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Executive Summary 

 

The crossing of a popular index through a large round value, such as 6000, receives large 

attention in the popular media and business press. The media coverage suggests that large 

round values present resistance or support areas and therefore mark the beginning or end of a 

trend. Neo-classical finance theory, which relies on the assumption of homo oeconomicus, 

includes insights such as the Capital Asset Pricing Model, the Arbitrage Pricing Model and 

the Efficient Market Hypothesis. Those theories are incompatible with the implications of 

resistance points around large index values. According to those theories, every cycle in stock 

market development is self destroying and as a consequence, no point or pattern in chart 

development should have any predictive qualities. Since the excessive media coverage of 

passages of influential indexes through round values cannot be explained by means of neo-

classical finance theory, as it is taught at most universities, the question remains if there is any 

basis to the large attention it receives. The practice of technical chart analysis, opposed to 

neo-classical theory, entails that certain patterns in chart development do indeed have 

predictive qualities and can be profitably exploited. Resistance and support areas, even though 

not necessarily at round values are very central to technical analysis. The main criticism for 

technical chart analysis is its lack of a sound theory. That criticism cannot be dismissed but 

behavioral finance and cognitive science suggest that the potential mistakes of market agents 

are highly correlated. Neo-classical theory assumes that mistakes will be neutralized through 

arbitrage but other cognitive science postulate that certain mistakes are caused by behavioral 

predispositions and can hardly be avoided. The patterns used in technical chart analysis could 

be a reflection of such biases. Empirical tests of the predictive abilities of technical trading 

strategies are usually not successful if data snooping bias is taken in to account. An 

investigation, particularly directed to resistance points at large round values showed similar 

results: There is an abundance of heuristics, such as availability bias and anchoring effects, 

suggesting that a particular significance of large round values for the index development is 

likely. Nevertheless, the significance of such values could not be proven in an empirical 

investigation. Behavioral Finance, as well as other cognitive sciences strongly suggest that 

large round index values influence traders more than other random values. However, if such 

an influence exists it does not seem systematic enough to prove it empirically or exploit it 

profitably.    



 

3 

 

 

Table of Content 

 

Introduction ............................................................................................................................................. 4 

The Weaknesses of Neo-Classical Finance Models ................................................................................. 8 

Technical Chart Analysis ........................................................................................................................ 19 

Theoretical Support for Technical Chart Analysis ................................................................................. 28 

Technical Trading Rules and Data Snooping ......................................................................................... 37 

Round Index Values as Natural Resistance Points ................................................................................ 45 

Round Index Values in the Popular Media ............................................................................................ 45 

Exemplifying the Potential Importance of Round Values ..................................................................... 47 

Theoretical Basis for Natural Resistance Areas ..................................................................................... 48 

Quantitative Investigation ..................................................................................................................... 59 

Previous Research ................................................................................................................................. 59 

Methodology ......................................................................................................................................... 61 

Results ................................................................................................................................................... 63 

Conclusion ............................................................................................................................................. 68 

Bibliography ........................................................................................................................................... 71 

 

 

 

 

 

 
 



 

4 

 

Introduction 

 

 

Motivation to choose the topic 

Classical capital market theory, as it is taught at most universities, does not leave any room 

for psychological or cognitive biases. The building blocks of the neoclassical finance school, 

such as the Capital Asset Pricing Model and the Arbitrage Pricing Theory, rely on the 

assumption of market agents behaving as homo oeconomicus. According to this assumption, 

market agents act rationally and will maximize their return for a given risk in any situation.  

For those reasons, I found it very noteworthy when I first read about “psychologically 

important” chart values in the business press. This term is typically used whenever a popular 

index breaks through a large round number. Articles referring to “psychologically important” 

values can be found in well recognized national newspapers as well as the international 

business press. All of those articles suggest that round values such as 6000 points can serve as 

support or resistance areas. The development of a particular index is likely to be reflected 

back at those values. However, if the index breaks through the round values, certain 

consequences become likely. If the round values has previously presented a resistance point 

and the index value did previously not manage to overcome this point, further rises become 

likely until the index meets another resistance point. If, on the other hand, the round value 

presented a support area that the index has previously not broken though, a further decline 

until the next support point is suggested. Nevertheless, it remains unclear what those 

predictions are based on. The fact that psychological bias as well as repetitive cycles in chart 

development are not compatible with modern capital market theory, most notably the 

Arbitrage Pricing Model, make the large media coverage whenever an index crosses a round 

value even more puzzling. The Arbitrage Pricing Model suggests that biases and cycles will 

be recognized and eliminated by arbitrageurs. Could the authors of before mentioned articles 

stand up to this apparent incompatibility of their claims with neoclassical finance theory?  

From an academic perspective, which relies on the neoclassical finance theory, a 

psychological influence on the capital markets does not make any sense. Nevertheless, the 

magnitude of media coverage quoting “psychologically important” chart values is hard to 

ignore. Furthermore, one might remember that round values do play a significant role in the 

pricing literature. Modern pricing literature suggests that the demand curve is not simply 
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downward sloping, but is kinked at prices such as $9.99. A similar cognitive bias could 

possibly have an effect on capital markets too.  

The inability to get the media echo of the round value crossings in line with the insights of my 

finance studies has created the desire to investigate if there is a basis for the large media 

coverage.  

 

Scope of the research question 

In the following pages I aim to answer the question if large round index values present natural 

resistance or support areas. I will investigate if there is sufficient supporting theory in 

behavioral finance and technical analysis to conclude that biases are likely to occur at round 

index values. Furthermore, I will test if those resistance and support areas occur in a 

systematic pattern that could be quantitatively investigated and possibly be exploited to 

achieve superior returns in trading. 

Popular media and the business press suggest that round values present a natural resistance 

point for both influential indexes and individual stocks. This thesis will focus on the 

performance of the DAX, the German stock index. The media coverage surrounding the 

crossing of a round values is the same across many countries and cultures but I am most 

familiar with the German media landscape and stock index development. My focus does not 

include individual shares because they are less influential from a market perspective. An 

index such as the DAX serves as an indicator for the development of the stock market in 

general. The DAX index is very prominent and its performance is observed carefully by 

professional analysts and private investors. Many investors anchor their expectations for 

individual stocks on the performance of the DAX. If cognitive biases that influence investors 

expectations by e.g. crossing a particular round value, it is likely that such biases would be 

present in an index such as the DAX.  

If one starts to investigate the topic of resistance points at large round values one will quickly 

be confronted with technical chart analysis as well as behavioral finance. Technical chart 

analysis considers repetitive patterns in chart development and builds on the hypothesis that 

those patterns will repeat themselves. Accordingly certain patterns serve as buy signals while 

other patterns are treated as sell signals. The main criticism of technical chart analysis remains 

to be the fact that there is little theory of what those particular patterns reflect. Why those 
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patterns should repeat themselves in the future also remains unclear. Behavioral finance, on 

the other hand, investigates biases and heuristics that prevent market agents to always act 

rationally. This school of thought is very critical towards the neoclassical finance school since 

it constantly challenges the assumption of homo oeconomicus. The two lines of thought are 

usually not interlinked but are both equally relevant to the investigation of the media 

phenomenon accompanying the penetration of large round values of popular indexes.    

In this thesis I will attempt to interlink behavioral finance and technical chart analysis in a 

way in which behavioral finance will provide a theoretical background to the patterns that are 

investigated in technical trading. In doing so, I will investigate if the media coverage has any 

theoretical basis and if it is measurable and could possibly be exploited. To answer the former 

question I will quote theories of behavioral finance and to answer the latter I will utilize 

technical trading techniques. 

   

Link to Contemporary Discussion and Finance Studies 

The topic is very contemporary. Neo-classical finance theory has suffered in reputation during 

the recent financial crisis. Among other influencing factors, the recent crisis has been caused 

by a bubble in the U.S. housing market and a drastic devaluation of numerous derivative 

securities. Models building on neoclassical finance theory have not only failed in predicting 

that crisis but have may have contributed to it by causing miscalculation of risk and 

mispricing of securities. Any discussion that investigates the accurateness of neo-classical 

models and the influence of behavior as well as psychology is therefore very up to date. From 

the perspective of a finance student who is finishing his degree, the topic is interesting 

because it challenges many theories that he/she has learned during his/her degree. Technical 

trading offers a drastically different view and toolbox to consider market trends. Many 

implications are opposing the insights of the theories that are part of the typical finance 

curriculum at University. No matter if the neo-classical theories will be approved by the end 

of this thesis or not, it is interesting to challenge the assumptions that are implicit not only to 

financial theory but to most economical thinking. Furthermore, the analytical capacities that 

one acquires throughout a Master degree should enable, not only to understand the coverage 

of financial topics in the media, but also be able to critically evaluate its economical value. 
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The objective of this thesis is to encourage criticality towards the assumptions behind 

financial models as well as criticality when reading the financial press.  

 

Structure of the thesis 

In the first part of this thesis I will briefly describe some of the models that are central to the 

neoclassical school of finance. Those models will be critically evaluated using insights from a 

number of influential papers. Most notably the question will be posed if the assumption of 

market agents that act rationally in every situation is a realistic one. In the next part, technical 

trading will be presented as an alternative approach that does not rely on the assumption of 

homo oeconomicus but attempts to utilize the irrationality of many market participants, which 

is reflected in repetitive patterns, to make profit. The most prominent trading techniques as 

well as a short historical overview will be presented. A general discussion of technical trading 

makes sense in the context of this thesis because support and resistance areas are a well 

known phenomenon in technical trading, even though they are not necessarily located at 

round values. Critics of this technique claim that it is a philosophy rather than a science. The 

lack of theoretical foundation is the biggest weakness of technical trading. For this reason, in 

the subsequent part, I will present a number of theories that could lend some support to 

technical trading. Even though it may not be possible to build a sound theoretical foundation 

to technical trading in necessary details, there are many theories that suggest that financial 

markets are not free of behavioral bias and group dynamics. Those biases and group dynamics 

could possibly reflect themselves in repetitive chart patterns. After, testing if success based on 

technical trading rules is theoretically possible, it will be tested if the superiority of it can be 

proven when applied to an extended data series. The question of data snooping is very central 

in this context. An extensive analysis of a paper by Sullivan, Timmermann and White (1999) 

will be helpful in evaluating if the success of technical trading rules can be practically proven.  

After investigating technical trading in general in the first part, the main part will be dedicated 

to the phenomenon of resistance/support areas at round values in particular. An approach, 

very similar to the first part, will be used. First, the situation will be exemplified through a 

graph depicting a period that has been selected because it seems to justify the extensive media 

coverage. Secondly, a large number of insights from behavioral finance will help to build a 

theoretical foundation and show that a cognitive distortion at round values is not only possible 
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but also likely. After considering the theoretical sides, the past literature and some practical 

tests as well as numerous regression analyses will help to investigate if the existence of 

natural resistance points can be proven in a practical context.  

The structure of the thesis allows to investigate if the claims of” psychologically significant 

barriers”, made by the media, have a theoretical basis and also if they have a practical value.  

 

  

The Weaknesses of Neo-Classical Finance Models 

 

Introduction to Neo-classical Theory of Finance 

Due to the repetitive occurrence of market bubbles and their drastic effect on the economic 

wellbeing of billions of people worldwide, the neoclassical school of capital market theory 

has faced a lot of criticism. Nevertheless, we still heavily rely on the same models that have 

proven to be problematic in the past, to analyze financial markets today. In the following I 

would like to review some of the pillars of the neoclassical school and will later contrast them 

with some alternative approaches that do not rely on the assumption of homo oeconomicus 

and the efficient market hypothesis.   

According to Brealey-Meayers’ book “Principles of Corporate Finance” (2003), a common 

stock is essentially valued, like any other asset, as the discounted value of its future earnings. 

Shareholders receive earnings in the form of dividends. Therefore, 

PV(stock) = PV (expected future dividends) 

One might find it surprising that capital gains in the stock value are not accounted for in this 

formula. If we take in to account that the investor wants to sell the stock in period 2 the 

formula becomes 

Price in Period 1 (stock) = PV (dividends in period 2) + PV (Price in Period 2) 

The price in period 2 will be determined by the PV of dividends in period 3 plus the PV of the 

price in period 3. One can continue to replace the price of the next period by the PV of 

dividends and price in the subsequent period. Since the lifetime of a corporation is 
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theoretically infinite the PV of the stock price will eventually approach zero when discounted 

back to the present value. We can therefore disregard the terminal value and express today’s 

share price as the present value of expected future dividends (Brealey & Meyers, 2003). Even 

companies that do currently not pay any dividends at all can be valued this way. The value of 

the stock is derived from the prospect of future dividends. Since we can reasonably expect the 

value of distributed dividends to rise or shrink over time, the function for price in period 1 can 

be expressed as 

�� �  
����

	 
 �
 

The dividend in period 2 is used to construct a perpetuity formula and the denotation g 

represents the growth rate. Applying a constant growth rate is of course far too simplistic and 

will lead to imprecise values (Brealey & Meyers, 2003). Nevertheless, it is very useful as a 

rule of thumb and applying varying growth rates is tedious work but does not present a 

mathematical problem. The denotation r represents the opportunity cost of capital and is 

derived from the rate of return of other securities with the same risk.  

So far the concept of risk has not been explained. To measure the risk of an individual 

security or portfolio of securities most financial experts rely on the capital asset pricing model 

(CAPM).  

 

The Capital Asset Pricing Model 

The CAPM can be intuitively derived when recalling that investors will face an efficient 

frontier for the construction of their portfolio. This portfolio of risky assets will be combined 

with a riskless asset and if unlimited riskless lending and borrowing is introduced, the 

portfolio of risky assets will be the same regardless of the investor’s risk preferences. If every 

investor will hold the same portfolio, this must be the market portfolio (point M in the 

following figure). The straight line connecting the riskless asset and the efficient portfolio is 

known as the Capital Market Line and can be denoted as 

� � �� �
�� 
 ��

��

�  �  
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The expression 
�����

��
 describes the market price risk for the efficient portfolio (Elton, 

Gruber, Brown, & Goetzmann, 2007). The expected return is therefore a function of the return 

of the riskless asset plus the market price of risk multiplied with the amount of risk.  

Like any other theoretical model, the CAPM relies on a number of assumptions. The 

assumptions of the standard form of the CAPM are: 

1. No transaction costs 

2. Assets are indefinitely divisible  

3. No personal income tax 

4. An individual cannot affect the price of the stock by his buying or selling action 

5. Investors make decisions solely based on the expected values and standard deviations 

of the returns in their portfolios 

6. Unlimited short sales are allowed 

7. Unlimited lending and borrowing at the riskless rate 

8. Investors have the same time horizon 

9. Investors try to avoid risk 

10. All assets are marketable1 

Given assumption number 9 every investor will hold the efficient portfolio since he/she 

wishes to diversify the risk away as much as possible. In such well diversified portfolios 

nonsystematic risk will be close to zero and the only relevant risk is systematic risk. The 

appropriate measurement unit for systematic risk is β. Beta measures the development in a 

security given that the market moves in a certain direction. E.g. a β of 1.5 for the stock of XY 

Company would mean that if the market moves by one the stock of XY will move by 1.5. 

