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INTRODUCTION 

In 1988, the Wall Street Journal began a competition in which they threw darts at a list of 

stocks, and bought whichever ones they hit. Their portfolios were placed in comparison with 

professional research analysts. After 100 days of the contest, the pros barely won 51-49. The 

competition was inspired by Malkiel’s novel A Random Walk Down Wall Street, in which he 

argued that all information that is available to investors is priced into a stock, and therefore any 

attempt to pick stocks “intelligently” would prove no more successful than picking a random set 

of stocks. He said “a blindfolded monkey throwing darts at a newspaper’s financial pages could 

select a portfolio that would do just as well as one carefully selected by experts.” A similar 

experiment was conducted in Fort Worth’s Stockyards, where Rusty the Steer became popular for 

his speculations that outperformed Wall Street. His pen was filled with squares with equity 

symbols, and Rusty made his daily pick through dropping cow pies on the equity grid. 

Such tales have led more and more people to believe that market fluctuations are nothing 

more than random motion. This paper will argue, however, that fluctuations in the market are 

merely misunderstood. Markets are not random; they are chaotic. While they follow what may 

appear to be random motion, there exists both an underlying structure and an order. 

In this paper, I will discuss the popular theory of the efficient market hypothesis, which 

states that markets are random and unpredictable. I will then introduce an opposing theory, called 

chaos theory, which states that there is a hidden pattern in markets—one that can be recognized 

upon close observation. I will then provide an explanation of technical analysis, the main tool 

used to detect these market patterns and predict future movements. I will provide real world 

examples of these chaos patterns, as well as various systems that I have used to predict market 

movements. Finally, I will use empirical studies of market crashes to show how they are 
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inconsistent with the efficient market hypothesis, and will present the chaos theory’s 

“Accumulation-Distribution” model as an explanation for why these crashes truly happen. 

CHAOS THEORY VS. EFFICIENT MARKET HYPOTHESIS 

All forms of the efficient market hypothesis are based upon the notion that markets move 

randomly, because all available information is already priced into markets. Future events are 

unpredictable and any foreseeable events (such as the probability of an interest rate cut) is 

already priced into this efficient market by rational and informed agents who participate in the 

financial markets. 

Randomness is the flip of a coin, or the motion of a quantum particle. But chaos is more 

like the weather—not fully predictable in its entirety, yet following a definite pattern. We cannot 

predict exactly when it will begin to rain, but we understand that it is not fully random; it occurs 

only when unstable air masses form in the sky. Another example of chaos is a double pendulum, 

shown below. 

 

Source: Sawiggins.WordPress.com 

The lines of light show the path that the bottom pendulum traveled along after it was 

released. These lines appear at first glance to be random in nature, as there is no geometric or 
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linear path that is being followed. However, we know that this is not a random motion. 

Randomness implies that past movements do not affect future movements. Yet we know that this 

pendulum is following a few simple laws of physics such as gravity and centripetal acceleration. 

If we flipped a coin ten times, it is unlikely that we would get the same exact sequence 

twice in a row—this is randomness. But if we dropped this pendulum from the exact same spot 

as shown in the picture, we would see it follow the exact same path every time—this is chaos. 

The inherent characteristic of chaos is that while it may follow a complex stochastic process, 

there is an underlying order and a pattern that can be replicated and predicted once it is fully 

understood by observers. 

To an outsider, the lines of the pendulum look random and incomprehensible, but this 

could not be further from the truth. A scientist could use the laws of physics to understand the 

motion of the pendulum. Financial analysts and economists set out to do the same thing, and 

create tools to explain and predict the chaotic motion of the markets. The result was the new 

science of technical analysis. 

