liquidity crisis. Standard economic theory postulates that continuous streams of news get incrementally incorporated into prices. In principle, large shocks should result from anomalous, very bad news, but the puzzle around 1987 is that there was no such news. Large market moves and strong bursts of volatility are not, then, always associated with external economic, political or natural events (White, 1996). Endogenous shocks can result from the combination and/or accumulation of many small shocks as what seems like random noise re-structures into different kinds of nonlinearities (Schroeder, 1991). 

In this paper, we attempt to further legitimate the separate-but-equal status of EMH and Fractal Finance (FF). We do this by attempting to go beyond classic financial asset pricing theory to account for findings of behavioral aberrations arising where unrealistic assumptions are made of unbounded rationality and independent judgments among investors about future payoffs and choices made solely on those anticipated payoffs (Fama & French, 2007).

The objective of this paper is to encourage research on the nonlinear models by giving some theoretical underpinning to the equations that mirror markets as complex dynamical systems. Instead of just an “either-or” view of EMH or FF, we especially focus on dynamics causing traders to shift from one regime to the other. Research of extreme events, and underlying scale-free dynamics, is of particular interest for the overall understanding of markets functioning as complex systems reveal their characteristics under stress better than in normal conditions. Baum and McKelvey (2006) also reveal the potential advantage of extreme value theory in modeling management phenomena and the increasing popularity in financial applications. Andriani and McKelvey (2007) reveal how misleading are the assumptions behind the econometric methods involving linear multiple regression.

We begin by reviewing both the EMH and FF views of market dynamics. Then we use a physical analogy to help define the axes of our “Financial Markets Phase Diagram.” In this diagram we depict and define the Triple Point where we see EMH-driven behaviors and the Critical Point at which major market crashes occur: i.e., 1929, 1987, and 2007+. We then turn our attention toward explaining the various kinds of nonlinearities in trader behavior occurring as “market mania” develops. We use the build-up to the 2007 liquidity crisis as an example of nonlinear scale-free dynamics. We define four kinds of nonlinearities. We then apply concepts from complexity science, econophysics, and scale-free theory to zero in on the underlying causes of these market nonlinearities. A Conclusion follows.

1.  Background

1. Efficient Market Hypothesis
According to the efficient markets hypothesis (EMH) that dominates finance theory and empirical work, price changes are completely random and driven by unexpected news about fundamentals, i.e. EMH models belong to the class of theories of asset price dynamics which consider fluctuations to be a result of exogenous stochastic influences. Efficient markets imply the absence of detectable (and predictable) structure in the market. If markets are not efficient, then we should be able to find structure in financial data and exploit it. While some evidence against efficiency can be found, empirical studies generally don't find structure that is exploitable. (Jegadeesh and Titman, 1993; Heston and Sadka, 2003; Fama, 1998, among others). 
A basic principle in modeling the stock market is rationality. Traders in general exhibit rational behavior when trying to optimize their strategies based on the available information. However this behavior is only “boundedly rational” since the available information is incomplete and traders have limited abilities to process the available information (Simon, 1957). The process of decision-making is essentially "noisy.” In fact, a noise free market with rational traders of infinite analyzing abilities would have very little trading, if any, since for a market to be active there should be individuals willing to take opposite sides of the trade for the same price based on differing assumptions about where the price is going next. Perfect information and analytical ability would inevitably lead all traders to the same assumptions.

Fama and French (2007) assert how disagreement and tastes can affect asset prices, thus admitting that some assumptions in standard asset pricing models are unrealistic. Recent models emphasize the role of heterogeneous beliefs and expectations about future prices. Brock and Holmmes (1998) recap two basic investor types in these heterogeneous agent models: (1) rational traders including buy and hold fundamentalists (who base their trades on the perceived intrinsic value of firms) and (2) noise traders who are basically chartists or technical market analysts, and others who trade on misperceived information, rumors, personal opinions, or who simply copy other traders with positive reputations. We also include liquidity traders here, i.e. traders whose decision to “cash out” is based on a need for liquidity that is independent of market information.

Equilibrium theory is based on four assumptions (a) price taking, where agents can not do anything to change the price; (b) independent agents make utility maximizing decisions; (c) market clearing, e.g. equality of aggregate demand and supply and (d) rational decisions based on perfect information. When efficient market rules, it sustains dynamic equilibrium and temporary deviations are viewed as anomalies that are randomly distributed, therefore predictions are impossible and nobody can consistently beat the market. 

2. Fractal Finance—Chaos

Complexity has always been part of our environment and many scientific fields have dealt with complex systems, which display variation without being purely random. Complex systems tend to be high dimensional and non-linear but may exhibit low-dimensional behavior. Financial markets have been shown to be similar to complex dynamical systems (Johansen et al., 2000). The different parts of complex systems are linked and thus affect one another. A complex system may exhibit deterministic and random characteristics with the level of complexity depending on the system's dynamics and its interactions with the environment.

 One of the objectives in quantifying complex systems is to explain emergent structures, i.e. self-organization. Phase transition is a property of self-organizing systems that move from static or chaotic states to a semi-stable balance between these two states that can be more effective (Brown and Eisenhardt, 1998). Self-organized criticality is characterized by power-law distribution of events around the phase boundary (Bak, 1996). Sornette et al. (1996) argue that scale invariance and self-similarity are significant concepts useful in describing the processes surrounding the October 1987 crash since this event could be seen as the result of a worldwide cooperative phenomenon, analogous to a critical phase transition in physics. Johansen et al. (2000) identify patterns of near-critical behavior years before market crashes. Similarly, the hierarchical or cascade model of traders with "crowd" or "herd" behavior illustrates the concept of criticality (Bak, 1996), where a large proportion of the actors simultaneously decide to sell their stocks (cf. Breymann et al., 2000).

Another piece of the puzzle is the observation of aperiodic long-term behavior that exhibits sensitive dependence on initial conditions and has limited predictability of the dynamics—characteristics of chaos (Lorenz, 1963). This sensitivity to initial conditions means that two points in a chaotic system may move in vastly different trajectories in their phase space, even if the difference in their initial configurations is very small (Lorenz, 1972; Hilborn, 2004). Since some nonlinear dynamical systems under certain conditions exhibit chaos, detection of the emergence of chaos in the system (as opposed to prediction) might allow active control at a low cost leading not only to highly positive outcomes but also to the prevention of costly crisis situations. 

In finance, Brock and Hommes (1998), Chen et al. (2001), Gaunersdorfer (2000a,b), Lux (1995, 1998) and others  suggest that heterogeneous beliefs of market players lead to market instability and complex endogenous price dynamics such as chaotic fluctuations. When a complex dynamical chaotic system becomes unstable, the system may split (bifurcation) in the presence of an attractor. Chaotic attractors are fractal and fractals have complex geometry with similarity at various scales Peitgen, Jürgens, & Saupe, 2004). Such attractors may be seen as a subset of the domain wherein attraction defines a set of initial conditions (Hunt et al., 2004).

At the time of its discovery, the phenomenon of chaotic motion was considered a mathematical oddity, but physicists have proven that chaotic behavior is much more widespread (Mandelbrot, 1997; Sornette, 2004). Chaos is randomness operating through deterministic laws. But the question remains whether chaos may actually produce ordered structures and patterns that can be used in finance to make improvements over asset pricing models that are based on the assumption of randomness (Bouchaud and Potters, 2003). 

Theories of asset pricing dynamics that challenge the EMH orthodox view of fluctuations as arising from underlying systematic causes that can be related to nonlinear dynamic mechanisms. Such a dynamical system approach to asset pricing was introduced by Chiarella (1992) and the need for empirical techniques for the full range of nonlinear dynamic possibilities was suggested. This line of analysis has been pursued by Peters (1994) and Jondeau, Poon, and Rockinger (2007).

Market crashes have been explained theoretically and measured quantitatively in a variety of ways. Sornette et al. (1996) reveal log-periodic oscillations of index prices before significant drawdowns and suggest a phase transition model where market crashes appear at the Critical Point. The market crash as phase transition in Johansen and Sornette (1999) points at the analogy between the three states of a physical system (solid, liquid and gas) and stock market dynamics at a "microscopic" level, where the individual trader has only three possible actions: selling, buying or waiting.  According to this model at the critical point order prevails in the market as all traders have the same opinion sell which leads to “significant drawdowns.” Although some mathematical pattern of the price diffusion is revealed, there is no explanation of the mechanism leading to the “crash.” We attempt to develop a model of self-organized criticality in an environment of increasing information ambiguity and/or a drug-like belief in the investment payoff of some new technology that diverts traders from rational decision making (Morris, 2008; Krugman, 2009).
2.  The Physical Basis of Phase Transition (and Criticality?)

In the physical sciences, a phase space depicts the set of states of a macroscopic physical system that have relatively uniform chemical composition and physical properties. For water, as an example, the three phases (solid, liquid, and gas) are defined by temperature/pressure combinations. The different phases of a system may be represented using a phase diagram (Figure 1). The Triple Point is the combination of temperature and pressure that permits the co-existence of the three phases in dynamic equilibrium. A phase transition, (or phase change) is the transformation of a thermodynamic system from one phase to another. At the Critical Point, a second order phase transition occurs leading to the disappearance of the phase boundary and the presence of a super-critical liquid / gas state. 

Figure 1: Phase Diagram
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When a system transitions from one phase to another, there will generally be a stage where the free energy is non-analytic. Due to this non-analyticity, the free energies on either side of the transition are two different functions, so one or more thermodynamic properties will behave very differently after the transition. The property most commonly examined in this context is the heat capacity of the substance. During a transition, heat capacity may become infinite, jump abruptly to a different value, or exhibit a "kink" or discontinuity in its derivative, i.e. experience an abrupt sudden change in heat capacity with only a small change in temperature (Figure 2). An example of phase transition at constant pressure and increasing temperature causes heat capacity solids to increase; a phase transition to gas causes the heat capacity to decrease. Heat capacity and the compressibility define analogous concepts with respect to T and P; therefore phase transition from gas to liquid at constant temperature will be accompanied by change in compressibility.
Figure 2: Heat Capacity Discontinuity 
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3.  From Physics to Finance: A Phase-Transition Model

In an auction, market price is determined by demand and supply, i.e. buy and sell orders. The balance between the two we define as net demand. Balanced net demand or “0” will determine a “wait” phase in the market. Transactions do not impact price; small fluctuations in the price are similar to low vibration of molecules in the solid state. When the demand is positive, the market is in “buy phase” and the parallel with gas may be viewed as pressure on the price from below. The area of negative net demand, a “sell” market, is characterized by pressure on the price from above (liquid phase). Autonomous agents with heterogeneous information and bounded analytical abilities place their orders to buy and sell securities. At a macro level, the balance of these trading orders determines the phase of the market, i.e. the buy/sell decision ratio divides the plane.  At the Critical Point the market crashes as the trade orders are predominantly on the sell side, as Sornette (2003a) points out. The market “phase diagram” should be able to explain the formation of the net demand areas with appropriately chosen variables on the X and Y axes. 

1. Defining the Axes

The Y-axis measures the risk of a security with respect to the one incorporated in the fundamental valuation. Closer to the Origin, the risk measure in the fundamentals (volatility) is larger leading to underpricing of stocks. In equilibrium at TPy1, risk is properly incorporated in the fundamental analysis and the price is “fair,” while going upward increasing risk-taking behavior underestimates volatility of the firm’s underlying fundamentals, which leads to overpricing

Returning to our two types of investors (rational and noise), rational investors evaluate all available information and make their trading decisions based on the ratio of Risk and Return, defining underpriced (buy) and overpriced (sell) stocks. The Y-axis of our financial markets phase diagram (Figure 3) measures these decisions by a Risk/Fundamentals ratio. In the base condition (where system complexity is minimal and rational traders hold uniform assumptions), the opposite side of a trade is attributed to liquidity traders in the EM paradigm.  Sell pressure on the price increases with increase of Risk (on the Y-axis) as investors are predominantly risk averse.