Mathematically β can be expressed as 

 �� �
�� �

��
�

 

Meaning that β is a function of the covariance between the variance of the market and the 

variance of the individual security divided by the standard deviation of the market (Elton, 

Gruber, Brown, & Goetzmann, 2007). If investors will only be rewarded for bearing 

systematic risk, which follows from assumption nine, we can derive the following notation of 

the CAPM: 

                                                           
1
 (Elton, Gruber, Brown, & Goetzmann, 2007) 
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�� � �� � ��� 
 ��� � � 

The efficient portfolio, which is the market portfolio since every investor is holding it, has a β 

of one.  

2 

Every security must obey to this formula. If one individual security would have the same β as 

a certain portfolio on the capital market line but a higher return this would present a riskless 

arbitrage opportunity (Elton, Gruber, Brown, & Goetzmann, 2007). Let us assume security A 

has an expected return of 15% and portfolio B has an expected return of 9%. Both have the 

same β value of 1.4. 

 

 Cash Invested Expected Return Beta 

Portfolio B -$100 -$9 -1.4 

Security C $100 $15 1.4 

Arbitrage Portfolio $0 $6 0 

 

In this case one could short sell Portfolio B and buy Security C to gain a riskless profit. Such 

opportunities will be quickly exploited and cannot exist for long. Only securities that lie on 

the capital market line are correctly and sustainably priced. The school of thought which is 

build up on the CAPM, which in turn is very interlinked with the efficient market hypothesis, 

is often referred to as neoclassical approach. 

                                                           
2
 Retrieved from http://www.duke.edu/~charvey/Classes/ba350_1997/capm/capm36.gif on 27.02.10 
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Weaknesses of the Capital Asset Pricing Model 

There are other nonstandard forms of the CAPM that relax some of the assumptions that have 

been made. There are for example models that allow for absence of riskless lending and 

borrowing, the inclusion of income taxes or the non marketability of some securities. 

However, points eight and nine that describe the existence of heterogeneous expectations are 

necessary for the validity of the model. Montier identifies this fact in his book “Behavioural 

Investing” (2007) as one of the main reasons, why the CAPM fails so often in practice. He 

draws on his practical experience in the financial industry as well as anecdotal evidence and 

claims that investors do in fact not use the optimized portfolio presented in the CAPM theory 

and also do not use variance as a description of risk. Instead they simply define an acceptable 

degree of risk and try to achieve the highest return possible. Montier’s skepticism towards the 

CAPM does not seem unjustified since a large investigation of stocks on the NYSE, AMEX 

and NASDAQ by Fama and French (2003) shows that returns of low β stocks are consistently 

undervalued whereas returns of high β stocks are consistently overvalued. There is evidence 

that the CAPM is not a good description of reality even though it is so central to the 

contemporary understanding of the financial markets.  

 

Arbitrage Pricing Theory  

It has been shown that the CAPM is somehow problematic. However, while the CAPM 

assumes that every investor holds the same risky assets in the same proportion, the Arbitrage 

Pricing Theory (APT) is less rigid in its assumptions. The APT even accounts for irrational 

behavior of some market participants. The essence of this theory is that if prices drift away 

from the security market line, the action of observant investors will drive the security back to 

the security market line, by increasing demand or supply. I will use an example from Elton et 

al (2007) to demonstrate the functionality of the APT using a two index model. 

�� � �� � �� � �  �� � �� � �  �� � � 

ai   = the expected value of return on stock i if all indices have a value of zero 

I1 and I2 = the value of index number one and index number two respectively. Both 

impacts the price of stock i 

b1 and b2 = the sensitivity of the stock to changes in index one and two respectively  
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e = random error expected that is to be zero 

Similar to what we have seen in the CAPM, the investor will only be rewarded for bearing 

systematic risk since non-systematic risk can be diversified away. The terms b1 and b2 

describe the systematic risk. I will now use three different portfolios to determine the plane 

that describes the market.  

Portfolio Expected Return bi1 bi2 

A 15 1 0.6 

B 14 0.5 1 

C 10 0.3 0.2 

 

Three points are enough to determine a plane and by taking the three portfolios described 

above, the plane can be mathematically described as: 

Ri = 7.75 + 5 bi1 + 3.75 bi2 

On this plane lies an infinite number of portfolios and combination of portfolios. E.g. a 

portfolio (A) with bi1 of 2 and bi2 of 1.2 provides an expected return of 22.25.  

However if we imagine another portfolio (B) with bi1 of 2 and bi2 of 1.2 that provides an 

expected return of 25, following arbitrage opportunity would present itself: 

 Initial Cash  

Flow 

End of Period Cash 

Flow 

 

bi1 

 

bi2 

Portfolio A +$100 -$122.25 -2 -1.2 

Portfolio B -$100 +$125 2 1.2 

Arbitrage Profit 0 $2.75 0 0 

 

If any investor will invest in portfolio B and at the same time short sell portfolio A he will 

have no initial investment since he invests $100 for the former deal and receives $100 for the 

later deal. Since portfolio A has the same bi1 and bi2 values in negative form as portfolio B, 

they will cancel out. Nevertheless, since the expected return is different, the investor will 

make a riskless profit of $2.75. Such an opportunity will not exist for long since the demand 

created by the arbitrageurs will change the price and expected return of portfolio B. Since two 
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securities of the same risk cannot have different returns any deviating portfolio will be 

quickly driven back to the market plane by observant arbitrageurs.  

This simple two index model can easily be expanded to include several indexes but the basic 

functionality will remain the same.  

 

Limits to Arbitrage 

Both the CAPM and APT model rely on the assumption that arbitrageurs do not have any 

capital constraints and do not face any risk. However, the paper “The Limits of Arbitrage” by 

Andrei Shleifer and Robert W. Vishny (1997) contains convincing arguments suggesting that 

reality is much different. In reality every investor is constrained in his resources and he will 

face the risk of bankruptcy when opening a large arbitrage position. The risk of bankruptcy 

stems from the fact that the securities that present an arbitrage opportunity might be out of 

equilibrium for a long time and even though there might be a profit to be made in the end of 

the period, the investors might not have the resources to hold the position long enough. One 

possible solution would be the existence of millions of small arbitrageurs, each of which only 

taking a small position but collectively bringing the market back in to equilibrium. Small 

positions would mean less severe capital constraints and would indeed be almost risk neutral. 

However, in reality it is unlikely that there are a sufficient number of small traders that have 

the knowledge and sophistication to engage in arbitrage. It is much more likely that arbitrage 

is conducted by few specialized professionals who use their knowledge to manage the 

resources of large outside investors. This division of trading expertise and ownership gives 

rise to further problems that limit the effectiveness of arbitrage. Shleifer and Vishny (1997) 

use the following example to demonstrate that arbitrage can be more difficult than the typical 

textbook examples: Two German bond contracts with the exact same properties are traded for 

$240 000 in London and for $245 000 in Frankfurt. The trader will buy the security in London 

and sell a future contract to be delivered at time t in Frankfurt. Now imagine that at time t the 

price of the contract in Frankfurt has increased to $250 000 and is still $240 000 in London. 

The prices have diverged even further. The potential arbitrage profit has increased but for the 

time being, the trader will lose $5000 on the future contract. It will further be assumed that his 

investors do not have the same expertise in matters of arbitrage. Presumably they will observe 

the loss and possibly question the trader’s performance. The arbitrage opportunity seems even 
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more attractive now and will eventually pay off but the loss of money in the previous period 

might cause investors to withdraw some of their funds. The same dynamics that increased the 

arbitrage opportunity can cause a lack of funds when they are most needed.  

The paper suggests that profits from arbitrage cannot be realized with a probability of one. 

However, this assumption is the basis of the CAPM, the APT and many other theories of 

neoclassical finance.  

  

Random Walk and Efficient Markets 

In 1953 Maurice Kendall presented a paper about price patterns to the Royal Statistical 

Society. The remarkable point of the paper was that instead of the regular price cycles he 

expected to find, it appeared that prices developed randomly and without any influence of past 

prices. The price development seemed to follow a random walk. Brealey and Meyers (2003) 

use the following example to exemplify a random walk: A person is given $100 and each 

week a coin is tossed. Head will mean that the person will gain 3% and Tail means one loses 

2.5%. After the first week the person will either have $103 or $97.5. The next week the coin 

is tossed again and it is purely due to chance if the person will lose or win. Last week’s 

development does not have any predictive power since all price changes are independent from 

one another.  

Many followers of the neoclassical school view the development of a stock or index as a 

random walk with drift, which can be denoted as 

 ! �  " �  !�� � # 

This means that the value of Y in period t is depended on the value Y in the preceding period 

and the drift parameter ". The term # simply represents a random error which has an expected 

value of zero (Gujarati, 2008). The value development will increase if the " takes a positive 

form and decrease if it is negative. According to the neoclassical school " can be estimated in 

the long term using market fundamentals. In the short term it is extremely difficult or even 

impossible to forecast. For this reason, the random walk theory advocates a buy and hold 

strategy. 
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The random walk theory is the basis for the efficient market hypothesis. Price cycles do not 

exist. If they would, investors would anticipate them and trade the respective stock. As a 

result, the prices will adjust quickly and eliminate the profit opportunity arising from studying 

past data. This implication is contrary to the theory of technical analysis that will be presented 

later on.  

The efficient market hypothesis describes three forms of market efficiency. The different 

forms are distinguished by the degree of information that is reflected in today’s share price 

(Brealey & Meyers, 2003). 

 Weak Form of Market Efficiency 

In this level of efficiency, security prices reflect all information contained in the record of past 

prices. Prices follow a random walk and it is therefore impossible to consistently beat the 

market.  

 Semistrong Form of Market Efficiency 

In addition to the information contained in past price, today’s security prices also include all 

public information that is available, such as earning forecasts, decisions about M&A etc. 

 Strong Form of Market Efficiency 

According to the strong form of market efficiency, today’s security prices already contain all 

information that could possibly be acquired by company or macroeconomic analysis. Superior 

profits would be a matter of sheer luck and cannot be due to investor sophistication since all 

possible information is included in the price already.  

The efficient market hypothesis is very interlinked with the before mentioned theories. It has 

already been demonstrated that each of those theories is somehow problematic when being 

tested in real life. However, some scholars go as far as to question if there is even any sort of 

reasonable relationship between security prices and market fundamentals. 

 

General Critic of Using Fundamentals 

The CAPM, as it is presented in this thesis, has been developed by Sharp, Lintner and Treynor 

in the early 1960’s (Montier, 2007). It is therefore well aged and has endured great 
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developments of the financial markets. It is possible that in the future there will be a scholar 

who manages to derive a form of the CAPM that better describes the reality we observe in our 

financial markets. There could also be another, innovative model that uses market 

fundamentals to describe expected returns and risk of securities. However, there are signs 

suggesting that many market developments happen completely detached from developments 

in market fundamentals such as changes in corporate control, regulatory policy, changes in the 

macroeconomic environment or other factors that influence the projected future earnings of a 

given company. Cutler et al describe in an article named “What moves stock prices?” (1989) 

that more than half of the variance in stock prices cannot be explained on the basis of publicly 

available news bearing on fundamental values. His research is motivated by the apparent 

absence of fundamental economic news coinciding or possibly influencing the stock market 

crash in late 1987. Cutler et al investigate the data series 1926-1985 for monthly returns and 

1871-1986 for annual returns. They regress the return of NYSE on a number of 

macroeconomic indicators. Different model specifications, including different numbers of 

lagged values, are tested and none of those values can achieve a � � value that is significantly 

over 50%.  

Cutler et al’s model is not without shortcomings. Noticeably, his definition of fundamental 

economic news does not include data on e.g. the development of the labor market. Generally, 

it is incredibly difficult to define the whole universe of information that could influence a 

company’s future cash flows. Furthermore, Cutler et al’s model is likely to underestimate the 

large time horizon that has to be considered when valuing stocks. A corporation does 

theoretically exist indefinitely and therefore dividends have to be discounted back from 

perpetuity when valuing stocks. Changes in expectations about long term dividend 

developments are probably not reflected in most macroeconomic indicators used by Cutler et 

al. In the following I will exemplify the problem: 

PV(stock) = PV (expected future dividends) 

Stocks are valued as the present value of all expected future dividends. For the midterm 

horizon an analyst might be able to estimate the values but for the longer term he will have to 

apply a perpetuity formula. 

43,3 = 
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In this example the analyst estimated the dividends for the first seven years. His estimate is 

influenced by macro economical variables and other fundamentals. The longer the horizon, 

the more difficult it is to estimate. For the 8th period he applies a perpetuity formula and 

estimates the growth rate to be 6%. Few days later he reads a journal that reports that the 

resources of lithium, a product that is needed for the production process of company A, are 

diminishing. In the short run this development is not dramatic since lithium only represents a 

small part of company A’s production requirements. However, he will change the growth rate 

of the perpetuity formula from 6% to 4% based on the news.    
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As a result, the value of company A’s stock that the analyst has calculated has diminished by 

31,24%. This is a large decrease by any means. A small change in the discount factor would 

have a similar effect. Cutler et al do not take into account that small changes in the perpetuity 

formula will make a big difference. This uncertainty about the very long run could explain the 

large volatility of stock markets without questioning the neoclassical approach. 

 

Résumé 

 The paper by Cutler et al exhibits certain weaknesses. The influence of fundamentals on 

stock values cannot simply be disproven. Nevertheless it is interesting to consider that the 

development of stock prices might be influenced by more than just fundamentals that have a 

reasonable influence on future cash flows. Maybe the most basic assumption of our economic 

and financial theory, being that market participants optimize their outcome and make 

decisions without being influenced by things such as emotions, is fundamentally flawed.  In 

the following I want to explore some alternative ways of explaining stock price fluctuations 

that do not rely on market fundamentals and do not rely on the assumption of market players 

making optimized choices, rational decisions and acting as homo economics.   
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Technical Chart Analysis 

 

The efficient market hypothesis, CAPM, APT and other pillars of the neoclassical school 

advocate that markets have no memories and that historical price movements have no 

predictive quality. Furthermore, the neoclassical school teaches to trust that current market 

prices are correct and that it pays off to study company’s balance sheets to make prediction 

about the future direction of stock movements (weak, or semi strong form of efficiency). 

Technical chart analysis describes a discipline that disregards all those lessons and is largely 

detached from all market fundamentals. Rather than fundamental information that could 

reasonably influence the earning forecast of a given company, technical aspects are concerned 

with patterns in chart movements and developments that have repeated themselves over 

history. It stands in stark contrast to the random walk theory since it assumes that past prices 

do indeed have predictive power. 