INTRODUCTION TO TECHNICAL ANALYSIS 

As early as the 17
th

 century in Holland, market observers began to develop technical 

analysis systems. These systems looked at past price movements and volume movements to 

make future predictions about the market. This work came to the Americas in the 1920s and 

1930s, when the work of Charles Dow became popular. One tool he advocated was the point-

and-figure charting system, shown below. 
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Source: StockCharts.com 

The X’s represent an upward price movement, and the O’s represent a downward price 

movement. Various patterns on the chart are said to predict future chart movements. For 

example, when a price breaks past its previous high (known as a breakout), it is very likely to 

continue its upward move. If these chart patterns are able to predict the future price movement of 

a stock or currency, then this means that price movements are not random. A randomly moving 

asset could not have its next direction predicted by past movements, since its future movements 

are independent of its past. But since these assets move in chaotic, predictable patterns, these 

charts proved to be very useful in predicting future price movements. 
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Over the next century, technical analysis tools evolved greatly, giving rise to indicators 

based on complex formulas and even graduate-level mathematics. The most widely used 

technical indicator today is the moving average—a weighted average of the price of an asset over 

the course of a certain time period. Moving averages commonly place more weight on more 

recent prices, and less weight on past prices, when computing this average. 

 

Source: FXStreet.com 

AUTOMATED SYSTEMS AND MARKET TRENDS 

If markets were nothing but random motion, then there would be no such thing as a trend 

in a market, and the use of technical analysis such as moving averages is useless. On the other 

hand, if there is an underlying chaos pattern in the market, then these moving averages are 

valuable tools that can predict future movements in asset markets.  

I decided to test these moving averages by conducting a three month experiment, in 

which I would make trades in accordance with what these moving averages predicted. The 

results at the end of the quarter would then determine whether tools like moving averages can 

predict future market movements. If they could, then this would be evidence that there is indeed 

an underlying pattern of chaos in the market. I set up a computer and a demo account with a 



6 

 

currency trading broker. I then programmed the computer to execute basic trading rules 24 hours 

a day, 5 days a week. (The benefit of currency markets is that they are open 24 hours a day, 

allowing for the collection of more data. They also easily facilitate automated computer trading.) 

My starting balance was $1,000. According to the efficient market hypothesis, the use of 

such an automated trading system should be equivalent to throwing darts at a board to pick 

stocks—it should have an expected profit of $0 over the long run, given a certain standard 

deviation. The expected profit is $0 because the average return in currency markets is also zero, 

as exchange rates do not have the natural tendency to rise over time like stocks do. I was 

surprised to see that after executing over 700 trades, my account had grown by 23%. My system 

traded the Euro and US Dollar (represented as EUR/USD). I traded it based on a computer 

algorithm, known as an expert advisor. It makes use of two moving averages: a 12-period 

exponential moving average and a 26-period exponential moving average. “Period” is defined as 

five minutes, and the moving averages use the price at each five minute interval for its 

computations. The system was tested in real time, and has not made use of historical data or 

back-testing of data. 

An exponential moving average (EMA) is computed as follows: 

EMA = {Current Price – EMA previous} + (n-1) * EMA previous 

EMAprev denotes the EMA at the close of the previous period, which in this case is at the end of 

the last five minute period. 

n denotes the number of periods used—in this case n=12 or n=26. 

 This formula enables more recent data to be weighted exponentially based on how far 

in the past it is. Data from the last period, for example, is weighted heavily, while data from 10 

periods ago is weighted more lightly, and data from 100 periods ago is not considered. This is a 
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much more useful tool than a simple moving average (SMA) which weights each period equally, 

as such a tool would weigh the removal of the last period’s data equally as much as the addition 

of a new period’s data. In the expert advisor, my system makes use of two exponential moving 

averages with the following rules: 

1) If the 12-period EMA crosses the 26-period EMA upwards, buy. 

2) If the 12-period EMA crosses the 26-period EMA downward, sell. 

3) Only calculate EMA during the close of each five-minute period. 

4) Set a stop loss at 30 pips to prevent large losses in trades. 

 One “pip” is 1/100 of one cent of the currency unit. So in the EUR/USD pair, for 

example, if it is trading at 1.3200, a change of 0.0001 is a change of one pip. This system makes 

use of past data under the assumption that past price movements can indeed predict future 

movements in the currency market, and that trends or momentum exist in price movements, 

rather than simply random motion. 