On the X-axis, we replace temperature with the Noise to Information trading ratio. In the physical phase transition diagram, temperature was defined in terms of the 2nd Law of Thermodynamics, which deals with entropy. Since entropy is a measure of the disorder in a system, we believe that disorder in the market can be measured by the ratio of Noise to Information trading. Information trading implies investors can properly process information and act rationally. As we already mentioned if all investors are rational and all trading decisions are information based, we will have homogeneous agents, one-sided trade orders and a “halt” in the market. Conversely, as noise trading becomes increasingly evident in the market, rationality recedes and disorder increases. 
The dimensions that we have chosen for our axes are used in some non-linear financial models, e.g. the asset price diffusion process is explained by the ratio of noise to rational traders and the distance between fundamental to actual price in Chiarella (1992), Day and Huang (1990), and Lux (1995). These two dimensions will also allow us to place into the asset pricing framework the log periodic oscillations of index prices before crashes reported by physicists. 

Figure 3: Financial Markets Phase Diagram [image: image3.png]RISK/FUNDAMENTALS
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The three “market phases” (wait, buy and sell) are determined by the demand/supply ratio of trading orders. Decisions behind these orders should be examined in light of the information complexity of the marketplace (certainty toward the Origin; increasing noise-induced uncertainty to the right; and increasing risk going upward). Our model suggests that, given randomly arriving information, investors apply a probabilistic approach to decision making. In this market environment, prevailing rationality and information transparency allow quick adjustment of prices. In this area, market efficiency keep prices “fair” and dynamic equilibrium around the Triple Point obtains—EMH applies. At minimal noise and low risk (toward the Origin), we define the area as “certainty,” securities with low risk to fundamentals (Y-axis) and low noise to information trading (X-axis). 

In normal markets with heterogeneous independent traders and random noise, prices adjust to fundamental (certain) value, anomalies are short lived. Under some conditions (e.g., new technology, trading rules, or formulas such as derivatives, etc.) noise in the market increases and creates information ambiguity. Therefore uncertainty-averse traders switch to non-probabilistic approaches to decision making. 
The area above “market risk to fundamentals” is characterized by higher idiosyncratic “risk,” which is correctly incorporated and discounted by rational investors. Prices experience downward pressure, thereby increasing expected returns for the higher levels of risk. It is here that we see the development of faith in new technologies and high risk trading and portfolio management strategies; increased use of derivatives etc. “The rational” and “educated” use of these should not lead to persisting anomalies in the underlying asset prices, bubble building etc. A market will sustain the equilibrium around the Triple Point; efficiency prevails as rational decision making based on probabilistic approach is feasible.  

Moving horizontally from the area of “certainty” to the right, we enter a region of higher information complexity and uncertainty “distinct from the familiar notion of risk,” as defined by F. Knight (1921). In uncertain situations many decision-makers prefer to bet on unambiguous events rather than on ambiguous ones (Basili and Zappia, 2003). This contradicts the appropriateness of probabilistic decision making. Shackle (1949), developed a theory opposing the subjective probability approach. Among the different theories of decision making under uncertainty, the info-gap theory has been applied in economics. It is a non-probabilistic decision theory seeking to optimize robustness to failure, or opportunities for windfall profits. Zhang (2006) investigates the role of information uncertainty in price continuation anomalies and cross-sectional variations in stock returns; he shows that short-term price continuation is due to investor behavioral biases, which result in greater price drift when there is greater information uncertainty. We argue that given the random nature of good/bad news, information uncertainty alone can not produce a bubble build up as greater information uncertainty should produce relatively higher expected returns following good news and relatively lower expected returns following bad news.

 This area of uncertainty is not the focus of our paper. It is not on the bubble-build up path (logperiodic oscillation) leading to crashes. We will concentrate on the part of the model that reveals the dynamics of pre-crash market, i.e., the fractal area.
In the area of high levels of noise and high risk—i.e., approaching the Critical Point—imitative behavior leads to power laws and fractals in the security pricing, self organization, and emergence of structure allows departure from efficiency. This area is also characterized by high speed of trading and frequent reversals in the price function. Similarly Brock and Hommes (1998) claim that large fractions of noise and risk traders is likely to destabilize prices.

2. Triple-Point Dynamics

On the continuum of these two combinations, overall market state will be defined as “wait” when net demand is balanced, i.e., shares may exchange hands but this will not affect the price. In this “phase” we have two areas that are unstable and quickly lead to the Triple Point. This attractor basin is characterized by correctly priced securities (Y-axis = 1; market risk/fundamentals) and balance between noise and information trading (X-axis = 1). 

We view the lower left corner as highly unstable as rational investors will be willing to buy the underpriced securities, but there are very few noise traders, who will sell at this price. As a result, the market moves from left to right, thereby crossing the phase boundary; this results in falling liquidity as buy orders prevail and price goes up. The basin of attraction is the Triple Point. Note that in the “certainty” area information traders prevail. 

The upper left corner is an area of overpricing, news about fundamentals may suggest higher volatility than the risk incorporated in the price. Rational investors with adequate valuation will detect overpricing and place sell orders, the market moves to the right, crosses the phase boundary into the “sell” phase, liquidity falls, and prices adjusts the equilibrium market risk level TPy1. The market moves to the Triple Point. 

Over- or under-pricing is a very short lived phenomenon after news (new relevant information) is released. In both cases moving from the “wait” phase either through sell or buy to reach the attractor point (Triple Point = dynamic equilibrium) sees the market cross the phase boundaries. If there is nonlinearity present, there should be a function that experiences abrupt change with a small change in the X-axis (noise/info trading). This also should be related to a jump in the price, as the market quickly adjusts to new information and incorporates the news in the price. (Documented overreactions to news can be modeled with a longer route to the Triple Point after crossing the phase boundaries.) 

In our model, at the phase boundary, liquidity
 experiences an abrupt change with only a small change in the ratio of noise to rational trading (Figure 4). Lillo and Farmer (2004) empirically demonstrate that liquidity, not large volume, determines large price changes, therefore changed liquidity at the phase boundary will result in the jumps that are often observed in stock prices. 

Figure 4: Liquidity increases until the phase boundary and experience discontinuity at phase transition
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As we move horizontally on the phase diagram (Figure 3) from “wait” to “buy” in the area of under -pricing, the liquidity increases, as more noise traders are present. When we cross into the “buy” state characterized by positive demand, the liquidity function changes.  (Please, note movements in the “wait” area could be only horizontal, by definition.) 

Similarly, in the overpriced area, when a rational investor wants to sell at x price, market should move horizontally to find a “noise” buyer. To the right the ratio of noise traders’ increases, increasing the ease of trade (liquidity), but after the phase boundary, the market is characterized by negative demand and a sell order faces lower liquidity, i.e. fewer buyers. 

According to the efficient market hypothesis, these are short-lived anomalies that are arbitraged away. The simultaneous execution of a large number of trades produces efficient outcomes and a dynamic equilibrium between the three states is present. Also according to EMH, all investors are rational and base their decisions on fundamental values. Trading only occurs due to liquidity-need investors, who take the opposite side of the trade. As noted earlier, we define those seeking liquidity as “noise” traders since they are not trading based on information. 

3. The Critical Point
Having shown the Triple Point to be an effective attractor basin, we still need to find a mechanism that will explain the empirical record of extreme events evidenced by stock markets; one that far exceeds Gaussian distributed returns (Baum and McKelvey, 2006). Sornette (2003a) presents a general theory of financial crashes and stock market instabilities and asserts that markets exhibit complex organization and dynamics. Moreover, he suggests that large scale patterns of a catastrophic nature result from global co-operative process over the whole system by repetitive interaction. A power law distribution punctuated with log-periodic oscillations in the index prices seems to be the signature of an impending crash. Among many other examples, Baum & McKelvey (2006) also show evidence of power law distribution in the daily log returns of Dow Jones and NASDAQ and argue that observed power laws stem from non-independent behavior that is ever present in social contexts (including stock markets). In Section 4, we explain the dynamics occurring between the Triple and Critical Points using scale-free theories (Andriani and McKelvey, 2009).
A normal market sustains dynamic equilibrium around the Triple Point where prices reflect all available information about fundamentals. The market incorporates new information into the stock prices efficiently, security mispricing is temporary. Information does not create ambiguity, noise in the market is offset by rational decision making, anomalies are short lived. When the level of noise increases, information ambiguity prevails and market moves to the right in the region of uncertainty, efficient information processing and probabilistic decision making becomes more difficult. According to Knight (1921), “risk” refers to a situation in which the probability of an outcome can be determined, and therefore the outcome insured against. “Uncertainty,” by contrast, refers to an event whose probability cannot be known. Knight's distinction between risk and uncertainty differentiates between the measurability or objectivity of probability.

The region of uncertainty, characterized by ambiguity of information, spans from a critical level of noise (R1) to the right. Rational probabilistic decision making is impeded and the bimodal demand function (Plerou et al., 2003) signals herding behavior. At R1, information complexity impacts risk-taking behavior and so the market moves to a higher risk/fundamentals area. Information cascading, herding, rule based trading etc. create a complex network (self-organization) among traders and leads to a power-law distribution of returns. Therefore we define this area as “fractal.”

4. The Four Regions
Having defined the Triple and Critical Points, we now have four Regions in Figure 3: Certainty, Uncertainty, Risk, and Fractal. We briefly define each of these Regions as follows: 
1. Certainty. Most pronounced at the Origin. Note the points on each axis where the Risk/Fundamentals and Noise/Information ratios equal 1, i.e., TPy1 and TPx1. On the X-axis, accurate information dominates noise. On the Y-axis, risk measured by the volatility of firm’s underlying fundamentals is low relative to that used in the valuation process. Rational traders unanimously agree on the under pricing the closer to the origin the market moves.
2. Uncertainty. To the right of the Triple Point location on the X-axis, traders lose contact with any reliable means of attaching true value to information about a particular stock/company. Complexity and ambiguity of information takes over the market. While uncertainty keeps increasing towards R2, market becomes vulnerable to chaos—i.e., bifurcations due mainly to external anomalies hitting a market. Price continuation anomalies are increasing as uncertainty levels increase.   
3. Risk. Above the location of the Triple Point on the Y-axis, traders move away from simply trading based on knowledge about the current “fundamental” value of a stock/firm to start betting on future value. A rational bubble emerges when market price depends on its own expected rate of change reminiscent of the models of Blanchard (1979) and Blanchard and Watson (1982) Risk increases up to the location of the Critical Point on the y-axis. Above this point we show “Chaotic Risk;” this is the point where risk-taking becomes vulnerable to chaos—bifurcations that can set off significant crashes. 
Note that we show Knight’s (1921) risk, uncertainty, and certainty as juxtaposed at the Triple Point. This is the core explanation underlying EMH—traders leaning toward all three situations trade concurrently with quick adjustments of the market shifting toward one or the other of the three conditions.

4. Fractal. The Region between the Triple and Critical Points is notable for increasingly dramatic volatility incidents. Since there is growing evidence that many of these incidents follow fractal patterns, we label the region Fractal. This region corresponds to the bubble regime (Sornette 2003a ) where non-stationary increasing volatility correlations are reported. Moreover the regime switches between “normal” and “bubble” comprise a dynamical model that recovers all the stylized facts of empirical prices. This is what we focus on next.

How much time does the Dow Jones, for example, spend in the fractal region? Note from Figure 3 that, as risk and uncertainty increase, traders end up in the fractal region. “Tradition” in Finance holds that it spends most of the time at the Critical Point. For empiricists this is represented by GARCH (generalized autoregressive conditional heteroskedasticity) (Bollerslev, 1986). But as one can see in the Figure 5, there are many market variances well above the “GARCH line” (which is in black in the Figure). Mandelbrot (Mandelbrot and Hudson, 2004, p. 13) calculates that

…by the conventional wisdom, August 1998 simply should never have happened…. The standard theories…would estimate the odds of that final, August 31, collapse, at one in 20 million—an event that, if you traded daily for nearly 100,000 years, you would not expect to see even once. The odds of getting three such declines in the same month were even more minute: about one in 500 billion (p. 4)…. [An] index swing of more than 7 percent should come once every 300,000 years; in fact, the twentieth century saw forty-eight such days.
Figure 5: Depiction of Volatility Incidents Above the GARCH Line*

*Reproduced from Ghysels, Santa-Clara, and Valkanov (2005, p. 45).