Followers of the technical analysis scan different charts for familiar patterns and use those to 

forecast turning points, trends and other developments. Often indexes are observed rather than 

single stocks. The reasoning why the market is considered in a broad context is that a severe 

market drop will create a dynamic that causes the value of all securities to decline. People in 

panic will sell all securities they can find a market for in order to compensate for the securities 

they cannot get rid of (Tvede, 2002). This will create downward pressure on all securities. 

Technical trading techniques were extremely popular in the end of the nineteenth century, 

partly because timely and reliable information about market fundamentals was hard to come 

by (Mayall, 2006). Charles Henry Dow, the founder of the Wall Street Journal and the Dow 

Jones Financial News Service is credited as being one of the pioneers of technical analysis. 

Between 1900 and 1902 Dow published a series of newspaper articles on mechanisms in 

stock price movements (Tvede, 2002). He combined a number of industrial stocks in ”the 

industrial average” and a number of transportation stocks in to the “the rail average”. Among 

other things he observed that certain support and resistance areas give price signals, volume 

supports price, a rising trend is intact as long all new peaks and troughs are rising, the 

contrary for a falling trend, and that trends have to be confirmed by both indexes. Those 

insights are fundamental to technical analysis until today.  

In the middle of the twenties century the efficient market hypothesis and the random walk 

theory started to develop and the incompatibility with technical analysis discredited technical 
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trading styles. According to the Efficient Market Hypothesis historical prices do not play any 

role in forecasting future prices. The rise in the popularity of the Efficient Market Hypothesis 

therefore meant a decline for technical analysis. However, technical analysis has regained 

some of its popularity. The bust of the dot.com bubble and accounting scandals such as Enron 

have shown that analysis based on fundamentals is not without flaws (Satchwell, 2004). 

Today a great number of computer programs is available and enables non professional traders 

to react to technical trading signals (Mayall, 2006). Nevertheless, many scholars, traders or 

journalists are still extremely skeptical about technical analysis. Hanno Beck has published an 

article in the Frankfurter Allgemeine Zeitung in which he goes as far as comparing any 

forecast based on technical factors to forecasts based on a crystal ball, astrology or cards. The 

apparent success of some technical traders is discredited as data mining and the theoretical 

basis of technical chart analysis is being titled as “fool’s gold”  (Beck, 2010). Other articles 

are not as drastic in their choice of words but do still agree with the criticism. The main point 

of criticism is the lack of theoretical basis for technical chart analysis. Most critics correctly 

remark that just because certain patterns have been observed in the past, there is no reason to 

think that the same will be true in the future. It is true that most literature about technical 

analysis or traders being influenced by technical considerations are not particularly concerned 

with the question of why it works. I will later show that behavioral finance can provide a 

broad foundation for technical chart analysis in general. On the following pages I will 

describe some of the patterns in chart development that are interesting from a technical 

perspective.   

 

Resistance and Support Areas 

The idea of resistance and support areas is very essential to the understanding of technical 

analysis and a key aspect of this thesis. Prices move sideways most of the time. However, if 

they climb or fall they will face resistance or support areas. Resistance areas are established at 

points at which a rising trend stops. Correspondingly, a support area is the point at which a 

falling trend stops. There are two factors that are particularly important in determining how 

strong a resistance/support area is: Firstly, the length at which the stock is traded at the same 

price and secondly the volume of trades that occurs at that price. The longer a stock is traded 

at a particular price, the more likely it is that traders will remember this price and use it as a 

mental anchor. Numerous attempted but unsuccessful challenges of a particular price will 
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have the same effect. If a price breaks through a resistance/support area that is credited with 

the before mentioned characteristics, it is very likely that a trend has been established. Every 

trader’s objective is to buy in the early phase of a trend and sell before the trend reverses. 

Some resistance and support areas are the starting or ending points of a trend and some do just 

temporary slow it down. It is of upmost importance for any successful trader to recognize 

what implications a particular resistance/support areas has for the trend.  

Experience has shown that a trend is usually not reversed from one day to the other. Under 

normal circumstance the market will go through a transitional period (Pring, 2004). Very 

often those periods exhibit particular patterns and a successful trader should be able to 

recognize them. To do so technical analysis offers the following tools:  

 

Filter Rules 

A standard filter rule can be described as follows: If the closing price of a given stock rises x 

percent, buy and hold that stock until it decreases by at least x percent from the subsequent 

high. At this point one should sell the stock and go short. If the price increases again by x 

percent one should cover and buy. The strategy described here is a standard x percent filter 

rule (Fama & Blume, 1966). 

 

Head and Shoulder Formation  

The term “head and shoulder formation” is frequently used to describe a particular chart 

formation that can occur after a long rise in prices. The formation is a warning signal 

implying that future prices are likely to decline (Pistoles, 2006).  
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3 

A head and shoulder formation should resemble the figure above. It is not particularly 

important that the shoulders are equally high. The important indicator is that a large head 

formation is preceded and followed by shoulder formations that are slightly smaller than the 

head formation itself (Pistoles, 2006). The head and shoulders formation can also take an 

inverted form which typically occurs after a long fall in prices. Such an inverted head and 

shoulder formation is interpreted as a signal that a sustainable rise in prices lays ahead. 

 

Moving Averages 

Moving averages are used to peel away the short term fluctuations and make a trend more 

visible. The most popular moving averages used to consider stock performance are the ones 

derived from the past 20, 50 and 200 trading days. The question of why those particular 

numbers of days have been chosen is rather unclear. It is assumed that concordant usage in the 

early stages of technical analysis has created a self fulfilling effect (Pistoles, 2006). Technical 

analysts will observe the interplay of at least two moving averages. Fluctuations in a single 

moving average are disregarded but if one moving average will cross the other this is 

interpreted as a buy or sell signal. One example for a strong buy signal is the so called golden 

cross, which describes the upward crossing of a rising short moving average through a rising 

long moving average.  

                                                           
3
Retrieved on 13.05.10 from  http://www.forex-trading-gurus.com/assets/images/head-and-shoulders-pattern-
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4 

The fall of a declining short moving average through a declining long moving average is 

known as a death cross and constitutes a strong sell signal (Tvede, 2002).  

There is a lot of criticism concerning this particular technique. Satchwell (2004) uses his 

research to remind us that some commonly used moving averages (e.g. 50 days) simply 

provide signals too late and are in fact destroying wealth. This effect is particularly severe in 

sideways moving markets that exhibit some choppy short term trends, which are often found 

in middle period of a larger trend when market participants are unsure if the trend will 

continue. Whenever trying to judge the effectiveness of moving averages as a forecasting 

technique one should not forget that the implications of the signal are actually quite trivial. 

The only important factor that determines if the short moving average will break through the 

long moving average is the time through which the trend prevails.  

 

Trend Lines and Channels 

Another method that is widely used is the practice of drawing trend lines. Trend lines are 

simple straight lines that are drown between the tops of rising markets and the bottoms of 

falling markets. The objective is to connect as many turning points as possible but a minimum 

of two should definitely be achieved (Satchwell, 2004).  If the tops are connected with a 

straight line and the bottoms are connected with another straight line technical analysts talk 

about a channel. 

                                                           
4
 Retrieved 04.08.10 from http://i.investopedia.com/inv/dictionary/terms/GoldenCross.gif and modified 
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5 

 

Traders applying technical trading rules will typically only follow a trend as long as the trend 

line is not broken. Especially if the channel is not particularly steep and fairly wide a crossing 

of the trend line would provide a strong signal. If, on the other hand the channel is narrow and 

steep, the trend is interpreted as being fairly sustainable. A crossing of the trend line would 

not be a particularly alarming signal (Tvede, 2002). Those implications of the wideness and 

grade of channels are almost self explanatory. Wide channels imply large volatility and steep 

channels can only be drawn if the trend is very strong and exhibits drastic increases/decreases 

of price. The drawing of trend channels is actually not much more than an extremely obvious 

visual help. The only logical reason, why small violation of the trend lines often have drastic 

consequences, e.g. if channels are wide and almost horizontal, is the fact that a great number 

of traders are drawing the same lines on their charts (Tvede, 2002). The trend is possibly 

reinforcing itself.  

 

Flags 

Flags represent a small market formation that is a correction rather than a trend reversal. A 

flag is typically formed if we observe a huge drop in volume. The figure exhibits a bullish 

flag which typically occurs if strong market rallies are interrupted by a number of days 

without significant price development. During the market rally, buyers outnumbered the 

sellers who were reluctant to leave the market, resulting in a small trading volume. After a 
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short period without significant price developments some traders will sense an opportunity to 

take home profits and start selling, which results in the downside movement. However, only 

after a couple of days the positive trend continues (Tvede, 2002). The almost vertical rise 

preceding the decline represents the flagpole and the parallelogram drawn from the trend lines 

during the days of declining prices represents the flag. 

6 

A bullish flag is observed if trading volume is low and sellers outnumber the buyers. The 

price will decrease drastically. However, this trend will be interrupted by a couple of days 

without significant development. Some buyers might sense an opportunity to enter the market 

cheaply but after a couple of days there will be a further steep decrease in prices. A flag signal 

only takes a couple of days to form and is therefore a very timely indicator. However, Pring 

(2004) puts forward that even though a flag is a very useful indicator it is increasingly 

difficult to find, which would ultimately question its usefulness. 

 

Elliot Waves 

Elliot waves are another widely used tool to forecast economic cycles and the turning point of 

trends. Many analysts seem to apply this tool successfully but like many other approaches in 

technical analysis it is poorly understood. Plummer (2003) calls the Elliot wave principle a 

philosophical approach rather than a scientific one, implying the lack of theoretical basis for 

this principle. The formula that describes stock market movements in a wave principle has 

been created by Ralph Nelson Elliot and has been published in1938 in his book The Wave 

                                                           
6
 Retrieved on 12.05.10 from 
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Principle  (Robert, 1980). The underlying principle of Elliot’s observation is that all bull 

markets consist of five waves, whereas all bear markets consist of three waves.  

7 

There are three impulse waves in every bear market. However, those upward movements are 

interrupted by two correction waves. The bear phase consists of two impulse waves and one 

correction wave. One important feature of this theory is that within a bull market every 

impulse wave itself consists of the five wave pattern observed in bear cycles and every 

correction wave consists of the three wave pattern typical for bear cycles. On the other hand 

every bear five wave pattern is part of a higher order upward movement and can take the form 

of either an impulse wave in a bull movement or a correction wave in a bear movement. 

Every bull three wave pattern is part of higher level downward shift and takes the form of 

either an impulse wave in a bear movement or correction wave in a bull movement. If we 

continue this thought infinitely the Elliot principle implies a theory of growth because the 

bearish three wave pattern will never completely retrace the bullish five wave pattern. Every 

bullish three wave movement will eventually be reversed (Plummer, 2003). The objective of 

every trader is of course to recognize the direction of the main trend. Elliot suggests following 

indicators. Firstly, the emergence of a rising five wave impulse pattern after a sharp fall in the 

market suggests further rises. Contrary, a falling five wave impulse pattern after a sharp rise 

suggests further decreases (Plummer, 2003). The system includes many derived rules and a 

great number of complications. The system is mathematically based on the Fibonacci 

Numbers  (Murphy, 1999) and very complex and difficult to apply. Furthermore, neither 

Elliot nor any other scholar has ever provided a reasonable explanation why the system 
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works. In his book “Nature’s law: The secret of the universe”, Elliot presents the theory, as 

the title suggests, as a rule given by nature  (Prechter, 1980). The time frame of the theory, as 

defined by Elliot, ranges from a “Grand Supercycle” lasting two hundred years to a 

“subminuette degree” lasting just a few hours (Murphy, 1999). 

 

Volume analysis 

In addition to analyzing the price pattern itself sophisticated analysts will also observe the 

trading volume and compare it to the average trading volume in order to confirm the observed 

trend. Prices increases that are not accompanied by a significant increase of the observed 

trading volume over the average trading volume are likely to be just temporary indifferences 

between supply and demand. If on the other hand, a large increase in trading volume confirms 

a change in prices it means that a large number of traders participated in the trend, increasing 

the likelihood of it being sustainable. Furthermore, the time of the interrelationship between 

trading volume increases and price movements is an important indicator. If increases in 

trading volume and a rise/fall in prices coincide for weeks there is an increased chance that a 

long term trend is being formed. If the relationship is only short lived it is unlikely that the 

trend is sustainable. While an increase in trading volume would approve an upwards price 

trend, downward trends are typically accompanied by small trading volume (Pistoles, 2006). 

A drop in prices accompanied with a large rise in trading volume would suggest that the price 

drop is stimulated by selling pressure and increases the chances that the drop is only 

temporary (Pring, 2004). 

The choice of scale and the question of using arithmetic or logarithmic scale are of course 

very important for all the charts mentioned above. While arithmetic scale will show absolute 

deviations, a logarithmic scale will show deviations measured in percentage points. 

 

Résumé 

The tools and patterns that have significance for technical analysis are extremely numerous. I 

have presented a small selection of the most widely used tools in order to provide an 

impression of the functionality of technical analysis. The intention of this segment of the 

thesis was not to provide a manual on how to use technical analysis but rather to show that 
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there are alternative ways in analyzing financial markets that account for human behavior in a 

different way than the neoclassical school. The implications of some techniques such as 

moving averages are almost trivial, other such as the Elliot Wave Principle are extremely 

complex and poorly understood. A lack of theoretical justification of why the before 

presented rules work is often criticized. The following paragraphs will provide a broad 

theoretical foundation for technical analysis.   

 

 

Theoretical Support for Technical Chart Analysis 

 

The dynamics of modern financial markets 

Modern financial markets are dynamic systems with very strong positive feedback loops. 

Those feedback loops are responsible for the instability of the system that sometimes 

manifests itself in periods of panic and market crashes (Tvede, 2002).  The characteristics of a 

positive feedback loop are that each agent will not only receive information and transmit it to 

others; he may also alter it before transmitting it. Therefore opinions, sentiments and even 

emotions spread quickly and trigger a mechanism that creates new information. 

 

Positive Feedback Loop 

 

 

A

BPlusC
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The graphic above depicts the functionality of a positive feedback loop. Agent A will alter the 

information before transmitting it to B. In the next step B will do the same before transmitting 

it to C. At each step there is a positive gain to the information, resulting in exponential or 

hyperbolic growth of the feedback and its influence. In the context of stock markets the 

example would look as follows: If A receives bad news concerning the likely performance of 

a future stock, he will most likely sell the given stock. Therefore, the feedback that B receives 

does not only contain the original bad news, there will also be a visible negative effect on the 

price of the stock caused by A’s transaction, assuming A held a relatively large portion of the 

stock. As a result, B will most likely also sell the stock, putting more pressure on the price and 

intensifying the feedback that C receives. The introduction of modern communication has 

enhanced the impact and speed of feedback loops (Plummer, 2003).  