 If the market truly followed random motion, then past price movements would have no 

validity in predicting future trends, making moving average system useless and unprofitable. 

Under the efficient market hypothesis, the expected value of the profitability of such a system is 

$0. However, the following empirical data from the use of the system from its inception on 

October 1, 2011 to January 27, 2012 tells a different story. 

 The following performance was recorded with a sample size of 773 different trades 

over 31,824 periods. The account balance began with $1,000 and did not use leverage. 

BALANCE $1,229.86 

PROFIT 22.9%  

  

 

3.47% 
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10/7/2011 

10/14/2011 3.82% 

10/21/2011 3.96% 

10/28/2011 0.27% 

11/4/2011 1.87% 

11/11/2011 0.51% 

11/18/2011 0.26% 

11/25/2011 0.62% 

12/2/2011 0.15% 

12/9/2011 -1.27% 

12/16/2011 -0.43% 

12/23/2011 1.05% 

12/30/2011 1.53% 

1/6/2012 1.95% 

1/13/2012 1.81% 

1/20/2012 0.32% 

1/27/2012 1.08% 

Average: 1.23% 

Median: 1.05% 

StDev: 1.47% 

95% interval [-1.68%,4.18%] 

99% interval [-3.15%, 5.64%] 



9 

 

 It should also be noted that foreign exchange brokers allow traders to leverage their 

trades up to 50-times their account size. Below are profits based on different financial leverages 

available to traders: 

BALANCE (10x) $6,489.32 549% 

BALANCE (20x) $28,126.46 2713% 

BALANCE (30x) $85,450.19 8445% 

BALANCE (40x) $188,671.68 18767% 

BALANCE (50x) $311,346.19 31035% 

It should be noted, however, that larger amounts of leverage lead to much higher risk. In 

the example of 50:1 leverage, a 2% increase in an investment leads to a 100% profit. However, a 

2% decrease leaves this trader bankrupt. The 30 pip stop loss that was put in place with the 

system results in a maximum loss of 0.2% when unleveraged. 

FAILURES OF THE EFFICIENT MARKET HYPOTHESIS 

One argument against efficient markets lies in the repeated occurrence of market crashes. 

After all, if markets are so efficient, why do they continue to crash, causing losses not only on 

Wall Street but also in the savings of millions of Americans on Main Street? Many have argued 

that market crashes—especially those most sudden like Black Monday in 1987—may have 

invalidated the efficient markets hypothesis, because there is no way such a large movement 

could happen by random chance. Shleifler and Summers (1990) wrote, “the stock in the efficient 

markets hypothesis—at least as it has been traditionally formulated—crashed along with the rest 

of the stock market on October 19, 1987.” Market crashes in Black Tuesday of 1929, the Dot 

Com Bubble of 2000, the Financial Crisis of 2008, and the Flash Crash of 2010 have presented 

similar situations in which economists argued that this could not simply be a random movement 
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in an efficient market. In order to analyze this argument, we must revisit the definition of the 

efficient market hypothesis, from a statistical perspective. 

According to the efficient market hypothesis, asset prices move along a random walk. 

Just because there is a large movement in the market in one day doesn’t mean that it wasn’t 

random, as 1% of all stock movements will be more than three standard deviations from average, 

giving the stock market plenty of chances to make large random movements over the tens of 

thousands of days it has been in existence. But certain market crashes, such as Black Monday of 

1987, made movements so large that many have taken noticed and asked if such a vast swing 

could truly be justified by randomness. Statistical analysis shows us just how improbable a large 

movement like this is. On Black Friday in 1987, the Dow Jones Industrial Average fell 508 

points, or 22.6%, from 2246 to 1738. Historical data from 1928 to 2011 shows that the average 

daily deviation in the DOW is 0.7%. The table below shows probabilities of each standard 

deviation. A daily market move of 2.36%, for example, will on average occur only once a year.  