In fact market behavior around the Triple Point and between Triple and Critical Points exists. For sure, on a daily basis EMH behavior is more abundant. But market behavior in the Fractal region is also present and often with great consequences. It seems obvious that the argument between Fama et al. and Mandelbrot et al. is passé. It is time to pay equal attention to both regions. The number of days the market spends at the Triple Point are considerable. The costs stemming from what happens in the fractal region, however, are less frequent, but not as infrequent as some would want us to believe, and the costs of ignoring this region are very high.

4.  Nonlinearities between Triple and Critical Points
In this Section we begin with a short reprise of complexity science, ending up with econophysics, fractals, power laws and scale-free theory. They we show how scale-free theories underlie chartists’ and herding trading behaviors and nonlinear market coevolution and volatility dynamics. Finally, show how scale-free theories underlie the various dynamics leading up to current liquidity-induced worldwide Recession—easily the worst since the Great Depression following the 1929 market Crash.
1. Scalability and Scale-free theories

To begin, we recognize three basic Phases in the development of complexity science. 
Phase 1 emphasizes critical values and dissipative structures. Is based on the works of Prigogine (1955, 1984, 1997), Haken (1977, 2004), and Mainzer (1994/2007), among many others. It begins with the Bénard (1901) process—an energy differential is set up between warmer and cooler surfaces of a container (measured as temperature, (T). In between the 1st and 2nd critical values (Rc1, Rc2), a region is created where the system undergoes a dramatic shift in the nature of fluid flow. For example, increasing the heat under water molecules in a vessel exposed to colder air above leads to geometric patterns of hotter and colder water—the chef’s “rolling boil” emerges; new order appears. The critical values define the “melting” zone (Kauffman, 1993; Stauffer, 1987), within which new structures spontaneously emerge; Prigogine (1955) termed these “dissipative structures” because they are pockets of order—governed by the 1st Law of Thermodynamics—that speed up the dissipation of the imposed energy toward randomness and entropy according to the 2nd Law (Swenson 1989). 

Phase 2 emphasizes agent self-organization absent outside influence. It consists largely of scholars associated with the Santa Fe Institute (Pines, 1988; Anderson et al., 1988; Cowan et al., 1994; Arthur et al., 1997). While Phase 1 focuses mostly on dramatic phase transitions at Rc1,—the edge of order, Phase 2 complexity scientists focus mostly on Rc2—the “edge of chaos” (Lewin, 1992; Kauffman, 1993). Focusing mostly on living systems (Gell-Mann, 2002), Phase 2 emphasizes the spontaneous co-evolution of entities (i.e., the agents) in a complex adaptive system. Agents restructure themselves continuously, leading to new forms of emergent order consisting of patterns of evolved agent attributes and hierarchical structures displaying both upward and downward causal influences. Bak (1996) extends this treatment in his discovery of “self-organized criticality,” a process in which small initial events can lead to complexity cascades of avalanche proportions best described as an inverse power law (see also Brunk, 2002; Frigg, 2003). The signature elements within the melting zone are self-organization, emergence and nonlinearity. Kauffman’s “spontaneous order creation” begins when three elements are present: (1) heterogeneous agents; (2) connections among them; and (3) motives to connect —such as mating, improved fitness, performance, learning, etc. Remove any one element and nothing happens. According to Holland (2002) we recognize emergent phenomena as multiple level hierarchies, bottom-up and top-down causal effects, and nonlinearities. Nonlinearity often stems from scalability reflected as power laws.
Phase 3, Econophysics, is the most recent development. Its focus is on how order creation actually unfolds once the forces of emergent order creation by self-organizing agents—such as biomolecules, organisms, people, or social systems—are set in motion. Key parts of this third phase are fractal structures, power laws, and scale-free theory. In his opening remarks at the founding of the Santa Fe Institute, Gell-Mann (1988) emphasized the search for scale-free theories—simple ideas that explain complex, multi-level phenomena. Brock (2000) goes so far as to say that “scalability” is the core of the Santa Fe vision—no matter what the scale of measurement, the phenomena appear the same and result from the same causal dynamics. Gell-Mann (2002) concludes his chapter, “What is Complexity?” with a focus on scalability. 
Fractals and power laws. Consider the cauliflower. Cut off a “floret;” cut a smaller floret from the first floret; then an even smaller one; and then even another, and so on. Despite increasingly small size, each lower-level component performs the same function and has roughly the same design as the floret above and below it in size. This feature defines it as fractal. Fractals can result from mathematical formulas—the very colorful ones figuring in Mandelbrot’s “Fractal Geometry” (1982). We are more interested in fractal structures that stem from adaptive processes—like the cauliflower—in biological and social contexts. In fractal structures the same adaptation dynamics appear at multiple levels. McKelvey, Lichtenstein, and Andriani (2009) cite 19 studies showing adaptation-based predator/prey fractal dynamics. 

Fractal structures are often best indicated by power laws. The econophysicist Barabási (2002) connects scalability, fractal structure, and power law findings to social networks. He shows how networks in the physical, biological and social worlds, are fractally structured such that there is a “rank/frequency” effect—an underlying Pareto distribution showing many sparsely connected nodes at one end and one very well connected node at the other. For example, if plotted on a double-log graph, the Pareto-distributed progression of increasing numbers of connections from, say, small airports to giant ones like Heathrow and Atlanta, appears as a negatively-sloping straight line.

A well-formed Pareto rank/frequency distribution plotted in terms of double-log scales appears as a power-law distribution—an inverse sloping straight line. Power laws often take the form of rank/size expressions such as F ~ N –(, where F is frequency, N is rank (the variable) and (, the exponent, is constant. In a typical “exponential” functions, e.g., p(y) ~ e(ax), the exponent is the variable and e is constant. The now famous power law “signature” dates back to Auerbach (1913) and Zipf (1949). Andriani and McKelvey (2009) list 86 kinds of power laws—which are good indicators of fractal geometry—in social, and organizational phenomena. Stanley et al. (1996) find that manufacturing firms in the U.S. show a fractal structure, as does Axtell (2001). See also Newman (2005), Newman et al. (2006), and Clauset et al. (2007).
Since power laws mostly appear to be the result of self-organization, they often if not always, signify active self-organization processes at work maintaining some kind of self-organized criticality. Thus, Ishikawa (2006) shows power laws in adaptive and changing industries (as opposed to static ones). Podobnik et al. (2006) show power laws in the stock markets of transition economies. The Dow Jones market capitalization of the 30 largest U.S. publicly traded firms shows a power law—again, evidence of fractals when traders are free to buy and sell as they wish (Glaser, 2009).
 Iansiti and Levien (2004) show that the software industry is the most resilient across the 2002 dot.com bust. As compared to the machinery and chemical industries, Zanini (2008) shows the software industry to be much more Pareto distributed. Glaser shows that the software power law correlates with a straight line at 0.998.

Scale-free theories explain why fractals appear as they do and behave as they do. Though scalability may have been at the core of the Santa Fe vision, scale-free theories have only recently begun to be consolidated and featured collectively by the econophysicists (West & Deering, 1995; Mantegna & Stanley, 2000; Newman, 2005). The key feature that sets scale-free theories apart from most social science theories is that they use a single cause to explain fractal dynamics at multiple levels. The earliest dates back to 1638—Galileo’s Square-Cube Law; the cauliflower keeps subdividing to keep its surface area at a constant ratio to its growing volume. Explanations for why some structures have adaptive success while others do not, range from biology to social science. If the same theory or principle applies to microbes and to organizations, it is assuredly scale-free. Andriani and McKelvey (2009) describe 15 scale-free theories applying to firms.

At the end of each of the following sections, we add in descriptions quoted from the Andriani and McKelvey (2009) article applying scale-free theories to management and organizational research. We also comment on how they explain various kinds of trading behaviors. 

2. The Chartists

Two studies, in particular, support the potential for the existence of co-operative behavior and increased number of noise traders to move the system to complex dynamics. Sethi's (1996) model shows local instability is possible if the adjustment of prices is rapid, chartist demand is highly sensitive to changes in expectations and the share of wealth in chartist hands is sufficiently large. In contrast, a unique equilibrium is formed when prices are equal to fundamental values and stability of price dynamics ensues when the chartist share of market wealth is sufficiently small. In another study, Corcos et al (2002), placed chartists into a simple model of repetitive interaction that led to hyperbolic bubbles, crashes and chaos. In this model a typical bubble starts at an exponential growth rate, crosses to non-linear power law leading to finite time singularity. 

The market may thus move away from the attractor basin and tend toward extreme events when noise trading exceeds information trading. “Noise” traders (including chartists) trade from misperceived information or for idiosyncratic reasons (e.g. liquidity). Black (1986) considers noise essential to the liquidity of financial markets. It is not reasonable to assume that differences in beliefs about prices are only the result of different information; noise is even produced by small events and the agents themselves. Noise trading is trading on noise as if it were information. Heiner (1983) argues that the difficulty involved in making an optimizing decision under conditions of complex dynamics leads to rule-governed behavior (e.g. technical analysis). 

The above evidence explains how, under certain circumstances, noise trading in the market increases, breaks the symmetry in demand /supply and destabilizes prices. Below the first critical value (R1 in Figure 3), the demand is roughly zero, neither buying nor selling predominates, which agrees with the dynamic stability in the basin of attraction. Above this critical noise level, two most probable values emerge that are symmetrical around zero demand as Plerou et al. (2003) describe the bi-modal distribution of demand above some critical level of noise. Sethi (1996) shows that a large fraction of chartists tends to destabilize prices and can cause attracting periodic orbits to arise. The bimodal distribution of demand reported by Plerou et al. (2003) may suggest oscillation of the market between negative and positive demand phases. The phase transition at this point is related to abrupt changes in the trading volume. The reversal frequency of the market sentiment is related to the increasing hazard rate of crash producing log periodicity in the price oscillations. In the bubble build up, rational traders evaluate the increased hazard rate and adapt their speculative strategy. Sornette (2003a) describes the build-up of cooperative speculation, which often translates into an accelerating rise of the market.

The following scale-free theories seem to fit the Chartists best. 

	Table 1: Scale Free Theories Explaining Nonlinear Trader Behaviors*

	Phase transition
	Turbulent flows: Exogenous energy impositions cause autocatalytic, interaction effects and percolation transitions at a specific energy level—the 1st critical value—such that new interaction groupings form with a Pareto distribution (Prigogine, 1955; Nicolis & Prigogine, 1989).

	Contagion bursts
	Epidemics; idea contagion: Often, viruses are spread exponentially—each person coughs upon two others and the network expands geometrically. But, changing rates of contagious flow of viruses, stories, and metaphors, because of changing settings such as almost empty or very crowded rooms and airplanes, result in bursts of contagion or spreading via increased interactions; these avalanches result in the power-law signature (Watts, 2003; Baskin, 2005) due to the small-world structures of the underlying networks.

	* Material in this and the following Tables quoted from Table 2 in Andriani and McKelvey (2009).


Phase transition: Since our text uses the “critical value” phrase (see this and other underlined phrases), it is logical to suggest that scalability based on autocorrelation effects is present—in this case autocorrelation refers to all the rules that chartists follow that exacerbate trading and volatility (like when one rule seems to apply, they all follow it at the same time, resulting in a volatility incident). 

Contagion bursts: The combination of “rule-governed behavior” and “cooperative speculation” fits the contagion burst theory—traders develop rules that spread more quickly because traders often communicate within groups (within firms), thus speeding up the rule-contagion process. Traders switching firms greatly speed up the contagion process as well.

3. Herding

When traders act sequentially rather than concurrently, herd-like behavior can impede the flow of information and a slight prevalence of public information (e.g. observing others' actions) is then sufficient to induce agents to ignore their private information and follow in the direction of the crowd. In this case, movement along the x-axis in Figure 3 shows increased “noise” trading. 