The concepts of crowd behavior and feedback loops are important when attempting to explain 

the dynamics of stock market and the assumptions underlying technical chart analysis. 

Plummer (2003) assumes that all dynamics we can observe in security markets are rooted in 

the interaction between two different crowds of market participants. On the one hand there is 

a bullish crowd, which holds long positions in equity or owns an investment that guarantees 

the right to purchase equity at a future date. On the other hand, there is the bearish crowd, 

which holds cash positions or owns an investment that guarantees the right to sell stock at a 

future date. Plummer (2003) also includes bystanders, who do not hold any position, in the 

bearish crowd.  

Bullish investors expect the prices to rise and bearish investors expect the prices to fall while 

both have the objective to maximize their profit. The two groups could be further subdivided 

according to the time horizon of their investments but Plummer (2003) just assumes one 

bullish and one bearish crowd for simplicity. In the context of a recent market trend there will 

be a winning part of the market and a losing part of the market. The winning part is well 

positioned to participate in the recent trend while the losing part is either disinterested in 

participating right now but might do so at a later point or is actually holding securities that are 

currently losing in value. While the two crowds are not physically assembled, they are 

nevertheless linked through various ways of communication and the media. Both groups can 

be assumed to have an emotional commitment to their trading position. The group that 

participates in the trend will feel pleasure stimulated by the prospect of personal wealth and 

positive self esteem. Members of this group will crowd together, not physically but through 
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other ways of communication, with members that have similar positions. They will 

congratulate each other and confirming the validity of their position. Traders who hold a 

position that is currently losing value are likely to feel displeasure in the form of anxiety of 

losing wealth and the fear of making a mistake. Members of this group are also likely to 

crowd together and try to confirm that their position will pay off in the long run. They will try 

to ignore the arguments of the successful crowd but are nevertheless very vulnerable to bad 

news since they already feel like being at a disadvantage.  

In a situation of rising stock prices, the bullish group will be characterized as the successful 

crowd. According to Plummer’s (2003) reasoning they will crowd together and spread 

confirmative information among the member. The transmission of information is done 

through positive feedback loops as described above. The trend will be fueled if the successful 

crowd manages to convince members of the indecisive group of their arguments. Those new 

members will create new demand and drive prices further up. At this point some members of 

the unsuccessful crowd, convinced by the price rises, will also give up their position and buy 

stock.   In the meantime the anxiety level among the remaining members of the unsuccessful 

crowd builds further. The adverse price movements, decreasing membership of their crowd 

and the increasing propaganda creates enormous pressure and stress levels. Corresponding to 

what has been described; situations that are characterized by stress and anxiety are likely to 

result in irrational group behavior. No matter how strong the arguments of the currently 

unsuccessful group are, in the long run they will not be able to ignore the short term in which 

they are losing money. Many more members will abandon the arguments of the unsuccessful 

crowd and buy stock. This dynamic will increase demand and fuel a further rise in security 

prices. However, the instance when the major part of the unsuccessful crowd is “converted” 

there are few market participants left that could create further demand and fuel price rises. It 

will not take very long until some group members will realize that the stock is overtraded. 

Confirmed by the absence of further price rises and accelerated by positive feedback loops the 

sentiment will spread fast and result in a sharp trend reversal.  

In this model market fundamentals or rational reasoning do not play any role. The market is 

purely driven by emotions and group pressure.  

 The bearish environment shows the same dynamics with the bearish investors being the 

successful group and the bullish investors representing the unsuccessful group.  
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Plummer’s (2003) attempt to explain stock market cycles through the interaction of two 

different crowds of market participants contains interesting insights but also has some major 

weaknesses. Firstly, he underestimates the influence of bystanders who do not hold any 

position. Plummer (2003) simply includes this group in the bear crowd. However, one should 

recognize that this group of market participants has a completely different emotional 

commitment than the bear crowd. In case of rising markets they might feel like they are 

missing out on an opportunity, nevertheless they are not actually losing money. In a falling 

market they can find an opportunity to enter the market cheaply but they are again not 

actively involved. Due to the lack of emotional commitment this group is likely to judge the 

market much more rationally. Plummer (2003) recognized that this subgroup is important but 

misunderstands the influence that this group has on the rationality of the market. In reality this 

group will evaluate the arguments of both bear and bull participants and decide accordingly. 

Thereby, the bystanders or neutral crowd introduces a lot of rationality in to the market and 

makes the emergence of market bubbles and phases where only emotions govern markets less 

likely.   

Secondly, Plummer’s (2003) example starts of in a situation in which there is a successful and 

an unsuccessful crowd. The successful crowd holds a position that allows them to participate 

in the most recent trend and the unsuccessful crowd holds a contrary position. However, it is 

unclear how that initial trend emerged. He states that members of the two opposing crowds 

build an emotional commitment to their trading position as the trend develops. He continues 

to explain how this emotional commitment will influence the trend but never elaborates on 

how the initial trend got started. Plummer (2003) presents a statistical investigation to show 

that trends are repetitive and can be anticipated but he fails to convince. He plots each day’s 

percentage change of the Dow Jones index against the previous day’s change for every 

trading day in 2008. The t/(t-1) plot appears random. 

t/(t-1) one day change Jan-Dec 2008 
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Alternatively, he investigates a larger time period from January 1990 to December 2008. The 

resulting plot still seems random but percentage changes of more than 4% are relatively less 

frequent. An even larger period from 1946 to 2008 confirms this picture. Plummer (2003) 

recognizes that there are certain boundaries in the distribution of the t/(t-1) plot and concludes 

that the distribution is not random. His only definition of random is defined in terms of price 

movements that break natural barriers, which is fairly imprecise. Naturally there is a mean 

reverting effect if a large time period is considered but there is no evidence for non 

randomness.  

t/(t-1) one day change Jan 1990 -Dec 2008 

8 

Furthermore, Plummer (2003) considers the percentage change over 5 days on a particular 

day compared with the 5 day percentage change the previous day. In this case the t/(t-1) plot 

approaches a linear shape. This is even more true if a 20 day average is considered. However, 

he fails to discuss the implications of different time horizons. In the short run the distribution 

of returns remains to be random and the evidence to conclude a repetitive pattern of trends is 

not strong enough.  

In addition, he compares the pattern of the Dow Jones index from April 1924 to October 1934 

to the pattern of the NASDAQ from April 1997 to November 2002. He detects a similar 

pattern but this comparison will not stand of to any considerations of data snooping. The 

usage of different scales for both periods further discredits the value of the comparison.  

Plummer’s (2003) model entails interesting insights on how markets can be influenced in 

times of uncertainty and in certain situations where there is an extreme emotional 

commitment.  The idea is interesting because fundamentals, such as those considered by the 

neoclassical school of finance, do not play any role. Decisions are merely driven by emotions. 

                                                           
8
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Nevertheless, he fails to consider the influence of participants who do not have any particular 

trading position and consider the market from outside. Furthermore, his scientific evidence for 

the existence of repetitive trends is extremely weak.  

 

Modern Brain Research and Group Behavior  

In order to understand modern financial markets it is extremely beneficial to understand the 

dynamics of decisions making. Modern brain research gives insights on what kind of 

decisions are processed in which part of the brain and has some interesting implications to our 

understanding of economic theory. 

Intellectual functions are mainly processed in the dorsolateral prefrontal cortex of the human 

brain. This part of the brain is used in situations that the agent has a certain understanding of 

and plans his actions according to certain objectives. Intellect is associated with expert 

knowledge.  Reason, meaning the reflection about long term consequences of our actions is a 

function of the orbitofrontal cortex (Cortez & Rizello, 2006). Reason and intellect are the two 

characteristics that we would expect from a rational being acting as homo oeconomicus. 

However, the most influential part in our decision making is the limbic system which is the 

part of our brain that is responsible for processing feelings.  

 

9 
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Gerhardt Roth  remarks in his book “Aus Sicht des Gehirns” that ‘‘Rationality is imbedded in 

the affective-emotional infrastructure of behavior, the limbic system decides to what extent 

intellect and reason are employed. The most important consideration in human decision-

making and action is not how to optimize cost/benefit ratios, but how to maintain an 

emotional state in the person performing the action that is as stable as possible and free of 

contradiction within itself.’’ (Cortez & Rizello, 2006). It is therefore extremely questionable if 

our brain is constructed in a way that allows behavior corresponding with the model of homo 

oeconomicus.  

Plummer (2003) has also used insights from brain research to explain why people tend to 

throw their individual self awareness aboard very quickly and start engaging in group 

behavior. He confirms the view that intellect and reasoning are primarily functions of the 

neocortex (the outermost part of the brain) and that emotions are primarily a function of the 

limbic system. Furthermore, he agrees with Roth’s view that processes in the limbic system 

often overshadow processes in the cortex. One reason he puts forward is that modern research 

suggests that the neocortex has only developed itself within the last 50 million years. The 

limbic system on the other hand has developed as long as 150 million years ago. Only in the 

last four thousand years humans have developed the modern ego – meaning to develop mental 

processes that are organized with the underlying assumption that one is an independent entity. 

Based on those arguments, Plummer (2003) creates the hypothesis that the neocortex has not 

been entirely integrated in the other parts of the brain and can therefore be easily 

overwhelmed and that self-awareness will quickly give room to archaic states of group 

behavior for the same reason.   

Typical crowd behavior is most likely to emerge as a response to a threat. The reality of 

modern financial markets could very well be able to produce such a threat. The fear of losing 

money, the fear of missing the right moment to participate in a bull market, performance 

evaluations and extreme time pressure are all part of the modern trading environment and 

have the potential of producing anxiety and have a threatening effect on many individuals. 

Those individuals are likely to look at other market participants for orientation. As a 

consequence, a crowd can emerge which can have a deteriorating effect on rational decision 

making.  

Darley and Latane have conducted an interesting experiment that exemplifies the different 

rationality individuals apply when in a group (Plummer, 2003). In the experiment people were 
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asked to sit in a room and fill out a questionnaire. In the middle of the process the room would 

be filled with smoke through the ventilator shafts. If the individuals were alone they would 

react very quickly to the alarming signal. However, when in a group it took much longer until 

the first person reacted. The experiment exemplifies that individual decision making is 

influenced and that there is a tendency to rely on other group members for guidance. In 

Darley and Latane’s experiment individuals where more hesitant to react when in a group but 

it is easy to imagine how the same group dynamics can lead to panic. 

 

Modern Behavioral Finance 

Agents in the modern trading environment are confronted with a gigantic amount of data 

concerning the performance of the company as well as the macroeconomic environment. The 

sheer extend of available data that is potentially relevant to the trading decision combined 

with the pressure to react quickly suggests that a lot of information cannot be processed 

rationally. It can be assumed that behavioral patterns and cognitive biases have a large effect 

on trading decisions. Behavioral finance recognizes that financial investors are not perfectly 

rational and investigates certain anomalies, inefficiencies and behavioral biases. This school 

of thought rejects the efficient market hypothesis and utilizes conclusions of cognitive science 

to better explain the reality of financial markets (Cortez & Rizello, 2006). The modern theory 

of behavioral finance is mainly influenced by scholars such as Kahneman and Tversky and 

their prominent concept of Prospect Theory. We will later return to such specific concepts and 

relate them to the phenomenon of resistance areas at round values. At this point I only want to 

establish that there are theories that do not rely on the assumption of homo oeconomicus and 

that are therefore more in line with the assumption of technical analysis than the neoclassical 

school. 

 

 Austrian Economics 

Friedrich Hayek, one of the most influential agents of the school of Austrian Economics, 

provides a very valuable supplement to the before mentioned theory of behavioral finance. 

One of Hayek’s important contributions is that knowledge as well as cognition is not static. In 

their article Hayek’s Theory of Knowledge and Behavioral Finance, Cortes and Rizello (2006) 

manage to summarize Hayek’s theory in a few words: “…for Hayek there is a circular 
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continuum between human perception, creation and use of personal knowledge, human 

actions (decisions), influence on social reality, and feedback on human abilities”. According 

to his theory every individual is born with a system of cognitive maps that allow it to perceive 

and classify external stimuli. Unless the cognitive maps can already classify the external 

stimuli one is not able to perceive it. If the stimulus is unknown it will draw ones attention 

again and again until one develops a way of classifying it. From this moment onwards the 

particular stimulus will produce a synaptic predisposition among the neurons involved in the 

process and will react more rapidly if the stimulus reoccurs. The more frequent the occurrence 

of a particular stimulus is, the more consolidated the synapses involved and the 

neurocognitive process itself become. This is a very important insight for this thesis since the 

later chapters will show that numbers ending with one or several zeros are excessively 

overrepresented in our daily language and interactions. Due to the frequent occurrence of such 

numbers they are likely to be matched by a very concise neurocognitive process.  

 

Résumé 

The before mentioned theories have a lot of common ground with the idea of technical 

trading. Most noteworthy is that they all reject the efficient market hypothesis. Plummer’s 

(2003) model of interaction between different market crowds has some weaknesses if 

thoroughly tested but it gives very interesting food for thought. The patterns observed in chart 

analysis are very likely reflections of certain group behavior. Nevertheless, it remains difficult 

to link a particular chart pattern to a corresponding behavioral pattern described in behavioral 

finance literature. Therefore, the technical chart analysis cannot serve as an alternative 

approach to models like the CAPM. However, it remains to be a fact that technical analysis is 

widely used in financial markets. The question if it can provide superior returns shall be 

evaluated in the following paragraphs.    

 

 

 



 

37 

 

Technical Trading Rules and Data Snooping 

 

It has been established that modern brain research as well as behavioral finance strongly 

suggests that agents of financial markets do not always act rationally. Furthermore, the 

teachings of Austrian Economics suggest that frequently occurring stimulus will be matched 

by a very concise cognitive stimulus, which means that they trigger the same reactions. Those 

teachings support the validity of technical chart analysis, even though it seems impossible to 

match every particular trading strategy to a thoroughly researched phenomenon of behavioral 

finance. The following paragraphs shall establish if technical trading strategies have any real 

practical value, which would be derived from superior profits based on this strategy.  

Prominently, Brock, Lakanosh and Le Baron (1992) have investigated a large number of 

trading rules, including support and resistance areas, and have found that those rules provide 

superior profits over a large test period. However, this paper has always been subject to data 

snooping criticism.  

 I will now refer to an influential paper by Sullivan, Timmermann and White (1999) that 

discredits not only the economical value of resistance/support points but of technical trading 

rules in general. The paper suggests that technical trading rules in general cannot produce 

superior profits.  