# of Standard 

Deviations 

Value of Std. 

Deviation 

Probability Probability Occurrence 

1 0.786% 31.73% 3:1 Twice a week 

2 1.57% 4.55% 22:1 Every three weeks 

3 2.36% 0.27% 370:1 Yearly 

4 3.14% 0.0063% 15,787:1 Every 43 years 

5 3.93% 0.000057% 1,744,278:1 Every 4776 years 

6 4.71% 0.00000019% 506,797,432:1 Every 1,388,000 years 

7 5.50% 0.00000000025% 390,632,286,180:1 Every 1,070,000,000 years 
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While these tables only show events of standard deviations σ  through 7σ, the standard 

deviation of the Black Monday crash is a 36σ, event—certainly a mathematical improbability. In 

fact, this market crash was a not only a statistical improbability, but is much closer to a statistical 

impossibility, and was caused by something greater than random chance. The probability of a 

36σ deviation is 8.3652 * 10
-284

 , making the odds of this event in a single day to be roughly 1.2 

* 10
284

. In fact, if asset prices were completely random, we would have to wait the entire time of 

the universe’s existence not once, not twice, but 10
273 

times in order to see such a large 

movement. For perspective on such a high number, there are only an estimated 10
80

 atoms in the 

observable universe. 

Based on this evidence, it is impossible to justify the movements that occurred on Black 

Monday by random chance. A better explanation for the Black Monday crash lies in chaos 

theory. By looking at the conditions that were set up for that crash to occur, we can understand 

the real, practical reasons that caused the market to crash. In the case of 1987, a heavy amount of 

computers participating in the market and executing the same trades, together with illiquidity in 

the market, plus economic concerns about disputes in monetary policy between the G7 led to a 

crash, which was exacerbated by computers’ programmed vicious cycle to continue to sell and 

short sell the further the market went down. Proof that these same conditions would again trigger 

a similar crash were confirmed when on May 6, 2010 the market crashed 9% within minutes., 

and reasons cited for this crash are also market illiquidity and high frequency computer trading. 

FINDING BARGAINS IN THE STOCK MARKET 

Currency markets are not the only market that exhibit traits of inefficiency. In equity markets, it 

is possible to find and exploit pricing inefficiencies in the market using simple valuation metrics, 

particularly for stocks that are not covered by equity research analysts. The S&P 500 currently 
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trades at a price of roughly 15 times its average annual earnings. This implies that the fair value 

of a stock should be roughly 15 times earnings (although this can vary between industry). 

Therefore, a stock that is priced below this could be considered “undervalued” relative to its 

intrinsic value. Other metrics include price-to-sales ratio and price-to-cash-flow. These metrics 

can also be combined to further filter which stocks are undervalued. According to the American 

Association of Individual Investors, purchasing an equally weighted portfolio of stocks that fall 

in the lowest 10
th

 percentile of price relative to its earnings has yielded a return of 16.1% per 

year since 1998, while investment in the S&P 500 would have returned 2.6% per year over the 

same time period. Purchasing the same portfolio based on stocks in the bottom 10
th

 percentile of 

price to free cash flow yielded a return of 17.2%, and a portfolio based on stocks in the bottom 

10
th

 percentile of price to sales yielded a return of 15%.  

One popular philosophy for value investing was created by Benjamin Graham in his 1949 

book The Intelligent Investor. As a professor at Columbia, he taught a young Warren Buffett, who 

adopted his investment methodologies with great success. One of Graham’s methodologies for 

selecting value stocks was to find companies that possessed the following qualities:  

 P/E ratio in the bottom 10
th

 percentile 

 Current ratio (current assets minus current liabilities) greater than 1.50 

 Long term debt-to-working-capital is between 0% to 110% 

 Positive earnings for the last five years 

 The company pays a dividend, and intends to do so next year 

 Current earnings per share is greater than five years ago 

 Price to book value ratio is greater than 1.20 
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By investing in an equally weighted portfolio of stocks that fit these criteria would have yielded 

an annual return of 22.3% per year since 1998, while the S&P would have returned 2.6%. If 

$10,000 were invested in this strategy at 1998, it would have accrued to $188,810 by 2012. The 

same investment in the S&P 500 would have accrued to only $14,705 during this time period. 