According to Avery and Zemsky (1988), under informationally-efficient prices, herd behavior occurs when signals are non-monotonic and risk is multidimensional. In addition, Brunnermeier (2001), Bikhchandani and Sharma (2000) and Chamley (2004) conclude that herding does not involve violent price movements except in the most unlikely environments. Park and Sabourian (2006) though, argue that extreme price movements with herding are possible in variety of situations; herding often exacerbates price volatility. If there is sufficient amount of noise, people may be subject to herding, believing that extreme outcomes are more likely than moderate ones. Traders become more volatile in their decisions, switching from sell to buy to sell, etc. We adopt this explanation for the bubble build up, where herding traders move back and forth through the buy/sell boundary (see Figure 3), as they believe more in extreme than in moderate values. Moreover, both types of herding (buy and sell) are possible in the same model if there are more than one middle-type signals. This dynamical model also applies to conditions when a trader changes his/her action to engage in contrarian behavior. While a large amount of noise is still required, i.e., the proportion of information traders is not too large, now the signal with "hill-shaped" conditional distribution is necessary.

With respect to herd behavior in efficient markets, Park and Sabourian (2006) and Bikhchandani and Sharma (2000) suggest that profit/utility maximizing investors may reverse their planned decisions based on the belief that other investors are acting on “good” information. While they are herding, they increase the number of noise traders when the risk/fundamentals ratio stays the same.  DeLong et al. (1990) assert that rational speculators’ early buying triggers positive-feedback trading, which also increases the number of speculators. According to Avery and Zemsky (1998), herding in two dimensions of uncertainty may not distort prices. When the quality of traders’ information uncertainty is added significant mispricing can occur. Therefore a “vertical move” with an increase in risk/fundamental ratio is presumed. At the critical level of risk/fundamentals (i.e. overpricing) and the critical level of noise/information trading, the Critical Point is reached and the bubble bursts, resulting in a second order phase transition.

One obvious scalability fit is “preferential attraction.” Another is “coral growth.” 
	Table 2: Scale Free Theories Explaining Nonlinear Trader Behaviors

	Preferential attachment
	Nodes; gravitational attraction: Given newly arriving agents into a system, larger nodes with an enhanced propensity to attract agents will become disproportionately even larger, resulting in the power law signature (Barabási, 2002; Newman, 2005).

	Irregularity generated gradients
	Coral growth; blockages: Starting with a random, insignificant irregularity, coupled with positive feedback, the initial irregularity starts an autocatalytic process driven by emergent energy gradients, which results in the emergence of a niche. This explains the growth of coral reefs, innovation systems (Turner, 2000, Odling-Smee et al., 2003). 


Preferential attachment: Preferential attachment is a power-law description of social ties or contacts. Perhaps a couple of traders begin with a small irregularity and then their group grows—the more followers they have, the more new ones they get. In the herding process a social network develops in which some traders have many contacts while other are isolates simply following the herd. This scale-free theory seems a good fit to herding. 

Irregularity gradients: In addition, herding behavior is similar to coral growth; it begins with traders following insignificant cues and then positive feedback effects set in with the result that volatility increases.  
4. Coevolution

Cooper notes that Mandelbrot’s thinking about financial crashes can easily be translated into Minsky’s “self-reinforcing positive feedback processes…” (2008, p. 150). Many commentators now point to Minsky’s famous phrase: “stability creates instability.” The so-called “Minsky Moments”
 are the inflection points where positive-feedback forcing markets up reverses to force them down. Wolfson (2002) boils Minsky’s perspective down to four key positive-feedback cycles (positive feedback = PF): 

· Financial Fragility. PF up: Optimism increases; attitudes toward debt and risk change; liability structures change; the financial system becomes increasingly fragile; as debt increases, fragility increases. Minsky Moment. PF down: As short term debt increases liquidity declines; speculative and Ponzi firms increase; firms have to increase their short-term debt as liquidity decreases and interest rates rise so as to pay off long-term debt.

·  Movement to the Brink. PF up: As the speculative bubble increases, the Fed increases interest rates to slow it down. Speculative hedge funds, banks and Ponzi firms have to keep increasing debt as interest rates increase. Minsky Moment. PF down: The Fed, in raising its discount rate from a low of 1% in 2003, sets off the financial crisis by overly increasing the debt load of all those speculating—higher interest(more debt expense(means more borrowing(means higher interest-etc. 

· Surprise event. PF up: As a financial system becomes more speculative it become more vulnerable to “not unusual” (surprise) events, like the failure of a large or bank, or bond default by a foreign country. The more financial fragility the more likely surprise failures. Minsky Moment. PF down: The more failures the more financial fragility(the more fragility to more failures(etc.

· Debt-deflation. PF up: Financial fragility increases unwillingness to finance investment; less investment reduces profits; reduced profits reduces willingness to invest. Decline in profits leads to debt-deflation which reduces prices, which in turn increases the real value of outstanding debt commitments. Minsky Moment. PF down: The Fed steps in (as has the Obama government) to stimulate the economy. This in turn risks setting of an inflationary spiral which, then, re-sets the stage for another round of inflationary expansion—Fed reduces interest rates(borrowing increases(house prices increase(mortgages go down toward subprime levels(housing speculation starts(house-based bubble starts(etc.

It is clear that financial systems operate in an arena showing high tension levels—they are well above the edge of order and are near or even over the edge of chaos. We suggest that breaking through the 1st critical value in noise level—i.e., moving to the right of R1 in Figure 3—puts the system in the Region of Emergence; the system enters into self-organizing dynamics within which are embedded coevolutionary dynamics. As Minsky’s view holds, there are a variety of self-reinforcing positive feedback processes sending markets toward the Critical Point in Figure 3 and then perhaps into a Crash. For example, there should be an initiating event such as new trading rules, hedging techniques, or the development of new derivative products. Individual traders and institutions engage in these initiating events and in the process of learning and adaptation, the noise level increases. 

Maruyama (1963) observes that initiating events may be random and insignificant. Arthur (1990) focuses on positive feedbacks stemming from initially small instigation events. Casti (1994) and Brock (2000), by continuing the focus on power laws, presents a vision of co-evolution as a “driver” of complex system adaptation. McKelvey (2002) outlines the necessary and sufficient conditions for coevolution to occur. Besides the initiating events, the following four conditions must also exist:
 
1. Heterogeneous agents. (traders with diverse backgrounds, interests, and perspectives).
2. Adaptive learning abilities. (traders with motives to learn new investment rules, strategies, etc.)

3. Agents are able to interact & influence each other (often via new means such as computers, cell phones, etc.)

4. Higher level constraints, adaptation to which motivates the coevolutionary process (i.e., Minsky’s positive feedback processes as well as the “surprises.”)

De Long et al. (1990), argue that if rational speculators purchase ahead of noise demand, this may trigger positive-feedback trading. An increase in the number of forward-looking speculators can increase volatility about fundamentals. Fundamentalists base their decision on the deviation of the asset prices from fundamentals and chartists on the trends they discern from past observations of the data. Their interaction is described by the disequilibrium models of Beja and Goldman (1980) and Chiarella (1992). The first model is linear and instability is global. The second one is a nonlinear version and prices oscillate around but never converge to fundamentals. The model agrees with the assertion of DeLong et al. (1990) that unboundedly rational traders take full account of the presence of noise traders, and destabilize prices to exploit the adaptive behavior of the latter.

The four conditions listed above fit our earlier introduction of self-organization-based complexity theory (see Kauffman, 1993; Holland, 1995, etc.). Several scalability theories fit coevolution. 
	Table 3: Scale Free Theories Explaining Nonlinear Trader Behaviors

	Spontaneous order creation
	Heterogeneous agents seeking out other agents to copy/learn from so as to improve fitness generate networks; there is some probability of positive feedback such that some networks become groups, some groups form larger groups & hierarchies (Kauffman, 1993; Holland, 1995).

	Irregularity generated gradients
	Coral growth; blockages: Starting with a random, insignificant irregularity, coupled with positive feedback, the initial irregularity starts an autocatalytic process driven by emergent energy gradients, which results in the emergence of a niche. 

	Least effort
	Language; transition: Word frequency is a function of ease of usage by both speaker/writer and listener/reader; this gives rise to Zipf’s (power) Law; now found to apply to language, firms, and economies in transition (Zipf, 1949; Ishikawa, 2005; Podobnik et al., 2006)).


Spontaneous order creation. Positive feedback-based coevolution is a key element of new order creation. It is at the heart of Minsky’s analyses of financial turbulence. 

Irregularity generated ingredients. Many kinds of tiny initiating events from all walks of life in financial services can start financial bubbles and then quickly deflate them once the Minsky Moment has passed. One can never predict just what will start it off or what will deflate it.

Least effort. Least effort is about efficiency: “You increase your network connecting time with people you learn clever investment rules from. They spend time with you because they get value in return.” The various studies listed in support of least effort theory suggest that freedom to self-organize without constraint will produce power-law distributed rank/frequency formations—in the foregoing, traders coevolve toward the most efficient set of trading rules, hedging techniques, derivative products, and so on. 
5. Volatility

In the EM paradigm volatility compares to molecular Brownian motion (dead things with no memory), while long range dependence (power laws in autocorrelation functions) has been detected in financial time series. Research on the scaling behavior of volatility explains price changes at different horizons—hourly, daily, weekly monthly and reveals vertical dependence that is explained by the existence of traders with different time horizons. Coarse-grained volatility at low frequency captures the views and actions of long-term traders while fine-grained volatility at high frequency captures the views and actions of short-term traders. Müller et al. (1997) and Dacorogna et al. (2001) show that there is an asymmetry in that coarse-grained volatility predicts fine-grained volatility better than the other way around.
Gençay and Selçuk (2004) show that in heterogeneous markets, low-frequency shocks penetrate though all layers to the short-term traders, while high frequency shocks appear to be short lived. This explains the patterns of volatility observed in endogenous shocks as a result of self-organization (i.e., underlying chaotic dynamics—i.e., the period doubling, bifurcation state). The Sornette and  Helmstetter (2003) article pointing to the cumulative effect of small shocks fits here as well.

The following scale-free theories explain volatility best.
	Table 4: Scale Free Theories Explaining Nonlinear Trader Behaviors

	
	

	Self-organized criticality
	Sandpiles; forests; heartbeats: Under constant tension of some kind (gravity, ecological balance, delivery of oxygen), some systems reach a critical state where they maintain adaptive stasis by preservative behaviors—such as sand avalanches, forest fires, changing heartbeat rate, species adaptation—which vary in size of effect according to a power law (Bak, 1996). 

	Interacting fractals
	Food web; firm & industry size: The fractal structure of a species is based on the food web (S. Pimm quoted in Lewin 1992, p. 121), which is a function of the fractal structure of predators and niche resources (Preston, 1948; Pimm, 1982; Solé et al., 2001; West, 2006).


Self-organized criticality. Volatility is simply prices changes that range from many small movements to a few large movements, with a crash being the largest. This process is exactly what Bak (1996) emphasizes in his “self-organized criticality” theory—the many small to few large change movements that keep the slope of a sand pile at a certain angle, are seen in all sorts of processes whereby a particular functionally adaptive position is maintained—sand piles, species, markets, and so on. Podobnik et al. (2006) find that in well-working “transition” economies in Eastern Europe, for example, show a power law distribution of stock price movements.

Interacting fractals. Since we know that U.S. manufacturing firms, for example, are power-law distributed, and that many industries are as well (Glaser, 2009; Andriani and McKelvey, 2009) the valuation basis of trading behavior occurs in the context of interacting fractal structures, such that the “predator-prey” relationships [McKelvey et al., (forthcoming) list 19 predator-prey studies in biology] (otherwise called M&A and other competitive activities in the business world) underlie the multifractal volatility incidents we see in market behavior.