Sullivan et al’s analysis uses the earlier paper by Brock, Lakanosh and Le Baron (1992) as a 

springboard for analysis and finally discredits most of their findings. Brock, Lakanosh and Le 

Baron (1992) have considered 26 trading rules and applied them to the Dow Jones Industrial 

Average data from 1897 – 1986. Among the trading rules that had been tested are simple 

moving averages, filter rules and resistance/support areas. Some of those rules have 

considerably beaten the benchmark of investing in cash over the 90 years period.   

Brock, Lakanosh and Le Baron’s (1992) study has received much attention and was always 

confronted with criticism of data snooping. Data Snooping occurs if a set of data is used 

several times for the purpose of model selection. The more often the data set is used to test the 

performance, the more likely it is that over time a model with superior predictive performance 

will emerge. However, the model will not be selected because of its superior economic 

content but rather by sheer luck. One example of data mining that is often cited in popular 

media such as a Business Week article of 1997 (Coy, 1997) or even in the Lufthansa 
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Exclusive magazine of February 2010 (Drommert, 2010) is the predictive power of butter 

production in Bangladesh for the S&P 500 index. David Leinweber has discovered this 

relationship after sifting through a United Nations Data CD-ROM. The butter production in 

Bangladesh has no causal relationship with the S&P 500 index and it is hard to imagine that it 

has any real predictive power. Nevertheless, the sheer amount of data that Leinweber has 

tested against the index performance made it very likely to eventually find a model with 

predictive power. In one of his more recent papers White (2000) provides another colorful 

example. He explains that data snooping works like the famous newsletter scam: “One selects 

a large number of individuals to receive a free copy of a stock market newsletter; to half of 

the group one predicts that the stock market will go up next week; to the other, that the market 

will go down. The next week, one sends the free newsletter only to those who received the 

correct prediction; again, half are told the market will go up and half down. The process is 

repeated ad libitum. After several months there can still be a rather large group who have 

received the perfect predictions and is willing to pay for such “good” forecast (White, 2000)”.  

Sullivan, Timmermann and White (1999) describe the purpose of their paper as “to determine 

whether technical trading rules have genuine predictive ability or fall in to the category of 

butter production in Bangladesh”. To do so they utilize a mathematically complex 

methodology known as White’s Bootstrap method, that builds on elements of the stationary 

bootstrap of Politis and Romano. The returns of the original trading rules are resampled in 

blocks of random length to mimic the original data. Thereby “White’s Reality Check” p-

value, which is isolated from the disturbing effects that data snooping could have on the 

hypothesis testing, is ultimately obtained. The null hypothesis to be tested is 

H0: maxk=1,…k (E(fk)) ≤ 0 

meaning that the best performing trade rule is hypothesized to not provide superior returns 

than the benchmark. The benchmark used by Brock, Lakonishok and LeBaron (1992) and 

subsequently by Sullivan, Timmermann and White (1999) is simply a cash position. 

Over the full 90 years period Brock, Lakonishok and LeBaron (1992) identify a 50 day 

variable moving average rule as the best performing trading rule. It provides a mean return of 

10.11% and the null hypothesis can be rejected with a p-value < 0.000. White’s Reality Check 

p-value is also < 0.000, suggesting that this particular statistic is not disturbed by data 

snooping. The outcome is not particularly surprising since every single trading rule in Brock, 
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Lakonishok and LeBaron’s (1999) subset outperforms the benchmark. The closer inspection 

of dependencies between the rules was therefore not expected to drastically change the 

original findings. 

Sullivan, Timmermann and White (1999) have tested a much larger universe of trading rules 

in addition to the 26 trading rules considered by Brock, Lakonishok and LeBaron (1992). This 

is important because considering data snooping bias within the subset of 26 trading rules 

might not be enough. Historically the apparently best performing trading rules are most likely 

to have caught the attention of financial market agents, researchers or journalists. As a result, 

the rules that have been considered in Brock, Lakonishok and LeBaron’s (1992) research have 

already been extensively filtered. To fully adjust for possible data snooping biases one has to 

consider all trading rules that might have been available to the researcher at the beginning of 

the period. Sullivan, Timmermann and White (1999) have extensively reviewed previous 

studies and the technical analysis literature and have created a pool of 7,846 trading rules 

from which Brock, Lakonishok and LeBaron’s (1992) could possibly have been drawn. They 

have conducted a principal component analysis to prove that the span of their full universe of 

trading rules is substantially greater than Brock, Lakonishok and LeBaron’s (1992) subset of 

26 rules. To do so a 26 x 26 covariance matrix of the subset of rules and 500 x 500 covariance 

matrix of the subset plus 474 rules randomly selected from the full universe of rules have 

been created. Comparing the eigenvalues of the two matrixes shows that the matrix drawn 

from the full universe has significantly larger eigenvalues, suggesting that the full universe 

does indeed span a larger space than the 26 rule subset. The principal component analysis 

might appear confusing at first but is important because adjustment made by the bootstrap 

methodology is only made for data snooping in the space provided by the trading rules 

included. Providing a larger space of trading rules will therefore help to eliminate more data 

snooping bias. It was therefore essential to test the covariance of the rules included in form of 

the principal component analysis. 

Using the full universe of trading rules, Sullivan, Timmermann and White (1999) identify a 

different best performing rule. Instead of the original 50 day moving average rule they 

identify a 5 day moving average rule to be best performing over the original 90 years sample 

period. This rule offers a mean return of 18.65% and nominal as well as White’s p-value are < 

0.000. Such a small value suggests a statistically significant result and since there is almost no 

difference in the nominal and White’s p-value the data snooping bias seems to be negligible.  
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Furthermore, Sullivan, Timmermann and White (1999) use the Sharp ratio to identify the best 

performing trading rule. The Sharp ratio simply puts return in to perspective of the given risk, 

which is measured by standard deviation, of a given trading strategy. The best performing rule 

according to Brock, Lakonishok and LeBaron’s (1992) subset is a 5 day moving average rule 

and has a Sharp ratio of 0.45 and both nominal as well as White’s p-value <0.000. However, 

for the subperiod 1897-1914 the nominal p-value is 0.016 but White’s p-value is 0.147. For 

the subperiod 1962-1986 the nominal p-value is 0.003 with White’s p-value at 0.051. A p-

value of 5% is often taken as borderline to be statistically significant. Accordingly, the results 

of both subperiods would not be statistically significant when accounting for data snooping 

bias. The best performing rule, taken from the whole universe of trading rules has a Sharp 

ratio of 0.91 over the whole period and nominal as well as White’s p-value < 0.000. During 

the subperiod 1915-1938 a Sharp ratio of 0.76 and a nominal p-value that is once again 

<0.000 is observed. However, White’s p-value for this period is 0.056 suggesting data 

snooping bias to on extend that statistically valid conclusions are questionable.  

In order to make their strongest point against the economic content of technical trading rules, 

Sullivan, Timmermann and White (1999) utilize a sample period that is not considered in the 

original sample. In addition to Brock, Lakonishok and LeBaron’s data set that ends 1986, they 

also consider data on the Dow Jones Industrial Index for the following 10 years. Furthermore, 

they test the predictive power of technical trading rules on S&P 500 future contracts. Brock, 

Lakonishok and LeBaron’s (1992) have identified a 50 day moving average trading rule to 

perform best over their original 90 days sample. When tested for the full period including the 

additional out of sample period the best performing rule turns out to be a 200 day moving 

average rule and shows a mean return of 8.63% with a p-value of 0.055. White’s Reality 

Check p-value for this statistic is 0.154 and suggests a significant data snooping bias. Testing 

the best performing rule of the original 26 rule subset only during the additional period from 

1987-1996 provides a return of approximately 8.6% but has a Reality Check p-value of 0.15. 

The 5 day moving average rule would have been the best performer over the original 90 year 

period selected from the full universe of trading rules. In this case the return in the out of 

sample period would have been 2.8%. However, the nominal p-value for this statistic is 0.322 

which makes it statistically insignificant by most measures. Looking at the best performing 

rule according to the Sharp ratio shows a very clear picture. The best performing rule selected 

from the 26 rule subset has a Sharp ratio of 0.28, a nominal p-value of 0.127 and White’s p-
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value of 0.721. The test of the full universe of rules, as well as the application to the S&P 500 

Future contracts, show very similar results.  

Brock, Lakonishok and LeBaron’s Universe of Trading Rules 

Sample Best Performing 

Rule 

Mean Return 

in percent 

White’s p-Value Nominal p-value 

In Sample     

Subperiod 1 (1987-1914) 50 day variable 

moving average  

9.52 0.021 0.000 

Subperiod 2 (1915-1938) 50 day variable 

moving average 

13.9 0.000 0.000 

Subperiod 3 (1939-1962) 50 day variable 

moving average 

9.46 0.000 0.000 

Subperiod 4 (1962-1986) 150 day moving 

average  

7.87 0.004 0.000 

90 years (1987-1986) 50 day variable 

moving average 

10.11 0.000 0.000 

100 years (1897-1996) 50 day variable 

moving average 

9.39 0.000 0.000 

Out of Sample     

Subperiod 5 (1987-1996) 200 day variable 

moving average 

8.63 0.154 0.055 

S&P 500 Futures (1984-

1996) 

200 day variable 

moving average 

4.25 0.421 0.204 

 

Full Universe of Trading Rules 

Sample Best Performing 

Rule 

Mean Return 

in percent 

White’s p-Value Nominal p-value 

In Sample     

Subperiod 1 (1987-1914) 5 day support 

and resistance, 

5 day holding 

period 

16.48 0.000 0.000 

Subperiod 2 (1915-1938) 5 day moving 

average 

20.12 0.000 0.000 

Subperiod 3 (1939-1962) 2 day on 

balance volume 

25.51 0.000 0.000 

Subperiod 4 (1962-1986) 2 day on 

balance volume 

23.82 0.000 0.000 

90 years (1987-1986) 5 day moving 

average 

18.65 0.000 0.000 

100 years (1897-1996) 5 day moving 

average 

17.17 0.000 0.000 

Out of Sample     

Subperiod 5 (1987-1996) Filter Rule 14.41 0.341 0.004 

S&P 500 Futures (1984-

1996) 

30 and 75 day 

on balance 

volume 

9.43 0.908 0.042 
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Even though the performance of technical trading rules stands up to the closer investigation of 

Sullivan, Timmermann and White (1999) during the initial sample period, the results over the 

additional period show that data snooping is generally a large issue in such tests.  

However, one should remember that there are no fixed rules to decide which p-value is still 

significant and which is not. The p-value is the lowest significance level at which the null 

hypothesis can be rejected (Gujarati, 2008). A p-value of less than 5% is often quoted as 

acceptable but some researchers might be willing to accept much larger p-values. White’s 

Reality Check is often significantly larger than the nominal p-value and thereby shows that 

there is a distortion of the statistic through data snooping. However, if we consider a p-value 

of 0.15, which is exactly the value that has been calculated for Brock, Lakonishok and 

LeBaron’s original universe of trading rules using White’s method, some researchers might 

find that still acceptable. Especially in the context of unpredictable systems such as stock 

markets, some people might be willing to reject the null hypothesis with a 15% level of 

significance. On the other hand, a p-value of 0.72, which has been calculated using White’s 

method for the 26 rule universe selected by the Sharpe ratio, suggests insignificance by any 

measure.  

Another potential point of criticism is that some of the trading rules that have been considered 

in the expanded universe of Sullivan, Timmermann and White (1999) are too static. This is 

especially true, if trading rules that build on support and resistance areas are considered. 

Sullivan, Timmermann and White (1999) include a total of 1,220 support and resistance rules 

in their expanded universe. For the different specifications they use n (number of days in the 

support and resistance range) of 5, 10, 15, 20, 25, 50, 100, 150, 200, 250. It is understandable 

that such assumptions are necessary to construct a model but these numbers are nevertheless 

not realistic. In reality, supply and resistance points are considered more flexible and not in 

form of a model that only provides a signal if the value has been within the support and 

resistance range for e.g. 25 days. There are also different extremes in how clearly a support 

and resistance point is violated. If the index value clearly exceeds the resistance point, this 

provides a stronger signal than if it only “tests” it and thereby only marginally exceeds it. 

Sullivan, Timmermann and White’s (1999) models do not allow for that. A similar criticism is 

true for their consideration of channel breakouts. Some models that are considered in the 

expanded universe of trading rules are too static to be realistically applied. This, on the other 
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hand, could mean that the Reality Check p-value as it is calculated by White might be 

overstated.  

Every additional rule that is considered in White’s bootstrap methodology and does not beat 

the rule that has been best performing up to this point will increase the adjusted p-value. In 

this way, the stationary bootstrap allows for the fact that the best performing rule has been 

selected from a larger set of rules. Sullivan, Timmermann and White (1999) exemplify this 

effect in several graphs in their paper (e.g. Figure 3, p.1666). If Sullivan, Timmermann and 

White (1999) include rules that would never have been considered in this form a priori ,and 

are sure not improve up on the best performing rule, this will inflate the adjusted p-value 

because the methodology used allows for the fact that the best performing rule is selected 

from a larger set.  

 The paper does not clearly disprove that some technical trading rules might have provided 

valuable information over some periods but it becomes clear that it is hardly possible to 

realistically exploit such rules. With only historical information at hand one cannot identify 

the rule that will best perform in the future. Sullivan, Timmermann and White (1999) conduct 

an experiment in which the rule with the best performance up to date is identified every day 

and invest according to this rule on the following day. The return from this method is more 

than two percent less than the return of the best performing rule. The authors correctly remark 

that this experiment suggests that the best performing rule is difficult or even impossible to 

determine before committing money to this rule. Nevertheless, the return from the experiment 

was still 14.9 percent on an annualized average. This is less than the best performing rule but 

still very high, which makes investments based on technical trading rule seem economically 

valuable. In the out of sample period, on the other hand, this technique performed very 

weakly with a mean return of only 2.8 percent.  

Even though the paper only manages to deliver strong results when considering the additional 

sample period, it clearly shows that it is very difficult to identify a well performing trading 

rule before actually committing money to it. When allowing for data snooping bias it becomes 

very difficult to prove the economical value of technical trading rules. 

Superior results based on technical trading rules would have been even less likely if a 

different benchmark would have been used. It is questionable if a cash position over a 90 year 
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period is the correct benchmark to compare against. If a trading rule is truly valuable it should 

not only beat the benchmark of holding cash but should beat the market, in this case the DJIA.  

Park and Irwin (2009) have conducted a very similar but more recent study. They use White’s 

Reality Check to test a universe of more than 9000 trading rules on 17 markets for future 

contracts, including the S&P 500. In addition to White’s Reality Check p-values, they also use 

Hansen’s Superior Predictive Ability Test, which is designed to fulfill the same purpose as 

White’s test. Park and Irwin build their analysis on an earlier study by Lukas, Brorsen, and 

Irwin and test the trading rules over their original sample period (1985-1994) as well as an out 

of sample period (1995-2004).  