 

P/FCF 2.6 10 17.8 63.8 13.6 61.7 30.9 10.6 26.6 -21.2 -41.5 147.2 39.2 -7 1.1 17.2

P/E 26.5 -6 20.3 16.1 11.1 51.1 24.7 17.2 21.2 3.9 -15.8 51.8 29.6 -1.9 14.3 16.1

P/S 13.2 21.1 23.3 43.3 1.3 69.8 11.1 16.9 16.6 2.4 -38.5 47.1 29.6 -2.6 11.3 15

Graham 10.2 5.5 -1.4 65.8 2.2 50.1 10.2 48.2 34.5 29.4 -22.6 168.4 32.9 -4.1 -4.9 22.3

S&P 500 26.7 19.5 -10.1 -13 -23.4 26.4 9 3 13.6 3.5 -38.5 23.5 12.8 0 13.4 2.6

2009 2010 2011 2012 Annualized2003 2004 2005 2006 2007 2008Strategy 1998 1999 2000 2001 2002

 

The efficient market hypothesis states that stock prices fully reflect all public information, and 

thus imply that finding an “undervalued stock” is impossible because market participants have 

would quickly snatch up any undervalued stock, thus driving up the price and removing this 

value opportunity. However, fourteen years of evidence here show a very different result—that 

purchasing stocks based on very simple value metrics yields returns well above the S&P 500 



14 

 

benchmark. There are a few possible reasons for why these value opportunities continue to exist, 

and why they are not eliminated by institutional traders: 

1. Many of these stocks are not covered by equity research analysts, and are often not traded 

by market makers as well. Most companies with a market capitalization of under $100 

million are often not traded by market makers at investment banks, as the commissions 

that these traders make are based on the volume of shares and size of the company traded. 

As a result, this illiquidity causes institutional traders to neglect many of these stocks. 

2. Many institutional money managers and hedge funds manage over $1 billion of equity. 

Most that invest in equities usually manage a portfolio of 50 to 100 stocks. Pursuing the 

strategies above would require investment in much more than 100 stocks, and this larger 

portfolio would require funds to hire more employees for trade execution, trade entry, 

risk analysis, and accounting. Due to the large amount of capital the fund would invest in 

each stock (tens of millions of dollars) it would be likely that the fund would not be able 

to purchase all of the shares that it needs at the price it desires. As a result, hedge funds 

will pursue other strategies that do not face these problems. 

3. Due to the simplicity of such valuation metrics, hedge funds and large institutional 

managers are unlikely to pursue it as a strategy. These funds often pitch complex 

strategies, and would likely face difficulties in raising capital by pitching such a simple 

strategy, in favor of more en-vogue strategies like event-driven merger arbitrage, 

convertible arbitrage, statistical arbitrage, or credit default swap trading. 

 The implications for the efficiency of markets is clear: it is highly possible for the individual 

investor to find significant abnormal returns above the S&P 500, and construct a portfolio of 
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undervalued stocks. Many of these strategies have existed for over 60 years, and have been used 

to much success by individual investors. 

MARKET UNDER-REACTION TO SHARE BUYBACKS 

Another piece of evidence that markets often do not fully price in all information available about 

a stock is the observation that after a firm declares it is buying back some of its shares, the stock 

prices do not see as large of a price increase as one would expect. When a company buys back 

shares, it often does so because it feels that the stock price is significantly undervalued. 