6. Rule Collapse; LeBaron’s Model

LeBaron (2001a,b) shows that as investment rules coevolve toward a single super-rule, the market collapses. This is a second order phase transition characterized in the model by vanishing liquidity and a flight to quality. Second-order phase transitions show a discontinuity in the second derivative of free energy. As we described earlier, in systems containing liquid and gaseous phases, there exists a special combination of pressure and temperature, known as the Critical Point, at which the transition between liquid and gas becomes a second-order transition. Near the Critical Point, the fluid is sufficiently hot and compressed that the distinction between the liquid and gaseous phases is almost non-existent. In our model, at the Critical Point, all traders have the same opinion—“sell”—as suggested by Johansen and Sornette (1997). The collapse of the market under these conditions is consistent with its characterization as a dissipative structure that releases energy to achieve the “more ordered” state of uniform opinion. 

Volatility Power Laws: Increasing and Decreasing around Minsky Moments. The power law in an autocorrelation function refers to the long-range occurrence of different sized volatility incidents. Because of long-range memory about these volatility dynamics, the cumulative effect of the many small bad-news events (the “tiny initiating events”) may spiral up to create large shocks (Sornette et al., 2003). This cumulative effect appears as a result of self-organizing traders and positive feedback: i.e., increasing imitative behavior, herding behavior, and/or information cascades in the area between R1 & R2. This is a different kind of trader behavior from that in the area to the left of R1. EMH dominates before noise disappears as the system approaches the Origin.

We suggest an explanation of the differences in relaxation. If we let the system reach R2 and “self-crash” the system enters the chaos state and the preceding small shocks continue to influence the dynamics of the volatility. Relaxation to the unconditional average-volatility state is anomalously slow, as compared to external shocks (1) that can be economic [Russians default on their bonds] or (2) shocks created by a piece of really bad news [airplanes fly into the World Trade Center (short term but not long term economic impact)]. In this fractal regime one can attempt to stop the spiral up toward R2 by inducing a shock before the system reaches R2—this gets the system back to TPx1 more quickly and with less negative economic consequences.

If a system enters the chaotic regime at R2, its unstable behavior is transient (though in the Great Depression and in the current liquidity induced meltdown the crash lasts several years) and eventually returns to stable economic and EMH conditions. However, as current arguments in the financial-economic discourse indicate, there is little consensus about what to do to more quickly dissipate the behavior of chaotic systems, so we can’t (here) give solid details about effective intervention strategies—though we realize the Obama Administration is surely trying. In the following Section we re-create the storyline of how the 2007 liquidity crisis unfolded along with mentioning various scale-free theories more knowledge of which could have prevented the crisis in the first place.

Rule collapse after a Minsky Moment. To begin, a dominant rule develops (starting at R1 on the X-axis of Figure 3) because of, say, new computer technology and/or growing belief in the profitability of a new financial engineering derivative formula—such as those that were based on subprime mortgages—which causes traders to slowly lose their heterogeneity (trader homogeneity pertaining to the relevant buy-sell rule grows), and concurrently, for a speculative bubble to grow—the market heads toward R2. Given this, there are two possible ways rule-based increase in homogeneous buy-sell rules can collapse: 

(1) Traders slowly abandon a rule (and return to the Triple Point) because:

a. As more traders learn from each other and coevolve toward following the same rule, decreasing returns eventually result; then

b. Traders lose faith in the new formula and their buy-sell rules become more heterogeneous; then

c. Rational speculators become less willing to put their faith in the formula; and finally

d. Traders see investments based on the formula as increasing in risk because the formula no longer guarantees solid returns. 

e. Consequently noise and risk re-emerge in trader behaviors, with the result that the trading system falls back toward the Triple Point.

f. The portfolio futures-based hedging strategy that created the trading bubble leading up to the 1987 crash was based on a formula devised by two University of California professors, Hayne Leland and Mark Rubinstein (Kupfer, 1988) and put into practice with the help of John O’Brien in 1980. At its height, their firm was managing $50billion. This is an example of the second largest market crash after the one in 1929. And, it was not cause by any outside event.

In the above sequence, it is explicitly the loss of heterogeneity that leads to the collapse of a trading rule. Sornette and Andersen (2002) capture the non-linear positive feedback between agents and progressive strengthening of imitation in a model that transforms Gaussian white noise into accelerated speculative bubbles preceding crashes. 

(2) An external anomaly occurs:

a. Starting in 1983, traders picked up on the “collateralized mortgage obligation” formula invented by Larry Fink (Morris, 2008). This trading “rule” was exacerbated by the invention of the Sun computer workstations. The growth of trading—and loss of trader heterogeneity based on this formula—resulted in very complicated investments. The market crash in 1994 came when the Fed increased the discount rate by ½%. 

b. Two currency crashes caused stock market turmoil more recently. Both were the result of countries borrowing short-term funds to invest in long-term projects. In 1997, in East Asia, a run on banks caused a currency crash, which led to market volatility. In October 1998 the Russians defaulted on their bonds, resulting in the crises at LTCM and the Federal Reserve forcing other investment banks to each take over parts of the LTCM investments so as to avoid a profound market crash in the U.S (Lowenstein, 2000). In both of these examples, bad news from outside the market caused the turmoil. But we should note that the failure of LTCM was due to traders all eventually basing their buy-sell rules on the Black-Scholes formula.

c. The not-so-big crash starting in 2000 was due to the dot.com bust—the collapse of all the dot.com firms whose strategy was based on a newly created Web-based firm would generate profits simply via Internet access by customers. 

d. And the, of course, the 2007 liquidity crisis resulted from the collapse of the 2002–2005 real estate housing bubble. In this instance, the widespread use of the “5-year teaser loans” based on subprime mortgages, the growth to some $50 trillion worldwide of derivative-based and highly leveraged securitized loan packages, followed by the widespread expiration of the teaser loans precipitated the crash starting in 2007.

Sornette and Helmstetter (2003) differentiate between recovery patterns after “endogenous” or “exogenous” shocks to a system, which have implications for intervention policy. In the foregoing examples, we see market systems self-organizing so as to reach all the way to R2 (Critical Point), with the following large shock creating a very slow relaxation back to the Triple Point. On the other hand, in the face of a potential externally caused market crash, we often see government interventions—even proactive “shock” interventions—that considerably weaken the self-organization process (i.e., dampening mechanisms); these are usually seen as better than doing nothing, but often have the result that the market system reaches R2 anyway, thereby entering chaotic region. For example, the Obama Administration is currently introducing $trillion shock interventions but the Republican opponents argue that his approach will send the system off to the Critical Point again. This view is also the focus of a 1-page New York Times advertisement on January 28, 2009 signed by professors from all over the U.S. In brief, they hold that “we the undersigned do not believe that more government spending is a way to improve economic performance.”
	Table 5: Scale Free Theories Explaining Nonlinear Trader Behaviors

	Irregularity generated gradients
	Coral growth; blockages: Starting with a random, insignificant irregularity, coupled with positive feedback, the initial irregularity starts an autocatalytic process driven by emergent energy gradients, which results in the emergence of a niche. 

	Contagion bursts
	Epidemics; idea contagion: Changing rates of contagious flow of viruses, stories, and metaphors, because of changing settings such as almost empty or very crowded rooms and airplanes, result in bursts of contagion or spreading via increased interactions; these avalanches result in the power-law signature 


Irregularity generated gradients: Tiny initial successes with a new formula or trading approach eventually creates enough of a presence in the trading community that other traders hear about it and begin to try it out. Like coral growth, then, the small presence grows into a large community of like-minded traders.
Contagion bursts: Given the emergence of cheap computing power, and then email and finally mobile phones, it became increasingly quick and easy for an experimental new formula to spread around the financial very quickly, not least because many traders belong to firms which act as confined spaces speeding up the contagion process.
7. Example: Worldwide Liquidity Collapse

It is rather strange that even though Mandelbrot’s attention to scaling and fractals in financial markets dates back to his 1963 article, none of the scale-free theories we briefly define in the foregoing Tables come from studies of financial meltdowns. In the following sequence of developments leading up to the August 2007 liquidity crisis and its aftermath, we try to identify relevant “tiny initiating events” (TIEs), follow-on growth spirals leading up to the Minsky Moment,  and then the scale-free theories that appear to apply at that time, given the financial elements present:

1973: Derivatives invented as safe investment formulas applied to foreign currencies; allowed high leverages;

· TIEs: Investment houses start using derivatives as safe investments; 

· Spirals: Money involved and leverage used grows(spreads around the globe. 1994, 1987, LTCM, crashes show that fail-safe beliefs, approaches, & formulas eventually aren’t;

· SF Theory: Contagion bursts—banks substitute for crowded rooms, buses, and planes, thereby spreading contagion more quickly. Phase transition—1st critical value threshold lowered; use of derivatives lowers the 1st critical value threshold such that high-risk & high-leverage investment practices emerge with less initial risk.
1979: The IBM PC begins the development of computational finance and complex financial- engineering arbitrage instruments;

· TIEs: Computers and programming foster the invention of all sorts of investment formulas; the complexity of formulas and interacting formulas buried in code grows; makes risk-implications more obscure; makes detection more difficult;

· Spirals: Computer memory and speed increases(programs and investment methods become even more complex(supply increases demand(demand increases supply(their use grows worldwide;

· SF Theory: Irregularity generated gradients—individually insignificant innovations plus positive feedback fuel rapid, unwatched, and unchecked growth. Phase transition—1st critical value threshold lowered (computers become cheaper; “quants” move into Finance); emergent degrees of freedom in re-combinations of high-risk tranches are obscured by the complexity of the securitization packages.
1986: Mortgage-backed securities are invented; tranches are created to mix strong and weak mortgages into loan securitization packages so as to reduce risk; unfathomably complex computer-based loan securitization instruments materialize;
· TIEs: Value of houses treated like value of cash in a checking account; investment banks begin to base investment strategies on mortgage-based assets;

· Spirals: Tranch-based, financial-engineering designed securitization packages take many forms and grow into $trillions in value(leverage increases to 50/1(goes worldwide(leverage reaches as high as 100/1;

· SF-Theory: Combination theory—increased complexity of securitization packaging results in combinations of high-default-risk tranches that compound into securitization packages more likely to show skew distributions; & Pareto extremes. Phase transition—securitization packages lowered the risk threshold for taking advantage of mortgage-backed securities; what emerged was a complex obscuritization of mortgage-backed risk vulnerabilities.
1999: Glass-Steagall Act is repealed in 1999;

· TIEs: “Deposit-style” banks begin taking investment-bank kinds of risks; Citigroup buys Smith Barney; this begins the de-separatization of depositor banks from investment banks; all banks could take higher risks.

· Spirals: Spreads to many, many banks(spreads to government-based banks (Freddie Mac, Fanny Mae) and insurance companies such as AIG (others buy small banks so they can then begin to pursue risky investments like bigger banks & investment banks)(spreads worldwide;

· SF Theory: Irregularity generated gradients—contagion is bank by bank as opposed to random individuals; speeds up gross risk-taking by banks. Spontaneous order creation—banks, as agents, communicate, learn, influence each other with positive feedback effects.
2000: $609 billion of foreign reserves in U.S. Treasury securities. By the end of 2004, amount grows to $1.2 trillion;
 amounts to $3trillion by 2008;

· TIEs: Bond interest rates sink; cheap borrowing; imports cost less than U.S.-produced products;

· Spirals: Fed. discount rate sinks to 1% in 2003(real estate speculation grows(risk of mortgage-based securities grows(debt skyrockets to eventually amount to ~335% of U.S. GDP;

· SF Theory: Spontaneous order creation—people learn to use cheap money to refinance their houses; often several times; mortgages increase in value; debt-based spending increases; fragility of the economy increases;
2000: Housing bubble starts in U.S., UK, Spain, and Australia; Bush Admin. Policy to foster more home ownership, especially among minorities;

· TIEs: Prices rise instantly when house first goes on market; bidding takes place; house sold within an hour (typical of LA); millions of people try to buy their first house;

· Spirals: Bush policy: “Get Americans (especially minorities) into their own homes;” mortgages given without credit or income checks; more people buy houses; demand pushes up prices; high prices mean fewer defaults on loans since house can be unloaded at higher price; less risk(more home buying(higher prices(less risk of default(more speculation by real estate brokers(more buying( etc.