Park and Irwin 

Sample Best Performing 

Rule 

Mean Return in 

percent  (adjusted by 

$100 transaction 

costs) 

White’s p-Value Nominal p-value 

In Sample     

1985-1994 Relative Strength 

Index (6, 42)  

14.15 0.3 0.05 

Out of Sample     

1995-2004 Relative Strength 

Index (4, 38) 

13.79 0.38 0.00 

Combined 

Period 

    

1985-2004 Alexander’s Filter 

Rule 

10.04 0.36 0.01 

 

The empirical results of Park and Irwin show very clearly that none of the trading strategies 

has economical value when adjusting for data snooping bias. Furthermore, the best 

performing trading rule from the original period (Relative Strength Index (6, 42)) only offered 

a return of 1.49% in the out of sample period and had a p-value of 0.38, indicating statistical 

insignificance.  

C.-W. Chen et al. (2009) apply White’s Reality Check P-Value to eight Asian stock markets 

over the period 1975 to 2006. They find that the best performing rules are moving average 

rules of different lengths. However, when adjusting for data snooping and transaction costs 

economically profitable rules cannot be found.  
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Résumé 

Even though there seem to be data periods where technical trading rules seem to have 

predictive value, most research that allows for the data snooping bias finds no evidence that 

technical trading rules can provide superior profits. This research suggests that technical 

trading in general and resistance areas at round values specifically cannot be used to provide 

economically valuable trading signals.  

 

 

Round Index Values as Natural Resistance Points 

 

So far I have considered technical chart analysis in general and have found that it is very hard 

to practically prove that any technical trading would provide superior profits in the long run. 

Nevertheless, there are theoretical insights from cognitive science and behavioral finance in 

particular that suggest that market agents exhibit some predictive group behavior.  

I will now start to investigate if there is a theoretical basis or a practical value to the large 

media attention that accompanies the break through a round number of popular stock indexes.  

 

 

Round Index Values in the Popular Media 

 

I have already started to describe the media phenomenon that occurs if a particular index 

value breaks through a cognitively accessible value that typically ends with one or several 

zeros. In the following lines I want to give some examples of such broadcasts.  

11.09.2000 the “Handelsblatt” reports that the DAX falls under 4000 points. The words 

“psychologically important value” are used to describe the 4000 point barrier. The same 

wording is used in the “Sueddeutsche” newspaper on 22.02.2009 to comment a plunge of the 

DAX index under 4000 points. On 20.02.2009 the Guardian writes “the FTSE 100 index 

drops under the psychologically important 4000 mark”. Aljazeera describes the 10 000 mark 
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of the Dow Jones Industrial Average as “psychologically important” in an article on 15th 

October 2009.  

Every time a major stock index breaks through a large round number there is great attention 

by the public media. The phenomenon is consistent around various countries and cultures. 

However, the real significance of those “psychologically important” chart values is not clear.  

18.03.2010 Christian Kirchner published an article in the Financial Times Germany that 

questions the real importance of round chart values. The short article is published one day 

after the DAX index has increased over 6000 points. Kirchner has used the Google News 

aggregator to determine that 463 articles have titled the 6000 points mark to be 

“psychologically important” when referring to the DAX performance during 17.03.2010. He 

also remarks that the Financial Times Germany itself has used the wording in 55 articles since 

it has been published in 2000 (Kirchner, 2009).  

In an email correspondence between me and Christian Kirchner, he remarked that he had 

interviewed most specialists for technical analysis in Germany and none of them considered 

crossings of round values to be significant. Therefore, the legitimacy of the large media echo 

remains to be an interesting question to be considered.  
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Exemplifying the Potential Importance of Round Values 

 

The DAX closing values from 08.09.2006 till 16.10.2006 display a situation in which the 

wording “psychologically important value” seems to be justified. This data series is the result 

of data mining and has been selected solely to understand what the popular media might be 

referring to. 

  

The period displayed is part of a larger bull trend. From a low around 5300 points in mid June 

the index started to recover and started to approach 6000 points around 26.09.2006. As the 

value approached 6000, buyers seemed to get less aggressive fearing a reversal of the market. 

On 29.09.2006 the DAX closed at 6,004.33. However, the following two days it closed 

marginally under 6,000 points. On 04.10.2006 the closing value is 6,046.37 and kept on 

increasing for the following days. The next time the 6000 points mark had been tested was 

almost 2 years later on 29.09.2008, when the DAX closed with 5,807.08 and kept falling as 

part of a major bear trend. One could argue that the passage of 6000 points was just like 

passing any other random point but in this particular example it seemed to present a 

significant mark. A sideward trend once the values get close to 6000 points is observed. Even 

after the DAX closed slightly above 6000 points on 29.09.2006 the investors stay cautious. 

However, when it decisively breaks through again two days later, the market seems to take 

this as a signal and keeps increasing for several days.  

The data period is not at all random but I have screened for a period that would exhibit a 

dynamic that could explain the media attention that accompanies the passage of influential 
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indexes through round values. I will later investigate a much larger data period and try to 

draw more general conclusions about the properties of round index values. However, before I 

get to this part of my thesis I want to test if current theories on behavioral finance offer any 

theoretical basis for psychologically important index values. 

 

 

Theoretical Basis for Natural Resistance Areas 

 

In the previous part of this thesis I have already provided a short introduction in to cognitive 

science and behavioral finance. The theories have been used to provide a fundament to 

technical chart analysis in particular. Next I want to apply some insights from this theory 

specifically to investigate if the existence of chart values with particular importance could be 

explained.  

 

Cognitive Significance of Round Numbers 

The term “psychologically important value” has been used numerous times in this thesis. 

However, why such values should be psychologically important is less clear. The reason for 

the overrepresentation of round numbers ending with the digit five or one/several zero(s) is 

probably derived from our limited memory capacity. A lot of research in sociology has been 

concerned about cognition and it has been found that different cultures and their respective 

language systems have found different ways on how to mentally process large numbers. Most 

modern language systems simply break down the quantity counted in to units of tens, 

hundreds or thousands. Some language systems even use specific lexemes depending on what 

is counted. E.g. in Tongan ten ordinary things would be glossed hongofulu whereas ten units 

of sugar cane are glossed as tetula (Beller & Bender, 2008). Other units such as “dozen” for a 

unit of twelve are also still being used but the cognitively most accessible are probably units 

of tens and its higher powers. Historically, the utilization of the digit zero has first been 

documented in the 8th century in India and has been used by the Hindus living in the ancient 

Indus valley civilization.  The Indians referred to zero as sunya, the Sanskrit word for nothing, 
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empty or vacuum. The digit had been used to solve problem in astronomy and was quickly 

adapted in daily commerce. Arab traders adopted the use of zero and introduced it over Spain 

in to Europe.  For a short while during the medieval period the digit zero was regarded as 

being evil. The argument being: God is omnipotent. There is nothing God cannot do. 

However, God cannot do evil. Therefore, evil is nothing. Nevertheless, by the 10th century the 

zero had been mutually accepted as an addition to the other nine digits (Hsin Hui, Parsa, & 

Zhao, 2006). 

This short overview has significance to the topic of this thesis because it provides the 

institutional context that is important to understand the decision making mechanisms of 

human and ultimately of financial investors. The idea that social norms and the evolution of 

cognitive processes are central to the understanding of behavioral finance is an important 

teaching of the Austrian School (Cortez & Rizello, 2006).  

Further insights in to the cognitive effect of particular numbers and digits can be borrowed 

from the marketing field of pricing. The pricing literature is largely concerned with the effect 

of certain price endings on the consumer’s buying behavior. Nevertheless, this literature will 

provide some insights in to the perception of numbers and help explain why values ending 

with zeros carry a psychological importance for the future development of indexes. There 

have been numerous studies investigating numbers that we encounter frequently in our 

everyday activities, communications and in the media (Suri, Anderson, & Kotlov, 2004). In 

other cases respondents have been asked to generate numbers themselves (Schindler & Kirby, 

1997). The fundamental results are consistent in all studies: zeros and fives are significantly 

over represented. Most researches attribute this over representation mainly to the cognitive 

accessibility of those numbers (Suri, Anderson, & Kotlov, 2004). Most cultures process 

numerical information from left to right. Adding one to a number ending with one or several 

nines will therefore have an enormous effect since the first digits will change. E.g. 1999 and 

2000 are cognitively perceived very differently even though they are very close in absolute 

terms. The theory of left to right processing has been confirmed in many experiments and is 

intuitive (Coulter, 2001). Even cultures that do not normally read from left to right do so 

when encountering Arabic numbers. The implication for strategic pricing are that prices 

ending with 99 can lead to increased sales. Some studies across a wide area of products show 

that goods with prices ending with 99 (e.g. $4.99) increase sales up to 8% compared to prices 

simply ending with zero (e.g. $5.00)  (Schindler & Kibarian, 1996). This would mean that the 
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demand curve of many products is not simply downward sloping but “kinked” at prices such 

as $4.99. The left to right processing and our limited memory capacity have the effect that left 

digits are being recalled much more accurately. Coulter (2001) has performed a large scale 

experiment, in which 363 undergraduate business students are tested in recalling the price 

information from a hair dryer add. The experiment confirms increasing inability to recall the 

digits going from left to right and the importance of the left most digits.  

As a result, there is a certain underestimation effect of values ending with one or several 

nines. Digits that one cannot recall will have to be guessed. Such a guess is necessarily bound 

to take any value of zero till nine. If the true value of the last digit is nine, a random guess is 

extremely likely to be too low. If, on the other hand, the true last digit is zero, any guess is 

very likely to overestimate the true value (Schindler & Chandrashekaran, 2004). The effect of 

share price or index values ending with a nine or zero will be very different than those of 

prices for consumer goods. However, the underestimation or overestimation effect could have 

influence on the perception of those values as well. The significance of zero ending values 

and their high cognitive accessibility are likely to play a significant role in the formation of 

mental anchors that influence how we value stocks/indexes.   

 

Odd Price Effect 

The cognitive bias that is clearly documented in the marketing literature is known as the odd 

price effect. People sort and process information in manageable clusters, in the context of 

numbers those clusters are typically 10s or 100s. Most cultures process written information 

from left to right and experiments, in the field of marketing, have shown that people find it 

increasingly difficult to recall digits, moving from left to right. Accordingly, index values 

such as 5998 and 6002 are cognitively perceived very differently because they are sorted in 

different clusters. The real difference is of course only marginal. Rosch (1975) conducted an 

experiment in which subjects were more likely to agree with the statement “996 is almost 

1000” than the statement “1023 is almost 1027”. Such findings suggest that round values are 

indeed used as reference points and it would be logical that they can have an effect in share 

indexes as well.  
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 Aspiration Level Effect 

Another possible contributor to the round value phenomenon could be the “aspiration level 

effect” (Sonnemans, 2006). According to the bounded rationality theory, many investors do 

not try maximizing their outcome according to the utility function but already have a good 

idea at what price they are willing to sell a given stock when they buy it. Those values 

typically lie around cognitive reference points such as $10. As a result, a large number of sell 

orders will be performed at round values. In his paper “A Behavioral Model of Rational 

Choice” Herbert A. Simon (1955) attempts to provide a model of rational choice that is more 

compatible with actual computational skills and information access of most human beings 

than the assumption of homo oeconomicus. Simon (1955) proposes that most individuals do 

not have the capacities to perform the calculation that are necessary in order to attain the 

choice that ranks highest on their preference scale. Aspiration Levels play a very central role 

in Simon’s (1955) behavioral choice model. He assumes that individuals are likely to fix an 

aspiration level beforehand. In terms of a sell decision every offer that is above the aspiration 

level is acceptable. Especially if alternatives are considered sequentially and the choice 

making individual does not know the mechanisms that determine the order of procedure, the 

first acceptable alternative is likely to be the one selected. In the context of a stock market the 

cost of exploring alternatives might be very high since stocks can be volatile. As a result, an 

acceptable buy offer might not prevail very long. It can be assumed that aspiration levels will 

be selected at round values. Accordingly, there should be a large transaction volume around 

those marks that would indeed make those round values very significant (Simon, 1955).  

The aspiration effect applies to single stocks more than to a whole index. The index could be 

sold in form of an ETF but this is not done in a magnitude that would drive the value of the 

whole index. Nevertheless, most investors do not consider their stocks in isolation and could 

have a specific index value in mind at which they will reduce or increase their portfolio of 

stocks.  
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 Natural Resistance Points 

Resistance and support areas in chart development gain importance if they are very recallable. 

Round numbers are much easier to process and recall and could provide powerful 

resistance/support areas. One could therefore refer to those round values as natural resistance 

points.  

 

Mental Anchors 

Tversky and Kahnemann have developed an interesting experiment that has been repeated 

numerous times with different participants. In the experiment a normal person, who is not 

selected according to any special attributes, will enter a room and is asked to spin a “wheel of 

fortune”. The wheel has the number 1 to 100 on it. After the wheel will stop at a purely 

random number, the person will be asked if he thinks that the number of African Nations is 

higher or lower than the random number that was determined by the wheel of fortune. The 

person will give his answer and is then asked to estimate the actual number of African 

Nations that are part of the United Nations. The average consistently shows that people who 

had a high number on the wheel of fortune do on average estimate the number of African 

Nations that are member of the UN to be higher than people who had a low number on the 

wheel of fortune. The experiment shows that people tend to anchor their estimates to 

information presented in a similar context even though the information might be completely 

unrelated to the final topic (Elton, Gruber, Brown, & Goetzmann, 2007).  

The test has been repeated asking people for the first four digits of their phone number and 

then estimate if the number of physicians in London is higher or lower. Finally they have been 

asked to estimate the actual number of physicians. The experiment has been conducted with 

nearly 300 professional fund managers. Those who’s first four telephone number digits were 

above 7000 estimated the number of physicians to be just over 8000 on average. The 

manager’s whose phone number had first four digits below 3000 estimated the number of 

physicians to be around 4000 (Plummer, 2003). The experiment shows that even people, 

whose professional background suggests that they should be able to make rational unbiased 

decisions, are not immune to the anchoring effect. 

Tversky and Kahnemann’s experiments suggest the importance of anchoring effects. People 

tend to anchor their estimates to information that is presented in the same context.  
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The exact value of an index is purely arbitrary. It depends on the way the index is being 

calculated and the stocks that are included. Nevertheless, an investor will anchor its 

expectations of the index development to the current value of the index. Presumably, it is 

easier to justify an estimate that is within the same cluster. Accordingly, a development to 

6400 points might be easier to justify if the index is currently 6005 than a development to 

6387 if it is currently 5987.  

Shiller (2000) supports the view that investors show anchoring behavior when determining 

the expected price development of a stock. Typical anchors are “milestones” of prominent 

indexes, which typically take the form of round numbers.  