According to Ikenberry, Lakonishok, and Vermaelen (1995) the average market reaction to a 

company repurchasing its stock was a price jump of 3.5%. In an efficient market, this would 

imply that companies buying back shares on average believed their stock to be roughly 3.5% 

undervalued. In reality, however, companies do not buy back stock simply because they believe a 

stock is 3.5% undervalued, as this is such a small undervaluation. Most of these companies feel 

they are at least 10% undervalued, if not more. In 1993, when Midland Resources Inc. bought 

back 5% of its shares, the chairman said “If you look at the amount of our reserves, we think our 

stock should be trading for twice its current value.” The stock saw a 3% increase that day, despite 

the fact that the chairman believed the stock was worth twice its current value—what would be 

an increase of 100%. 

 There is no doubt that investors are skeptical when it comes to share buybacks, as few 

rational investors would actually want to pay a 100% premium for Midland Resources. But there 

is strong evidence to suggest that investors are far too skeptical than they should be, and that 

stocks after share repurchases are highly likely to outperform the broader market of stocks. Over 

a ten year period, Ikenberry et al. observed the post-announcement price movement of 1239 

stocks and observed that over the next three years following the announcement, stocks whose 
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shares had been bought back outperformed the market by 45.3%, or 13.26% per year, with a p-

value of 0.058. This growth of 45.3% over three years reflects that the companies buying back 

shares were correct about the significant undervaluation of their firm, and that market 

participants in a supposedly efficient market are significantly under-reacting to these events. 

OBSERVABLE CHAOS IN OUR MODERN ECONOMY 

As a final piece of evidence that markets move in predictable chaos patterns, rather than 

random motion, I will detail a four step pattern that occurs in all facets or our economy. It’s no 

secret that predictable cycles occur in our everyday lives. Over our lifetime we may observe a 

neighborhood be constructed, grow and prosper, reach maturity after a few decades, begin to 

decline, and ultimately be renovated and revitalized. We see the same pattern with companies, as 

they progress from startups, to growing businesses, to mature industry leaders, to declining 

companies, to re-positioned, re-invented industry competitors. It should be no surprise then that 

financial markets follow the same pattern. In Tom Williams’ book “The Undeclared Secrets That 

Drive the Stock Market” he categorizes financial market cycles into four phases: 

1. Accumulation 

2. Bull Market 

3. Distribution 

4. Bear Market 

Recognition of each phase of the market is based not only on price but also on volume. The cycle 

is based on market psychology, and is explained by the transfer of assets between strong holders 

and weak holders. Strong holders are those who understand the intricacies of the market, and 

have done their research into the long term profitability of their purchase of an asset. Weak 

holders, however, are usually victims of crowd psychology or animal spirits and have not done as 
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much research into the long term profitability of their purchase. Strong holders will not be 

shaken by short term fluctuations in the market because they understand market cycles. Weak 

holders, who only entered the market for a short term profit, will abandon their investment if 

short term fluctuations become too great. 

A bull market occurs when there has been a substantial transfer of stock from weak 

holders to strong holders, generally, at a loss to weak holders. A bear market occurs when there 

has been a substantial transfer of stock from strong holders to weak holders, generally at a profit 

to the strong holders. An example of this would be a “hot stock” that skyrockets for a few 

months. Initially, accumulation occurs by strong holders—investment banks, hedge funds, 

pension funds, etc—who understand the long term profitability of the company. They purchase 

the stock, which causes its value to rise. If the stock price’s jump is large enough, it will gain the 

attention of other smaller investors—part-time day traders, new investors, or sporadic followers 

of CNBC’s Mad Money—to invest in this hot new stock. They do not know the ins and outs of 

the company. They have not read through the annual reports of the companies, and they certainly 

have not performed any due diligence that an equity research analyst at a large investment bank 

would perform. Yet they too choose to buy into the stock, and a bull market ensues. Eventually 

the price will rise to a certain level where the strong holders realize that it has reached their price 

target—the fair value at which the stock should be priced—or possibly that the stock is 

overvalued. The strong holders will make the informed decision to sell the stock. However, since 

there is still a significant amount of euphoria and bullish activity in the stock, the strong holders 

will be able to dispose of their holdings without greatly affecting the price of the stock. This is 

known as the distribution phase. 