· SF Theory: Phase transition—1st critical value threshold lowered; fosters emergent low-interested based mortgage policies. Contagion bursts—banks stop asking for credit & income statements; borrowers learn about cheap mortgages; towns and builders learn to build housing developments to take advantage; real estate agents start speculative buying, reselling.
2002: 5- & 2-year sub-prime “teaser” loans used to buy houses at low interest emerge; 1% “interest-only mortgages appear;

· TIEs: Fed discount at 2% and then 1%; sub-prime mortgages increase; real estate speculation increases;

· Spirals: Teaser fixed-rate mortgages increase(interest rates almost certain to be higher 5 years later when the teaser loans turn to variables(property taxes increase with value of home(vast increase of mortgage-based investment funds available but risk increases greatly as well;

· SF Theory: Contagion bursts—agents connected to banks speeds up the spread of the teaser loan idea. Preferential attachment—Some banks (e.g., Countrywide, IndyMac, WaMu, Freddy Mac, Fanny Mae, etc.), became especially well known for offering teaser loans with few questions asked; they then had links to other banks (which were often later acquired).
2003: Annual volume of annual securitization issuance reaches $4trillion as banks leverage deposits up to a 30/1 to 50/1 and even 100/1 margins on mortgage-backed loans; goes worldwide by 2005;

· TIEs: Each new subprime mortgage is a TIE(new kind of securitization package as a TIE(securitized packages increase and leverage increases(downside risk is increasingly likely(economic fragility increases;

· SF Theory: Contagion bursts & Spontaneous order creation—see above. Combination theory—increased complexity of securitization packaging with increasing leverage results in combinations of skew distributions that compound into Pareto extremes and the ultimate panic and collapse of bank liquidity.
2005: 5-year teaser loans begin to expire; mortgage defaults increase; housing bubble expires toward end of year; the Minsky Moment appears;

· TIEs: This is the beginning of post-teaser defaults; more teasers expire in next 2 years; outcome is obvious;

· Spirals: Minsky’s phrase “stability causes instability” begins to apply: Housing price bubble(inflation; inflation worries increase(Fed. increases the discount rate(mortgages interest rates increase(spread between teaser rate and post-teaser variable interest rate increases; the foregoing + increasing property taxes(increasing mortgage default rate(undermining the value of mortgage-based securities(economic fragility;

· SF Theory: Same as #8 above, except in reverse, i.e., after the Minsky Moment(s).
2006: Bubble in housing prices ends; house prices begin their decline in the U.S. in January; mortgage defaults skyrocket; the Minsky Moment has passed;

· TIEs: Increasing defaults; more banks at risk; incredibly complicated packages; very high leverage; worldwide;

· Spirals: Subprime teaser loans begin to expire(defaults and foreclosures begin to rise(housing market and construction collapse(mortgage-backed securities become toxic(liquidity begins to collapse;
· SF Theory: Contagion theory—but now fueling rapid decline rather than rapid growth. Preferential attachment—in reverse; i.e., the networks and attachments in #8 above now spread panic and decline.
2007, Summer: Subprime crisis hits; home-mortgage defaults and foreclosures skyrocket in the U.S.; Bear Stearns’ collapse begins in July; broader bank failure in U.S. in August; Northern Rock fails in September.
2007, December 1st: Recession begins in December (stipulated after-the-fact by the NBER.

2008, September: Crisis-panic hits; Paulson asks for $700B bailout; U.S. liquidity crisis spreads world-wide.

5.  Conclusion

When solid information about fundamental firm values exists, rational investors find undervalued stocks to buy; for the most part they then exercise a buy-and-hold strategy. This trading approach appears in the region near the Origin in our Figure 3. There is very little trading in this zone because values are known; there is a lack of supply at these prices and not much trading because traders will sell only in case of liquidity-needs. 

As noise creeps into firm valuations, however, and traders become more willing to take risks, trading moves into the region we characterize by the Triple Point in Figure 3. Here, trading conforms to the efficient market hypothesis (EMH). Prices quickly adjust to fair value; the coexistence of some certainty over prices, along with noise and risk—the three phases in trading—keeps a normally functioning market in the EMH basin of attraction. We see this as the juxtaposition and rapid oscillation among Knight’s (1921) elements of risk, uncertainty, and certainty. At this point, fair value prevails, noise trading equals information trading, and the average net demand is 0. At this level, we have very simple rules, information is shared and investors are rational with unlimited abilities to process information. The market quickly adjusts to new information, anomalies are short lived, and noise levels are modest. Under these conditions, linear models can provide appropriate approximations. EMH also states that it is not possible to beat the market, since arbitrage opportunities are short lived and any anomalies are randomly distributed. Net demand is zero and the distribution of orders is symmetric around zero.

In reality, of course, institutions and individual investors, in attempts to beat the market, introduce hedging strategies, trading rules, derivative securities, etc., and the complexity of the financial trading system increases. The foregoing strategies rely on trading approaches based on “rules” or formulas that appear to reduce noise and allow greater risk. As trading complexity rises, then, heterogeneous agents switch increasingly from information-based trading to “rule-governed behavior” such that the ratio of noise traders to information traders and pursuit of risk rather than fundamental values increases. We draw on a literature showing that increased noise in the market leads to bimodal net demand distribution (Plerou et al. 2003) and the buildup of bubbles. Bubbles occur when noise- and risk-based trading increase as a result of an initiating event (usually new technology like the laptop computer or new formulas like derivatives) and the market moves away from the EMH basin of attraction. However, the market most often reverts back to the Triple Point (a soft landing) before reaching the Critical Point when the bubble bursts, as we describe in detail in Section 4.6. 
In this Section (4.6) we note that LeBaron ‘s (2001a,b) computational model shows that loss of heterogeneity results in market crashes—one also sees this in the LTCM failure as traders more and more learned what LTCM was doing (Lowenstein, 2000). With the increase of noise trading, prices destabilize and periodic orbits emerge as demand distribution bifurcates as imitation and information cascade amplify. The boundary between buy and sell states is crossed multiple times forming log periodic oscillations in the price. Coevolution of trading rules towards one super rule (LeBaron, 2001b) leads to order in the market as all traders adopt the same decision and the market collapses (Johansen and Sornette, 1997). Although, the empirical evidence of patterns before drawdown is increasing, there has been no attempt, so far, to build a theory that reconciles the EMH with these “anomalies” in a more systematic and structured framework. Physicists (Sornette et al.1996; Johansen et al. 2000, etc.) show various power-law distributed returns and log-periodic oscillation of prices occurring between the Triple and Critical Points. The numerical methods used by these researchers are criticized for “fitting several free parameters in noisy data,” i.e. considered inaccurate or data mining as well as lacking theoretical background.
Once traders lose their heterogeneity by learning from each other, and from market results, what the best rules and formulas appear to be, what began as a “tiny initiating event” (Holland, 2002) in the form of an experimental new investment strategy, spirals up into a widespread belief about how best to win out over noise and take increasingly leveraged—but seemingly well-defined risks. Convergence of thousands of traders on a particular formula—what is really convergence toward a single buy-sell rule—for some period of time, sets the bubble-creation process in motion until some intervening event disrupts it and market may not reach the Critical point. When imitation and herding continues to the Critical Point, as Sornette (2003b) suggests “order” in the market obtain as all traders have the same opinion ‘sell’, market crash occurs. Trading behavior during the growth and decline of these bubbles follows a power law distribution. 

We suggest a number of scale-free theories—assembled by Andriani and McKelvey (2009)—to explain the various trader-behaviors that serve to move the market away from equilibrium (the Triple Point), when a specific level of information ambiguity R1(noise) is reached. The result is that the self-organization of traders toward a formula-based buy-sell rule (usually with the help of computer-based modern quantitative methods) leads to loss of heterogeneity. Since all of the scale-free theories explain Pareto-distributed observations our contribution is to offer scale-free theory explanations for the log periodic patterns that Sornette (2003a, b; 2004 etc.) has detected with various numerical tests for both bubble increase and decreases between Triple and Critical Points as well as for volatilities after a crash at the Critical Point.

To illustrate in some detail the initial underpinnings of the 2007 liquidity crisis and the rise and fall of the bubble based on mortgage-based investment securitization packages and over-leveraged derivative formulas, we go back to the invention of derivatives circa 1973 and trace developments forward to 2007. We show how various kinds of phenomena well explained by various scale-free theories spiraled up from the “tiny initiating event” to the so-called “Minsky Moment” and then crashed back down and into the worldwide Recession we see in 2009 going on into 2010. The great irony in all the above is that the sequence of trader behaviors leading up to the 2007 Minsky Moment—i.e., everyone using derivatives, everyone using high leverage, the China effect on bond prices, the repeal of the Glass-Steagall Act, everyone using mortgage-based securities, everyone using subprime fixed-interest five-year “teaser” loans—should have been so obvious (Cooper, 2008; Morris, 2008; Phillips, 2008; Baker, 2009; Cohan, 2009; Foster and Magdoff, 2009) that even the dumbest Wall Street and Federal Reserve types or other financial experts should have seen all this unfolding throughout the eight years of the G. W. Bush Administration without the added insights brought on by knowledge of the scale-free theories we mention—the Minsky Moment should have never occurred. 

We believe it is time for financial experts to pay equal attention to theories endemic to EMH (Fama, 1970)—the dominant paradigm in Finance, and the fractal dynamics of Mandelbrot (1963, 1997) and Sornette (2003b) among others—pertaining to the fractal region developing between our Triple and Critical Points of Figure 3. In retrospect we see that—from our story line about what led up to the 2007 liquidity crisis, for example—so much must have been known by the financial experts on Wall Street and even in the U.S. government that the progression toward the crash could have been foreseen and negated. We attempt to bring together the growing literature pertaining to the fractal region. But we also bring in a more explicit application of complexity science and a number of scale-free theories stemming from econophysics (West and Deering, 1995; Mantegna and Stanley, 2000; Newman, 2005; Andriani and McKelvey, 2009) to as to better explain the financial dynamics appearing in works by Sornette (2003b).See also Yalamova (2003) for a review of non-linear patterns before crashes as researched by different groups of physicists, e. g. Vandewalle et al. (1998),Gluzman and Yukalov (1997, 1998) etc. EMH is not a “shaky myth” as Mandelbrot is want to say (Mandelbrot and Hudson, 2004, p. ix). But on the other hand, fractal finance is not a shaky myth perpetrated by false profits either. Fractal dynamics occur far more than EMH folks want to accept, costs individuals and countries far more than it should, and well-known diagnostics and solutions are left on the back burner—ignored when they shouldn’t be.

References

Anderson, P.W., Arrow, K.J. and Pines, D. (eds) (1988) The Economy as an Evolving Complex System. Proceedings of the Santa Fe Institute – Volume V, Reading, MA: Addison-Wesley.
Adler, R., R. Feldman, and M. Taqqu. 1998. A Practical Guide to Heavy Tails: Statistical Techniques and Applications. Basel, Switzerland: Birkhäuser.

Andriani, P., and B. McKelvey. 2007, Beyond Gaussian Averages: Redirecting Organization Science Toward Extreme Events and Power Laws. Journal of International Business Studies, 38(7): 1212–1230.

Andriani, P., and B. McKelvey. 2009. From Gaussian to Paretian Thinking: Causes and Implications of Power Laws in Organizations. Organization Science.
Arthur, W. B. 1990. Positive Feedback in the Economy. Scientific American, 262(2): 92–99. 

Arthur, W. B., S. N. Durlauf, and D. A. Lane, eds. 1997. The Economy as an Evolving Complex System. Proceedings of the Santa Fe Institute, Vol. XXVII, Reading, MA, Addison-Wesley.

Auerbach, F. 1913. Das Gesetz der Bevolkerungskoncentration. Petermanns Geographische Mitteilungen 59: 74–6.

Avery, C., and P. Zemsky 1988. Multidimensional Uncertainty and Herd Behavior in Financial Markets. American Economic Review 88: 724–748.
Axtell, R. L. 2001. Zipf Distribution of U.S. Firm Sizes. Science 293: 1818–1820.
Bak, P. 1996. How Nature Works: The Science of Self-organized Criticality. New York: Copernicus.
Baker, D. 2009. Plunder and Blunder: The Rise and Fall of the Bubble Economy. PoliPoint Press, Sausalito, CA.