 

Group Think 

The term “group think” describes a phenomenon in which the decision making process of an 

individual is influenced by other member of the group he is part of. Group think is likely to 

occur in situations which are characterized by high stress level, complexity and the usage of 

similar decision approaches by several group members. All of those characteristics apply to 

the financial markets (Tvede, 2002). Solomon Ash has conducted a number of influential 

experiments on group think and found many people will comply with a wrong answer if other 

group members do so. In his experiment he presented a test line and three other lines of 

different length. The objective was to identify the line that was equally long with the test line. 

If nobody would have given an answer before, only 1% of the participants gave a wrong 

answer. However, if one person will gives the wrong answer before the test person is asked to 

reply, 3 % will comply with this wrong answer. 13% will comply if two previously gave the 

same wrong answer and 33% if three people did so (Tvede, 2002). This experiment shows 

that attitudes can be very adaptive and that our decision making is easily influenced. Critics of 

behavioral finance might argue that group based decisions are good because the mistakes of 

the individuals are likely to cancel each other out. That might be true in some cases but one of 

the fundamental beliefs of behavioral finance is that the way in which people make mistakes 

is likely to be very correlated. The mistakes will not cancel each other out but people will be 

less critical if their decisions seem to be confirmed by other group members (Montier, 2007). 

The dynamics that are described in the group think experiments of Salomon Ash will multiply 

the cognitive effect of even numbers. If a sufficiently large group of market agents is 
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influenced by the cognitive effect that a change of the left most digit of a large number can 

have, the other market participants will very likely make the same mistake even if they do not 

have the same bias. Group think is likely to occur in financial markets because they exhibit all 

characteristics that favor its occurrence: high stress level, complexity and the usage of similar 

decision approaches by several group members. Many investors are influenced by other’s 

decisions and mimic them, thereby ignoring their own knowledge. 

 

 Prospect Theory 

The Prospect Theory is one of the most important contributions to behavioral finance. It has 

been developed by Daniel Kahneman and Amos Tversky. One experiment in particular has 

been central to the development of their theory. The participants have been presented with a 

situation in which a country is preparing for the outbreak of disease. There are two different 

programs to combat the disease. The scientific estimate, which is expected to be accurate, 

assumes the consequences of the programs to be as follows: 

• If Program A is adopted, 200 people will be saved. 

• If Program B is adopted, there is a 1/3 probability that 600 people will be saved, and a 

2/3 probability that no people will be saved. 

72% of the participant chose to adopt program A and only 28% chose program B.  

A second group has been confronted with the same situation and where given two options 

with the following wording: 

• If Program C is adopted, 400 people will die. 

• If Program D is adopted, there is a 1/3 probability that nobody will die, and a 2/3 

probability that 600 people will die.  

In this case 22% of the participants chose program C and 78% of the participants chose 

program D. However, it should be noticed that program A and C, as well as program B and D 

are actually identical. The different wording of the programs was enough to completely 

change the risk taking preferences. The participants showed a very different risk acceptance 

when the wording suggested gambling on saving lives than when it suggested gambling on 

the loss of life (Kahneman & Tversky, 1979).  
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10 

The neoclassical finance theory assumes that a risk function will either take a convex or 

concave shape. However, the experiment by Kahneman and Tversky (1979) suggests that the 

utility function is first concave and then changes to a convex shape at a particular reference 

point. The question, what constitutes the reference point that changes the risk preference so 

drastically, is extremely interesting for this thesis. 

One reason for the different way in which people treat losses as opposed to gains could be 

found in the regret theory. Meir Statman (1994) is one of the leading experts in regret theory 

and explains that certain ego defensive attitudes lead us not to realize our losses in the optimal 

moment. Psychologically we only perceive a loss once we actually sell the stock and the 

reluctance to admit to ourselves and others that we were wrong will often cause us to hold on 

to loosing stocks for far too long.  

In the context of prosperity theory we can understand the allegedly psychologically important 

value as a reference point. The reference value marks the point at which the preference 

function is sharply kinked. Below this value the utility function is concave and above the 

value it is convex. The cognitive bias that we have when processing large numbers makes it 

very likely that values ending with one or several zeros are used as reference values. 

Accordingly, the utility function would change from convex to concave shape at the point, 

where the left most digit of a large number changes. An investor might start to feel increased 

anxiety and change his willingness to take risk if the value of an index changes from 6005 to 

5998. Even thought the real change is very small it might have drastic consequences for the 
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trading behavior. The fact that the utility function has changed to a concave shape means that 

the investor is now more willing to accept risk in order to avoid realizing losses than he was 

when his security was trading above the reference value. Numbers ending with one or several 

zeros are highly recallable and could therefore act as reference points in terms of prospect 

theory. Prospect theory is likely to be a much closer approximation of reality than classical 

Expected Utility Theory, where utility is independent from any reference points. Kahneman 

(2002) criticizes that “this assumption (comment: the reference independents) flies against a 

basic principle of perception, where the effective stimulus is not the new level of stimulation, 

but the difference between it and the existing adaptation level” (Kahneman, Maps of Bounded 

Rationality, 2002). Our perceived utility is very much influenced by emotions and emotions 

are triggered by changes. In terms of numerical values a change seems more drastic if the first 

digit changes than if the same happens to the last digit. Round numbers are a natural reference 

point. From this perspective, the term psychologically important value seems justified.  

 

The media as opinion leader 

The media might have recognized the before mentioned dynamics and started to report them. 

A less positive view for the popular media is that they might simply have thought about 

psychological chart values to be a good story. The concept is very accessible and everybody 

can sense that a round value such as 6000 might indeed have special properties. The practice 

of using nine ending prices and the corresponding perceptional bias can easily be projected to 

the context of capital markets. Technical trading rules can be very mathematically complex 

and as a result possibly boring for some. This can be problematic in the current media 

environment where information very often needs to have entertaining aspects. A 

resistance/support is much easier to explain if the particular value has specific properties than 

if it seems purely random. Finally, it is very hard to prove that round values do not have the 

psychologically important properties that are described in the media.  

Regardless if the media is reporting about a real observation or reporting about a cognitively 

accessible concept that is far from reality, there will be a certain self fulfilling effect. Plummer 

(2003) explains stock market dynamics with crowd behavior. One of the main characteristics 

of a crowd is the desire for leadership within the crowd. The crowd leader interprets new 

information and directs the necessary tactical response. One example for an opinion or crowd 
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leader is the investment legend Warren Buffet, whose investment decisions receive massive 

international attention. The popular media is likely to fulfill a similar sort of leadership and 

reports about psychologically important values will cause investors to be especially attentive 

and cautious around those values. If enough investors believe that a particular round value is a 

resistance point, it is very likely that the value will indeed exhibit the expected properties. 

 

 Availability Heuristics 

The excessive media coverage of index value increases above or decrease below round 

numbers will most likely enhance a heuristic known as availability bias. One insight of 

availability bias is that the probability of events that can easily be brought to mind is usually 

expected to be higher than the probability of other events that are more complex to imagine 

(Tversky & Kahneman, 1973). The high media coverage and the cognitive accessibility of 

numbers within the same cluster and with the same first digit could increase the perceived 

probability of further increases if a psychological barrier has been broken through from below 

or further decreases if the barrier has been broken though from above. The heuristic is very 

intuitive if we think about how we would judge the probability of a plane crash right after 

watching a movie that depicts such as situation as compared to a situation where we wouldn’t 

have done so. Phillips (1966) describes the same heuristic in an experiment were he asked the 

participants if certain bigrams have been drawn from the beginning or from the end of words. 

He depicted a very strong tendency for people to believe that the bigrams have been drawn 

from the beginning of words. The participants were, for example, much more likely to say 

that “re” was drawn from the beginning of a word even though there are much more words in 

the English language that end with “re” than there are words that begin with those letters. 

However, when mentally scanning for words, the words beginning with those letters are much 

more accessible. 

 

The influence of institutional investors  

The argument that most indexes are driven by professional and institutional investors is of 

course a very strong one against the significance of round values. Professional investors are 

expected to be less biased in terms of anchoring effects and group think. Furthermore, they 

are likely to receive the information that influences their investment decisions from platforms 
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such as Bloomberg or Reuters rather than the popular media. Nevertheless one should not 

dismiss the possibility of a bias a priori. Please recall the information about modern brain 

research. Especially in situations of anxiety and fear our behaviorism is likely to be far from 

logical. Professional market agents are not exempt from the uncertainty and pressure that 

characterizes modern financial markets. Even though the cognitive bias and anchoring effects 

that could be created through a change of the left most digits of an index value seem trivial 

and easily avoidable, they are not unlikely in a phase of market panic. The fear of losing 

money and as a consequence losing his/her job will create anxiety even in professional 

traders. As a result, the limbic system will overshadow the cortex and result in decisions that 

are influenced by emotions rather than reason.  

Furthermore, a study by Feng and Seasholes (2005) suggests that even experienced and 

sophisticated investors are not free of investment biases. The paper focuses on the disposition 

effect, a behavior that is very central to the prosperity theory and describes a reluctance to 

realize losses in time and a tendency to realize profits too early. Feng and Seaholes (2005) 

find that neither experience nor sophistication alone eliminates this bias. Investors that are 

both sophisticated and experienced in their trading decisions do not show any reluctance to 

realize losses but still realize profits to early, even though the tendency is 38% less strong 

than in other investors. Experience is simply measured as the number of trading positions 

taken by the investor up until time t. Sophistication on the other hand is much more difficult 

to measure. The authors have used a number of proxy variables, including diversification of 

the portfolio during the initial trading period and age (25-35 year old investors are assumed to 

be most sophisticated), as a proxy for sophistication. The difficulty to correctly measure 

sophistication might have introduced some error. Furthermore, the authors have used data 

from the People’s Republic of China (PRC). This data has the advantage that contrary to e.g. 

the U.S.A. each investor can only hold one trading account. On the other hand, the PRC is 

substantially different in economical, cultural and political respects which might have further 

disturbed some of the findings. Nevertheless, the compliance with previous research and the 

significant findings suggest that sophistication and experience can significantly reduce bias in 

trading decisions but cannot eliminate it.  

Venezia et al (2006) find herding tendencies for professional fund managers as well as 

amateurs. Professionals had an overall lower tendency but still exhibited herding behavior that 

increased with the systematic risk or the risk of a given stock. 
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The previously listed arguments show that, even though the market is driven by professionals 

who are less influenced by behavioral biases and the media, a psychological importance of 

certain index values is theoretically possible.  

 

Résumé 

This section of the thesis has shown that there are several insights from behavioral finance, 

marketing and sociology that suggest that certain index values could indeed lead to a bias. 

However, I encounter the same problems that were present when trying to provide basis to 

technical trading in general. The theory is not directly applicable to the observed 

phenomenon. All the quoted behavioral finance theories are fairly intuitive and the existence 

of most biases has been proven in sociologic experiments. It is not very difficult to abstract 

those theories and transfer them in to the context of natural resistance points at round 

numbers. Nevertheless, to make a scientifically valid conclusion, experiments that are done in 

the exact context and that do not need to be abstracted would be needed.  

 

 

Quantitative Investigation 

 

It has been established that there is a theoretical base for the psychological importance of 

specific chart values. In the following I will apply several quantitative tests that are designed 

to investigate the significance of certain round chart values.  

 

Previous Research 

 

Other research has been conducted that does find statistically valid evidence for 

resistance/support areas at round values, especially for individual stocks. The phenomenon is 

relatively undocumented for indexes but there have been some attempts that I will refer to. 

One of the early papers regarding barriers at round values within stocks has been written by 

Osborne (1962). Osborne investigates the closing prices of the NYSE and finds that stock 
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prices cluster around values that are close to round values. Furthermore, he finds that price 

levels are often reflected, or turned back at those round values. Osborne utilizes daily as well 

as weekly data generated in 1960. It should be noted that a chi-square test of distribution did 

not provide statistically significant conclusions. The fact that one of the most important tests 

Osborne applies cannot support his thesis of clustering should not be forgotten.  

More recently, Sonnemans (2005) has investigated price clusters and natural resistance points 

for stocks in the Dutch stock market. Not only does he confirm the existence of price clusters 

and natural resistance points over his test period 1999-2001, he also applies a very interesting 

approach that gives some insights on how they are caused. The test period coincides with the 

introduction of the Euro. After 1999 stock prices were listed in Euro while guilders were still 

used in the daily life of the Netherlands until 2001. This situation was very suitable to test 

whether the round number effect is due to the aspiration effect or due to the odd price effect. 

If it is primarily caused by the former we would expect clusters and resistance points around 

the old guilder values to disappear only slowly. If it would be caused by the later, on the other 

hand, the round number effects around guilder values would disappear quickly after January 

1999. Sonnemans’s (2005) research suggests that the price clusters and resistance points are 

primarily caused by the odd price effect.   

Johnson et al (2008) have investigated the predictability of stock returns around 

psychologically significant values. They find that return following “1-ending”prices such as 

$25.51 are significantly higher than return following “9-ending” prices such as “$24.99.  The 

sample period extends from May 2001 to the end of 2006 and includes common stock of 

firms that are listed on major American stock indexes such as NYSE, AMEX and NASDAQ.  

A study more specific to indexes has been performed by Donaldson and Kim (1993). They 

investigate the DJIA in the period of 1974-1990 using a Monte Carlo experiment. During this 

period round values seemed to act as resistance and support areas and once the index has 

broken through such a value it will move up or down more than usual. The same was not true 

for smaller indexes such as the Wilshire Associates Index 500.  

Ley and Varian (1994) test the DJIA during the 1952-1993 period and also found that closing 

values are not uniformly distributed. However, the conclusions were not consistent over all 

sub-periods. Therefore, they finally concluded that there is little evidence that round values 

have any predictive power. 
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Koedijk and Stork (1994) expand their research to a number of indexes. Their sample includes 

the Brussel Stock Exchange (Belgium), the FAZ General (Germany), the Nikkei Stock 

Average 225 (Japan), the Standard and Poor Composite (United States) and the FTSE-100 

(United Kingdom) between 2 January 1984 and 28 February 1992. They found that round 

numbers are penetrated less frequently and the result hold within all sub-periods. However, 

they concluded that round numbers do not hold any predictability to future returns.  

 

Methodology 

 

I have used a number of intuitive and simple tools to test the significance of chart values that 

are cognitively very accessible. To begin with, I have counted, how often each of the values 

6500, 6000, 5500, 5000, 4500 and 4000 have been crossed in the DAX index during the 

period 26.11.1990-29.01.2010. Other round values have been disregarded since they are too 

far away from the mean which is 5336 for the investigated period. All data has been retrieved 

from Yahoo finance and has been confirmed by other sources.  

The crossing of values that are divisible by 500 received great media attention, indicating that 

it is something extraordinary. I have counted the number of crossings of each of the before 

mentioned variables and have compared each against a control variable. The control variable 

has been selected using the Excel random number generator but has been determined to be in 

a range of +-500 index points to ensure comparability. The media coverage suggests that 

index values ending with several zeros are psychologically important and present resistance or 

support areas in chart development. As a result, I intuitively expect those values to be crossed 

less often. 