18 

 

On a graph this is noticeable because there is a large spike in the volume of stock traded, 

and yet there is no change in the price. Shortly after this happens, the stock price will begin to 

fall. Now that the main holders of the stock are weak holders, the fall of the stock price will lead 

to a waterfall of disposition of the stock, and a downward move in the stock price. This will 

continue until the strong holders believe that the selling activity has driven the price down far 

enough that the stock is undervalued and it is a good time to purchase it. They will then buy large 

amounts of the stock again. Since selling activity is still going on, strong holders are able to buy 

stock without affecting the price. Again, a large volume will be seen yet little price movement 

will occur. As a result, a bull market will again be created and the cycle continues. 

Larger macroeconomic cycles follow the same secular patterns on a longer timeframe. 

Historically, financial markets move in not only cyclical patterns (4-5 years) but also in secular 

patterns (roughly 20 years). In the 1980s and 1990s, the United States found itself in a secular 

bear market. Investors were able to easily make double-digit returns by investing in the 

NASDAQ or S&P 500. From 1995 to 1999, investors in the S&5 500 received annual returns of 

37%, 23%, 33%, 28% and 21%. These returns not only created a market euphoria which 

eventually led to the crash known as the Dot-Com Bubble Burst, but also market a larger turning 

point in equity markets. Since the 1980s, investors who bought into the “buy and hold” strategy 

had done quite well. Investors who bought the S&P on January 2, 1980 would have paid $105.76 

per share. By January 1, 2000 these shares would have been worth $1496.25—a total increase of 

1289% or an annualized return of 14.06%. This was followed by what is now being called “The 

Lost Decade” of stocks. The current S&P 500 is trading at $1410.44 as of August 27, 2012, 

below its close at the turn of the millennium. While nominal returns over the past decade have 
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been near 0%, an examination of real stock prices exposes the Lost Decade for what it really is—

a secular bear market. From 2000 to 2012, real stock prices have fallen roughly 35% to 40%.  

 

Source: “Investing in the Lost Decade” by Martin J. Pring 

Even more interesting is the noticeable pattern illuminated in the image above. Our 

current secular bear market has moved almost identically to its average movement over the past 

three secular bear markets. No mathematical or statistical models are needed to realize that this is 

not a mere coincidence. The chances of markets making identical movements over four twenty 

year periods under random motion that we must conclude that financial markets instead follow a 

pattern of chaos discussed earlier. In this case, the each secular bear market started at a similar 

condition: with a past of a multi-decade bull market. As a result, each secular bear market has 

unwound in a very, very similar manner.  

 



20 

 

CONCLUSION 

 As this paper has made evident, there are distinct and recognizable patterns that exist in 

financial markets. The assertion that markets would move by random motion given this 

knowledge is incorrect, because the mere existence of predictable patterns contradicts the notion 

that markets are random. The efficient market hypothesis, and the idea of random motion, was 

conceived to explain what appeared to be an unpredictable market. But markets are by no means 

random; rather, they are chaotic. While they follow what may appear to be random motion, there 

exists both an underlying structure and an order. When given certain conditions, such as 

illiquidity or speculation, markets will historically behave the same, making them remarkably 

predictable once a market observant recognizes the factors that contribute to these patterns. 
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ABSTRACT 

This paper explores the efficient market hypothesis, a popular academic theory that 

explains movements in asset prices as a random walk. I provide empirical evidence as to why 

this theory fails to describe much of the behavior in financial markets, and introduce an opposing 

theory—chaos theory—to explain these fluctuations. I also provide systems for predicting and 

exploiting these market fluctuations to achieve a portfolio return that is greater than the broader 

stock market’s return. Additionally, this paper analyzes bubbles and market crashes to show how 

they are inconsistent with the efficient market hypothesis, and proposes an “Accumulation-

Distribution” model as a more accurate model for explaining market cycles. 

 