Banerjee, A. V. 1992. A Simple Model of Herd Behavior. The Quarterly Journal of Economics 107: 797–817.

Barabási, A.-L. 2002. Linked: The New Science of Networks, Cambridge, MA: Perseus.

Basili, M, and C. Zappia (2003) Probabilistic versus Non-probabilistic Decision Making: Savage, Shackle and Beyond. University of Siena Economics Working Paper No. 403. 
Baskin, K. 2005. Complexity, Stories and Knowing. Emergence: Complexity & Organization 7: 32–40.

Baum, J. A. C., and B. McKelvey 2006. Analysis of Extremes in Management Studies. In D. J. Ketchen, Jr. and D. D. Bergh (eds), Research Methodology in Strategy and Management, Vol. 3. Elsevier Ltd., pp. 123–196.
Beja A.and M. B. Goldman  1980, On the Dynamic Behavior of Prices in Disequilibrium, Journal of Finance, 35(2): 235-48.

Bénard, H. (1901) ‘Les Tourbillons Cellulaires dans une Nappe Liquide Transportant de la Chaleur par Convection en Régime Permanent’, Annales de Chimie et de Physique, 23: 62(144.
Bikhchandani, S., D. Hirshleifer, and I. Welch. 1992. A Theory of Fads, Fashion, Custom, and Cultural Change as Informational Cascades. Journal of Political Economy 100: 992–1026.

Black, F. 1972. Capital Market Equilibrium with Restricted Borrowing. Journal of Business 45: 444–455.

Black, F. 1986. Noise. Journal of Finance 41: 529–543.

Black, F. and M. Scholes 1973. The Pricing of Options and Corporate Liabilities. Journal of Political Economy 81: 637–654.

Blanchard, O. 1979. Speculative Bubbles, Crashes and Rational Expectations. Economic Letters 3: 387–389

Blanchard, O.,  and M. Watson, 1982. Bubbles, Rational Expectations and Financial Markets. In P. Wachtel (ed.), Crises in the Economic and Financial Structure. Lexington, MA, D. C. Heathland Co., pp. 295–316.
Bollerslev, T. 1986. Generalized Autoregressive Conditional Heteroscedasticity. Journal of Econometrics 31: 307–327.
Bouchaud, J.-P., and M. Potters 2003. Theory of Financial Risk and Derivative Pricing: From Statistical Physics to Risk Management. Cambridge, UK, University of Cambridge Press.

Breymann, W., S. Ghashghaie, and P. Talkner 2000. A Stochastic Cascade Model for FX Dynamics. International Journal of Theoretical and Applied Finance 3(3): 357–360.

Brock, W. A. 2000. Some Santa Fe Scenery. In D. Colander (ed.), The Complexity Vision and the Teaching of Economics. Cheltenham, UK, Edward Elgar, pp. 29–49.
Brock, W. A. and C. H. Hommes. 1998. Heterogeneous Beliefs and Routes to Chaos in a Simple Asset Pricing Model. Journal of Economic Dynamics and Control 22:(8–9): 1235–1274.

Brown, S., L., and K. M. Eisenhardt. 1998. Competing at the Edge: Strategy as Structural Chaos. Boston, MA: Harvard Business School Press.

Brunk, G.G. 2002. Why Are So Many Important Events Unpredictable? Self-organized Criticality as the Engine of History. Japanese Journal of Political Science 3: 25–44.
Brunnermeier, M. K. 2001. Asset Pricing under Asymmetric Information : Bubbles, Crashes, Technical Analysis, and Herding. Oxford, UK: Oxford University Press.

Calvet, L. E., and A. J. Fisher 2008. Multifractal Volatility: Theory, Forecasting, and Pricing. Burlington, MA: Academic Press.

Calvet, L., A. Fisher, and B. Mandelbrot 1997. A Multifractal Model of Asset Returns, Working Paper, Yale University.

Casti, J. L. 1997. Would-Be Worlds: How Simulation Is Changing the Frontiers of Science. New York: Wiley.
Chamley, C. 2004. Rational herds: Economic models of social learning. Cambridge University Press, Cambridge, United Kingdom. 
Chen, S., Lux, T. and Marchesi, M. 2000 Testing for non-linear structure in an artificial financial market. Journal of Economic Behavior and Organization 46 (3): 327-342.

Chiarella, C. 1992. Developments in Nonlinear Economic Dynamics: Past, Present & Future. In H. Hanusch (ed.), Die Zukunft der Okonomischen Wissenschaft. Düsseldorf: Verlag Wirtschaft und Finanzen.

Clauset, A., C. R. Shalizi, and M. E. J. Newman. 2007. Power-law Distributions in Empirical Data. ArXiv:0706.1062v1 [physics.data-an] June.

Cohan, W. D. 2009. House of Cards: A Tale of Hubris and Wretched Excess on Wall Street. New York, Doubleday.

Cooper, G. 2008. The Origin of Financial Crises. New York, Vintage Books.

Corcos, A., J-P. Eckmann, A. Malaspinas, Y. Malevergne, and D. Sornette, 2002. Imitation and Contrarian Behaviour: Hyperbolic Bubbles, Crashes and Chaos. Quantitative Finance 2: 264–281.

Cowan, G. A., D. Pines, and D. Meltzer. 1994. Complexity: Metaphors, Models, and Reality. Reading, MA: Addison-Wesley.

Dacorogna, M., R. Gençay, U. Müller, O. Pictet, and R. Olsen 2001. An Introduction to High-Frequency Finance. San Diego: Academic Press.
Day, R. H. and W. Huang 1990, Bulls, bears and market sheep. Journal of Economic Behavior and Organization 14:299–329.
De Long; J. B, A. Shleifer; L. H. Summers, and R. J. Waldmann 1990. Positive Feedback Investment Strategies and Destabilizing Rational Speculation. The Journal of Finance 45(2): 379–395.

Fama, E. F., and K. French 2007, Disagreement, Tastes, and Asset Prices. Journal of Financial Economics, 83: 667–689. 

Fama, E. F. 1965. Random Walks in Stock Market Prices. Financial Analysts Journal 21(5): 55–59. 
Fama, E. F. 1970. Efficient Capital Markets: A Review of Theory and Empirical Work. Journal of Finance, 21(2): 383-417.
Fama, E. F. 1998. Market Efficiency, Long-term Returns, and Behavioral Finance, Journal of Financial Economics 49(3): 283–306. 

Foster, J. B., F. Magdoff 2009. The Great Financial Crisis. New York, Monthly Review Press.

Frigg, R. 2003. Self-organized Criticality—What it Is and What it Isn’t. Studies in History and Philosophy of Science 34: 613–632.

Gaunersdorfer, A. 2000a. Adaptive Beliefs and the Volatility of Asset Prices. Technical report, SFB Adaptive Information Systems and Modeling in Economics and Management Science. 

Gaunersdorfer, A. 2000b. Endogenous Fluctuations in a Simple Asset Pricing Model with Heterogeneous Agents. Journal of Economic Dynamics and Control 24:(5–7): 799–831.
Gell-Mann, M. 1988. The Concept of the Institute. In D. Pines (ed.), Emerging Synthesis in Science. Boston, MA: Addison-Wesley, pp. 1–15.

Gell-Mann, M. 2002. What is Complexity? In A. Q. Curzio, and M. Fortis, eds., Complexity and Industrial Clusters, Heidelberg, Germany: Physica-Verlag, pp. 13–24.
Gençay, R., and F. Selçuk. 2004. Asymmetry of Information Flow between Volatilities Across Time Scales. No 90, Econometric Society 2004, North American Winter Meetings.
Ghysels, E., P. Santa-Clara, and R. Valkanov 2005. There is a Risk-return Trade-off After All. Journal of Financial Economics 76: 509–548.

Glaser, P. 2009. Fitness and Inequality in an Increasing-returns World. Term paper, UCLAAnderson School of Management, Los Angeles, CA.
Gluzman, S. and V.I. Yukalov 1997. Resummation Methods for Analyzing Time Series, Modern Physics Letters B 12 (2-3): 61-74.

Gluzman, S. and V.I. Yukalov 1998. Renormalization Group Analysis of October Market Crahses, Modern Physics Letters B 12 (2-3): 75-84.

Haken, H. 1977. Synergetics: An Introduction, Berlin: Springer-Verlag.

Haken, H. 2004. Synergetics: Introduction and Advanced Topics. Berlin: Springer-Verlag.

Heiner, R. 1983. The Origin of Predictable Behavior. American Economic Review 73: 560–595.

Heston, S. L. and R. Sadka 2003. ,The periodic structure of returns to buying winners and selling losers (November 7). Available at SSRN: http://ssrn.com/abstract=485216.
Hilborn, R. C. 2004. Sea Gulls, Butterflies, and Grasshoppers: A Brief History of the Butterfly Effect in Nonlinear Dynamics. American Journal of Physics 72: 425–427.

Holland, J. H. 1995. Hidden Order: How Adaptation Builds Complexity, Reading, MA: Addison-Wesley. 

Holland, J. H. 2002. Complex Adaptive Systems and Spontaneous Emergence. In A. Q. Curzio, and M. Fortis (eds.), Complexity and Industrial Clusters. Heidelberg, Germany: Physica-Verlag, pp. 25–34.
Hunt, B. R., E. Kalnay, E. J. Kostelich, E. Ott, D. J. Patil, T. Sauer, I. Szunyogh, J. A. Yorke, A. V. Zimin, 2004: Four-dimensional ensemble Kalman ﬁltering. Tel lus, 56A, 273-277

Iansiti, M., R. Levien. 2004. Strategy as Ecology. Harvard Business Review 82(3): 68–78.
Ishikawa, A. 2006. Pareto Index Induced from the Scale of Companies. Physica A 363(2): 367–376.

Jegadeesh, N and S. Titman 1993. Returns to Buying Winners and Selling Losers: Implications for Stock Market Efficiency. Journal of Finance 48:65-91. 

Johansen, A., and D. Sornette 1998. Stock Market Crashes are Outliers. European Physical Journal B 1: 141–143.

Johansen, A., and D. Sornette 1999. Modeling the Stock Market Prior to Large Crashes. European Physical Journal B 9: 167–174. 

Johansen, A., O. Ledoit, and D. Sornette. 2000. Crashes as Critical Points. International Journal of Theoretical and Applied Finance 3(2): 219–255.

Jondeau, E., S.-H. Poon, and M. Rockinger. 2007. Financial Modeling Under Non-Gaussian Distributions. London: Springer-Verlag.

Kauffman, S. A. 1993. The Origins of Order. New York: Oxford University Press. 

Kiyono, K., Z. R. Struzik, Y. R. Zbigniew, and Y. Yamamoto. 2006. Criticality and Phase Transition in Stock-price Fluctuations. Physical Review Letters 96(6): 068701-1–4.

Knight, F. H. 1921. Risk, Uncertainty, and Profit. Boston: Houghton Mifflin.

Krugman, P. 2009. The Return of Depression Economics and the Crisis of 2008. New York: Norton & Co. 

Kupfer, A. 1988. Leland, O’Brien, and Rubinstein: The Guys who Gave us Portfolio Insurance. Fortune Magazine, January 4. 
LeBaron, B. 2001a. Evolution and Time Horizons in an Agent-based Stock Market. Macroeconomic Dynamics 5: 225–254. 

LeBaron, B. 2001b. Volatility Magnification and Persistence in an Agent Based Financial Market. Working paper, Brandeis University.
Lahart, J. 2007. In Time of Tumult, Obscure Economist Gains Currency. Wall Street Journal (August 18); http://online.wsj.com/article/SB118736585456901047.html.

Lewin, R. 1992. Complexity: Life at the Edge of Chaos. Chicago, IL: University of Chicago Press [2nd ed. 1999.]
Lillo, F., and J. D. Farmer 2005. The Key Role of Liquidity Fluctuations in Determining Large Price Fluctuations. Fluctuations and Noise Letters 5: L209–L216.

Lintner, J. 1965. The Valuation of Risk Assets and the Selection of Risky Investments in Stock Portfolios and Capital Budgets. Review of Economics and Statistics 47: 13–37.