The trading volume is another important indicator for the way in which particular values are 

perceived by market participants. A high trading volume represents a large exchange of 

shares. If certain values have particular significance I would expect trading volume to be high 

around those values. Low trading volume could also be a sign of something extraordinary but 

average volume would discredit the claim of psychological importance of certain values. I 

have compared the trading volume around certain values against the average volume over the 

whole period. Only data around crossings of 4500, 5000 and 5500 was substantial enough to 

calculate a meaningful average volume.  
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Furthermore, I have created a simple trading strategy that utilizes signals created by the 

crossing of values divisible by 1000. An upward break through has been interpreted as buy 

signal. I assume that the crossing of such a value has psychological importance and will be the 

start of a trend. If any value divisible by 1000 is crossed in a downward direction it is 

interpreted as a short sale signal for the same reason. Dow’s theory defines an intermediary 

trend to last three weeks to several months (Murphy, 1999). Since the crossing is interpreted 

to be the start of a trend, the position will automatically be held for 50 trading days until it is 

sold. Other signals during this period have been disregarded. Entering the market at the 

beginning of a trend should create superiors profits than entering at random points of time. 

The strategy has been applied starting from the 26th of November 1990 running until 29th of 

January 2010. This period has produced 43 non overlapping trading signals. As a control I 

have randomly chosen 43 trading days to enter the market, using the Excel random number 

function. To determine whether to hold a long position or short sell, I have simply looked at 

the direction of the market at the end of the previous trading day. A gain during the previous 

day would serve as a buy signal and a loss would serve as a sell signal. Since this “strategy” is 

completely random I expect it to create inferior profits compared to signals created by the 

crossing of psychologically important chart values.  

Building on this trading strategy and inspired by Johnson et al (2008) I have conducted the 

following Analysis of Variance Model (ANOVA): 

Ri+1 = β1 + β2*D1i + β3*D2i + � 

D1i represents a dummy variable that is 1 if the last two digits of the closing value on day i are 

00-09. D2i represents a dummy variable that is 1 if the last two digits of the closing value on 

day i are 90-99. All remaining closing values will serve as reference values. The null 

hypothesis to be tested is H0: β2 = β3 = 0 The value of β2 will reveal what influence closing 

values lying just above round numbers will have on the next day’s return relative to all other 

closing values. The value of β3 allows conclusions on what influence closing values lying just 

below round numbers will have on the next day’s return relative to all other closing values.  

The logic behind this regression analysis is the same that motivated the trading strategy 

presented above: If round index values represent a natural resistance point, than values lying 

just above this resistance point are less likely to decrease than values lying above any other 

value. If round values are psychologically important, further rises could be expected, if such a 
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resistance point is positively broken through. The opposite is true if the value is just below a 

resistance point. Accordingly I will expect β1 to be positive and β2 to be negative.  

  

Results 

 

Number of Crossings  

 

 Dax Values 

6500 6310 6000 6137 5500 5549 

Number of X 30 26 22 28 30 20 

 

 

 Dax Values  

5000 4785 4500 4749 4000 4234 

Number of X 41 30 20 30 34 34 

 

Considering the number of crossings of round values compared to the control values, it is not 

possible to conclude that round values present a stronger resistance/support point than the 

random control value. In our sample round values that are supposedly psychologically 

important are crossed 29.5 times while the control variables are crossed 28 times on average. 

Given the large media attention the crossing of a round value receives I would have expected 

that they were crossed less often in general and significantly less than the random control 

values.  
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  Volume Consideration 

 

Average Volume Volume around 4500 

crossing 

Volume around 5000 

Crossing 

Volume around 5500 

crossing 

35.344.781 

 

33.342.020 

 

50.506.617 

 

34.867.700 

 

 

The volume data does also not allow any conclusions. From this small sample we neither see 

a significantly small volume that would show a hesitant attitude of investors around those 

values nor do we observe a significantly large volume that would imply a large number of 

deals. Volume around crossings of 4500 and 5500 are very close to average. The volume 

around crossings of 5000 is relatively large suggesting increased trading activity. It is 

noteworthy that 5000 is probably the cognitively most accessible value among the three since 

it is divisible by 1000. However, the test can only give an impression but does not allow any 

real conclusions 

 

Trading Strategy  

 “Round Value” Trading 

Strategy  

Random market entry 

Number of Signals 43 43 

Short 28 24 

Long 15 19 

Average Return 0.67% 3.62% 

 

The trading strategy that utilizes trading signals from upward/downward crossings of 

psychologically important values is significantly inferior to a random market entry. It seems 

like a break through a round index value is actually a very weak indicator of its direction in 

the medium term. However, the term “psychologically important value” suggests that an 

upward break through would cause a positive sentiment at the stock market. Such a positive 

sentiment would be expected to lead to further gains. The opposite should be true if the index 



 

65 

 

value falls through a psychologically important value. However, this short practice test shows 

that round values are a very weak indicator.  

 

Regression Analysis 

 

 Ri+1 = 0.0004 – 0.00025 *D1i - 0.00002*D2i + � 

 t-value: -0.35 t-value: -0.03 

 p-value: 0.73 p-value: 0.98    

 ��: 0.00002       

 

The alternative hypothesis is two sided. I therefore apply a two sided t-test to test the null 

hypothesis. The t-value is in the region of acceptance, even if a 50% confidence interval is 

applied, hence we cannot reject the null hypothesis. The values for the regression analysis are 

statistically not significant. The β2 coefficient has a value of -0.00025 with a p-value of 0.73. 

I assume a supporting function of the natural resistance point and would therefore have 

expected a positive coefficient. The β3 coefficient is -0.000021 with a p-value of 0.98. The 

negative coefficient is in line with our expectations but the extremely high p-value suggests 

that the result is not statistically significant. The p-value is the lowest significance level at 

which the null hypothesis can be rejected (Gujarati, 2008). Furthermore, the extremely low �� 

indicates, that the model above can only explain an extremely low percentage of the 

distribution of residuals11.  

Generally, the analysis suggests that values just above or below round numbers have no 

predictive power for the returns on the index value on the following day. If those round values 

would indeed be psychologically important I would have expected some predictive power. 

The model above has tested the effect of resistance points at multiples of hundred.  

In the next model I have modified the dummy variables in a way to test the resistance point at 

multiples of thousand. D1 will take a value of one if the last three digits of the closing value 

                                                           
11

 Tests for heteroscedasticity, autocorrelation etc. have not been conducted since there are no indications 

(e.g. high ��and no significant t-tests). Furthermore, all regressions are so clearly insignificant that small 

distortions in confidence intervals will not change any results.  
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are 001-009 and will be zero otherwise. D2 will take a value of one if the last three digits of 

the closing value are 990-999 and will be zero otherwise. The result looks as follows: 

 

 Ri+1 = 0.0004 + 0.00099 *D1i - 0.0012*D2i + � 

 t-value: 0.5 t-value: -0.6 

 p-value: 0.62 p-value: 0.56 

 ��: 0.0001 

  

The positive sign for the β2 coefficient is in line with our expectations. We could conclude 

closing values of 001-009 indicate returns that are on average 0.0004+0.00099 higher than 

those following closing values with different digits. However, the p-values for β2 is 0.62 

which makes a real statistical significance extremely unlikely. The β3 coefficient is also in 

line with our expectations but its p-value of 0.56 suggests that there is no statistically valid 

difference.  

In the next attempt I will consider more decisive break throughs. Maybe investors are still 

hesitant if a multiple of 100 or 1000 has only just been overcome and will wait for a more 

decisive break through. For this reason, the D1 will take a value of one if the last three digits 

of the closing value are 04-14 and will be zero otherwise. D2 will take a value of one if the 

last three digits of the closing value are 86-96 and will be zero otherwise. The resulting model 

looks as follows.  

 

 Ri+1 = 0.0005 - 0.00056 *D1i + 0.00015*D2i + � 

 t-value: -0.83 t-value: 0.22 

 p-value: 0.41 p-value: 0.82 

 ��: 0.0002 

 

Neither β2 nor β3 are in line with our expectation and they have p-values of 0,41 and 0,82 

respectively. The same regression has been performed for resistance areas around multiples of 

thousand but could also not produce statistically valid results.  
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None of the model specifications allows statistically valid conclusions so far. Possibly the 

effect of a break through a resistance or support area only shows time delayed. In the 

following specification I therefore choose Ri+5 as a dependent variable. The dummy variables 

will have the same specifications as the first model.  

 

 Ri+5 = 0.0019 - 0.0014 *D1i + 0.00094*D2i + � 

 t-value: -0.92  t-value: 0.61 

 p-value: 0.36 p-value: 0.54 

 ��: 0.0003 

 

The β2 coefficient has a p-value of 0.36, suggesting that it is not statistically different. 

Furthermore, a negative β2 coefficient is not in line with our expectations. The β3 has a p 

value of 0.54 and is unexpectedly positive. As a result it cannot be considered statistically 

significant. The same model has also been applied to only test the effect of natural barriers 

that are divisible by thousand. The resulting regressions exhibits very high p-values and also 

does not seem to be statistically valid.  

 

Clustering of Closing Values (Last two digits of Closing Values from 26.11.90-29.01.10) 

Last 2 digits 00-09 10-19 20-29 30-39 40-49 50-59 60-69 70-79 80-89 90-

99 

Number of 

Occurrences 

475 

 
 

534 546 476 481 489 520 488 523 478 

 

The closing values do not seem to exhibit any form of clustering behavior. During the sample 

period the DAX closed roughly as many times around random numbers as it closed around 

multiples of hundred. A significance of round numbers can therefore not be supported through 

this test.  
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Résumé 

None of the simple tests performed above is designed to lead to scientifically valid 

conclusions. The increased average trading volume if closing values are close to 5000 are the 

only indication for significance of round values. All other tests indicate that round values have 

the same properties as any other random value. This result is rather surprising, considering the 

large collection of behavioral finance insights that would suggest distortions and irregularities 

at round index values.   

 

 

Conclusion 

 

The large media echo that accompanies the passage through a large round number of a 

popular index cannot be explained through the theories of neo-classical capital market theory. 

The scale of an index is arbitrary chosen and no particular value gives any information about 

the fundamentals that should drive the value of the index. Furthermore, neo-classical financial 

theory and the random walk theory in particular predict that any cycles in the development of 

share/index values are self destroying. It is assumed that arbitrageurs will quickly recognize 

those cycles and drive the price quickly back to equilibrium. Nevertheless, the incompatibility 

of “psychologically important values” with neo-classical finance theory does not mean that it 

is impossible.  A number of influential research papers have been quoted in this thesis, 

suggesting that many models of classical capital market theory do not work in practice. The 

well established models have a sound scientific foundation and cannot simply be proven 

wrong. Papers that attempt to do so, such as Cutler et al (1999), have some weaknesses if 

investigated carefully. Nevertheless, the evidence against them is sufficient to conclude that 

there are certain factors that seem to distort the predictive power of neo-classical models. 

Most of the problems of models such as the CAPM of APT probably stem from their strict 

assumptions about the rationality of market agents.  

Other lines of thought such as the technical chart analysis could very well explain the 

phenomenon of psychologically important chart values.  Resistance and support areas are very 

central to technical analysis and even though those points are not necessarily at round values, 
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anecdotal evidence suggests that they often are. Technical trading can never be considered a 

science since there is very few theoretic support. Some insights from sociology, neurology 

and behavioral finance confirm that there are certain repetitive group dynamics and 

behavioral biases that could possibly manifest themselves in certain chart patterns. Those 

theories assume that the mistakes of market agents are deeply rooted in our behaviorism and 

cannot easily be eliminated. Cycles in index development are therefore possibly not 

eliminated by arbitrageurs and ultimately self destroying, as neo-classical theory assumes, but 

could indeed be repetitive and maybe even predictable. However, it is still impossible to 

directly link a certain theory to technical trading.  

The practical purpose of technical trading rules is also unclear. Sullivan, Timmermann, and 

White’s (1999) paper has exemplified how difficult it is to prove the performance of technical 

trading rules statistically. Earlier successful attempts such as Brock, Lakonish and LeBaron’s 

(1992) paper have to be reconsidered if data snooping bias is taken in to account.  

The picture is a very similar one if resistance and support areas at round values are considered 

directly. The behavioral finance literature is full of insights and theories that make distortions 

at round index values very likely. Round values are cognitively very accessible and will be 

remembered more easily. There is ample evidence from pricing literature that suggests that a 

change of the left most digit has drastic consequences on the demand curve. This cognitive 

bias works similarly when applied to stock indexes. Further biases such as anchoring and 

availability bias can also be applied to resistance/support areas at round values. However, 

none of the before mentioned theories has ever been scientifically tested in the context of the 

round number phenomenon: Behavioral finance can help to understand why many people 

consider certain values as psychologically important but they cannot prove that such biases 

actually exist. To an even lesser extend can the theory explain how those biases influence the 

performance of a certain index. A quantitative investigation could not prove the existence of 

round number values with specific properties.  

The media cannot be proven wrong since there are many theories from different disciplines of 

finance that, when applied to the context of stock markets, suggest irregularities at round 

values. It cannot be proven that the passage of round index values directly influences returns 

but it can be assumed that behavioral biases distort trading decisions somehow. Therefore, the 

large media attention seems partly justified from a popular perspective but does not make 

much sense from a scientific perspective. Anecdotal evidence as well as a test, utilizing the 
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penetration of natural resistance points as trading signals, suggest that the crossing of large 

round values cannot be profitably exploited.  

Considering the topic of natural resistance points revealed many insights about capital market 

theory. The neo-classical approach remains to be the dominant school of thought when 

attempting to explain and predict capital markets. Even though its reputation has suffered 

through its inability to predict the recent financial crisis, it remains the only model with a 

sound theoretical foundation. Furthermore, the models can be applied to many situations and 

the results can be translated in to policy recommendations to politicians and institutions. 

There is no model in behavioral finance that can be directly translated in to specific 

recommendations. Nevertheless, one should keep in mind that the assumptions underlying the 

neo-classical school of finance are problematic. Humans do not act rationally in every 

situation. The insights of behavioral finance are valuable in reminding us that we should not 

solely rely on theoretical models.  

Testing availability-, anchoring bias or other insights of behavioral finance directly in the 

context of natural support or resistance areas would be an interesting area for future research. 

Furthermore, a well designed questionnaire, distributed among fund managers and other 

professional traders, could reveal if decision makers are consciously influenced if an index 

crosses a large round values. If such an investigation shows that a large proportion of traders 

and fund managers consider it to be important if an index breaks through a large round value, 

a self fulfilling effect would be likely.  In the scope of this thesis such an investigation has 

been attempted but was not successful due to a low number of respondents.  
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