Lorenz, E. N. 1963. Deterministic Nonperiodic Flow, Journal of the Atmospheric Sciences 20(2): 130–141.
Lorenz, E. N. 1972. Predictability: Does the Flap of a Butterfly’s Wings in Brazil Set Off a Tornado in Texas? Presented at the American Association for the Advancement of Science. Washington, DC.
Lowenstein, R. 2000. When Genius Failed: The Rise and Fall of Long-term Capital Management. New York, Random House.

Lux, T. 1995. Herd Behavior, Bubbles and Crashes. Economic Journal 105: 881–896.

Lux, T. 1998. The Socio-economic Dynamics of Speculative Markets: Interacting Agents, Chaos and the Fat Tails of Return Distributions. Journal of Economic Behavior and Organization 33: 143–165.

Mainzer, K. 1994. Thinking in Complexity: The Complex Dynamics of Matter, Mind, and Mankind. New York, Springer-Verlag. [5th ed. 2007.]
Malevergne, Y., and D. Sornette 2005. Extreme Financial Risks: From Dependence to Risk Management. London: Springer-Verlag

Mandelbrot, B. B. 1963. The Variation of Certain Speculative Prices. Journal of Business 36: 394–419.

Mandelbrot, B. B. 1970. Long-run Interdependence in Price Records and Other Economic Time Series. Econometrica 38: 122–123.

Mandelbrot, B. B. 1982. The Fractal Geometry of Nature. New York: Freeman.

Mandelbrot, B. B. 1997. Fractals and Scaling in Finance, Discontinuity, Concentration, Risk. New York: Springer-Verlag.

Mandelbrot, B. B. 1999. A Fractal Walk Down Wall Street. Scientific American 280(2): 70–73.

Mandelbrot, B. B. 2001. Scaling in Financial Prices: III. Cartoon Brownian Motions in Multifractal Time. Quantitative Finance 1(4): 427–440.

Mandelbrot, B. B., and R. L. Hudson. 2004. The (mis)Behavior of Markets: A Fractal View of Risk, Ruin, and Reward. New York: Basic Books. 

Mantegna, R. N., and H. E. Stanley. 2000. An Introduction to Econophysics: Correlations and Complexity in Finance. Cambridge, UK: Cambridge University Press.

Maruyama, M. 1963. The Second Cybernetics: Deviation-amplifying Mutual Causal Processes. American Scientist 51: 164–79. 

McKelvey, B. 2002. Managing Coevolutionary Dynamics: Some Leverage Points. Presented at the 18th EGOS Conference, Barcelona, Spain, July 4–6.
McKelvey, B., B. B. Lichtenstein, & P. Andriani 2009. When Systems and Ecosystems Collide: Is there a Law of Requisite Fractality Imposing on Firms?” In M. J. Lopez Moreno (ed.), Chaos and Complexity in Organizations and Society. Madrid, Spain: UNESA.
Minsky, H. P. 1982. Can “IT” Happen Again? Essays on Instability and Finance. Armonk, NY: Sharpe, Inc.

Minsky, H. P. 1986. Stabilizing the Unstable Economy. New Haven, CT, Yale University Press. [2ed published in 2008 by McGraw Hill, New York.]

Morris, C. R. 2008. The Two Trillion Dollar Meltdown (revised & updated). New York: PublicAffairs.

Müller, U. A., M. M. Dacorogna, R. D. Davé, R. B. Olsen, O. V. Pictet, and J. E. von Weizsäcker 1997. Volatilities of Different Time Resolutions—Analyzing the Dynamics of Market Components. Journal of Empirical Finance 4: 213–239.
Newman, M., A.-L. Barabási, and D. J. Watts (eds.) 2006. The Structure and Dynamics of Networks. Princeton, NJ: Princeton University Press.

Newman, M. E. J. 2005. Power Laws, Pareto Distributions and Zipf’s Law. Contemporary Physics 46(5): 323–351. 

Nicolis, G., and I. Prigogine. 1989. Exploring Complexity: An Introduction. New York: Freeman.

Odling-Smee, F. J., K. N. Laland, and M. W. Feldman. 2003. Niche Construction. Princeton, NJ: Princeton U. Press.
Park, A. and H Sabourian 2006. Herd Behavior in Efficient Financial Markets. Available at SSRN: http://ssrn.com/abstract=913728.
Peitgen, H.-O., H. Jürgens, and D. Saupe 2004. Chaos and Fractals: New Frontiers of Science (2nd ed.). New York, Springer-Verlag.

Peters, E. E. 1991. Chaos and Order in the Capital Markets. New York, Wiley.

Peters, E. E. 1994. Fractal Market Analysis: Applying Chaos Theory to Investment & Economics. New York, Wiley.

Phillips, K. 2008. Bad Money. New York: Viking, Penguin Group.

Pimm, S. L. 1982. Food Webs. Chicago, IL: University of Chicago Press. [2nd ed. 2002.] 

Pines, D., ed. 1988. Emerging Syntheses in Science. Proceedings of the Santa Fe Institute, Vol. I, Reading, MA: Addison-Wesley.
Plerou, V., P. Gopikrishnan, and H. E. Stanley 2003. Two-phase Behaviour of Financial Markets. Nature 421: 130.

Podobnik, B., D. Fu, T. Jagric, I Grosse, and H. E. Stanley. 2006. Fractionally Integrated Process for Transition Economics. Physica A 362: 465–70.
Prechter, R. 1999. The Wave Principle of Human Social Behavior: The New Science of Socionomics. Gainesville, GA: New Classics Library.

Preston, F. W. 1948. The Commonness, and Rarity, of Species. Ecology 29: 254–283.

Prigogine, I. (with I. Stengers). 1997. The End of Certainty: Time, Chaos, and the New Laws of Nature. New York: Free Press.

Prigogine, I. 1955. An Introduction to Thermodynamics of Irreversible Processes. Springfield, IL: Thomas.
Prigogine, I., and I. Stengers. 1984. Order Out of Chaos: Man’s New Dialogue with Nature. New York: Bantam.

Rachev, S. T., and S. P. Mittnik. 2000. Stable Paretian Models in Finance. New York: Wiley.

Rook, L. 2006. An Economic Psychological Approach to Herd Behavior. Journal of Economic Issues 40: 75–95.

Rosser, J. B. 2000. From Catastrophe to Chaos: A General Theory of Economic Discontinuities: Mathematics, Microeconomics, Macroeconomics, and Finance, Vol. 1, (2nd ed.). Norwell, MA: Kluwer.

Schroeder, M. 1991. Fractals, Chaos, Power Laws. New York: Freeman.
Sethi, R. 1996. Endogenous regime switching in speculative markets. Structural Change and Economic Dynamics, 7: 99-118.

Shackle, G. L. S. (1949), Expectations in Economics. Cambridge: Cambridge University Press.
Sharp, W. F. 1964. Capital asset prices: A Theory of Market Equilibrium Under Conditions of Risk. Journal of Finance 19: 425–442.

Simon, H. 1957. A Behavioral Model of Rational Choice. In Models of Man, Social and Rational: Mathematical Essays on Rational Human Behavior in a Social Setting. New York: Wiley.

Solé, R. V., D. Alonso, J. Bascompte, and S. C. Manrubia. 2001. On the fractal nature of ecological and macroevolutionary dynamics. Fractals 9: 1–16.

Sornette, D., and A. Helmstetter 2003. Endogenous versus Exogenous Shocks in Systems with Memory. Physica A 318(3–4): 577–591. 

Sornette, D. 2003a. Critical Market Crashes. Physics Reports 378(11): 1–98, Elsevier Science.

Sornette, D. 2003b. Why Stock Markets Crash? Princeton, NJ: Princeton University Press.

Sornette, D. 2004. Critical Phenomena in Natural Sciences: Chaos, Fractals, Selforganization and Disorder: Concepts and Tools (2nd ed.). Berlin: Springer-Verlag.

Sornette, D., and A. Johansen, and J.-P. Bouchaud 1996. Stock Market Crashes, Precursors and Replicas. Journal Phys. I France 6: 167–175.

Sornette, D., and A. Johansen 1997. Large Financial Crashes. Physica A 245(3–4): 411–422.

Sornette, D., and A. Johansen 1998. A Hierarchical Model of Financial Crashes, Physica A 261(3–4): 581–598
Sornette, D.  and J. V. Andersen 2002. A Nonlinear Super-exponential Rational Model of Speculative Financial Bubbles. Intnational Journal of Modern Physics C 13(2): 171–188.  

Sornette, D., Y. Malevergne, and J. F. Muzy, 2003. What Causes Crashes? Risk 16(2): 67–71 February 
Soros, G. 2008. The New Paradigm for Financial Markets. New York: PublicAffairs.

Stanley, M. H. R., L. A. N. Amaral, S. V. Buldyrev, S. Havlin, H. Leschhorn, P. Maass, M. A. Salinger, and H. E. Stanley. 1996. Scaling Behavior in the Growth of Companies. Nature 379: 804–806.

Stauffer, D., 1987, On Forcing Functions in Kauffman’s Random Boolean Networks. Journal of Statistical Physics 46: 789(794.

Swenson, R., 1989. Emergent Attractors and the Law of Maximum Entropy Production: Foundations to a Theory of General Evolution. Systems Research 6: 187(197.

Turner, J. S. 2000. The Extended Organism. Cambridge, MA: Harvard University Press.
Vandewalle, N., M. Ausloos, P. Boveroux, and A. Minguet 1998. How the Financial Crash of October 1997 Could Have Been Predicted, The European Physical Journal B, 4 (2) : 139-141. 

Watts, D. 2003. Six Degrees: The Science of a Connected Age. New York: Norton.

West, B. J. 2006. Where Medicine Went Wrong. Singapore: World Scientific.

West, B. J., and B. Deering. 1995. The Lure of Modern Science: Fractal Thinking, Singapore: World Scientific.

White, E. N. 1996. Stock Market Crashes and Speculative Manias (International Library of Macroeconomic and Financial History). Cheltenham, UK: Edward Elgar.

Wolfson, M. H. 2002. Minsky’s Theory of Financial Crises in a Global Context. Journal of Economic issues 36: 393–400.

Yalamova, R. 2003. Wavelet MRA of Index Patterns around Stock Market Shocks, PhD thesis, Kent State University.

Zanini, M. 2008. Using “Power Curves” to Assess Industry Dynamics. McKinsey Quarterly (Nov.) 1–6.
Zhang, F. 2006 Information Uncertainty and Stock Returns, Journal of Finance, 61: 105–37.
Zipf, G. K. 1949. Human Behavior and the Principle of Least Effort. New York: Harper.
� EMBED Word.Document.8 \s ���


























� Liquidity in finance, not to be confused with the liquid state in physics, is determined by the amount of orders on the opposite side of the trade. It means how “easily” you find a buyer or a seller at the price you are willing to trade.


� Correlation between power law and straight line is 0.992. Data are Dow Jones stock market prices in 1960. Firms include AT&T, GM, IBM, Standard Oil, Du Pont, and GE. 


� The term, “Minsky Moment” was coined by Paul McCulley in 1998 during the LTCM-induced crash. It is best defined by Lahart (2007) as “the time when over-indebted investors are forced to sell even their solid investments to make good on their loans, sparking sharp declines in financial markets and demand for cash that can force central bankers to lend a hand.” In short, it is the point when speculation based on over-borrowing tips over into a market crash.


� Sources: Cooper (2008), Morris (2008), Phillips (2008), Soros (2008), Baker (2009), Foster & Magdoff (2009), Krugman (2009).


� Fed Reserve Bank of San Francisco (2005), “Economic Letter.” � HYPERLINK "http://www.frbsf.org/publications/economics/letter/2005/el2005-17.html" ��http://www.frbsf.org/publications/economics/letter/2005/el2005-17.html�. 


� Total foreign holdings of U.S. Treasury securities is over $3 trillion by Dec. 2008 � HYPERLINK "http://www.treas.gov/tic/mfh.txt" ��http://www.treas.gov/tic/mfh.txt�. China’s holdings amount to $744billion.
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