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1 Introduction
“It has long been market folklore that the best time to buy stocks is when individual
investors are bearish, and the best time to sell is when individual investors are bullish.”
Robert Neal and Simon Wheatley (1998), p.523
This citation by Robert Neal and Simon Wheatley from their 1998 article about investor
sentiment offers several insights and paves the way for this first chapter by making the
following statements: First, the opinion of individual investors on the market is
important. Second, they are often wrong. Third, individual investor sentiment may
support market timing decisions. Fourth, none of the above is scientifically proven.
In this chapter, research about retail investor sentiment in general and the research
questions addressed in this thesis in particular are motivated. In addition, the structure
of the work as well as the main contributions and related publications are presented.

1.1. Motivation
The financial crisis of the year 2008 has lead retail investors to increase their trading
activities. As the Financial Times reported, “US retail investors have been trading
stocks and options at record levels in recent months, apparently responding to the
financial crisis by taking greater control of their own investments”1. The reason for this
increased level of trading activity is likely that retail investors want to “take more direct
control of their investing, and make decisions themselves about how to rebalance their
accounts”.
Retail investor trading has become more and more important for financial institutions,
especially during times of crisis: Retail investor orders can provide liquidity to financial
institutions and represent a relatively constant source of income for order flow
providers.
However, retail investors are often regarded as the “dumb money”2, meaning that their
reallocations reduce their wealth on average. The actions of retail investors often serve
as contrary indicators in the sense that trading against these indicators would result in
profit opportunities. In research, however, no unanimous conclusion has been reached
1
2

Deborah Brewster, “Retail investors trading at record levels”, Financial Times, November 4, 2008
see e.g. Frazzini and Lamont (2008), p. 300
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yet. In recent years, several research articles3 have been published indicating that certain
groups of retail investors could be right in their trading decisions, and that their trading
could serve as a positive indicator.
Apart from whether retail investors represent the “dumb money” or the “smart money”,
the fact that trading by retail investors is correlated is equally important. If retail
investors trade in concert, their price impact on the market can be much larger than if
they traded independently. Therefore, it is important for market participants to assess
retail investor trading and understand their trading behavior.
Retail investor trading is largely driven by sentiment. As opposed to institutional trading
which usually relies on professional analyses, tools, and expert opinions, retail investors
are said to trade on noise, i.e. information that is not based on fundamental facts but on
historical information, or especially attention-grabbing news. In particular, retail
investors are especially prone to biases and usually make the same mistakes.
Now, the question is no longer whether retail investor sentiment is important, but rather
how to measure investor sentiment correctly. In research and practice, lots of sentiment
indicators have been developed or recognized as such. These indicators are usually
based on different methodologies, have different underlying data sets, target different
retail investors, and are used for different purposes. As of today, there is no universal
measure of investor sentiment that is agreed-upon by academics and practitioners, and
there is strong doubt that one indicator will establish as a generally accepted sentiment
measure because all measures have distinct advantages and disadvantages.
In this work, a unique data set from the European Warrant Exchange at Boerse Stuttgart
provides the opportunity to construct a new sentiment indicator and test its properties.
Rather than analyzing historical time series of established sentiment indicators, it is
possible to isolate the effects of certain orders, products, or brokers and therefore
provide new insight on the topic while avoiding the disadvantages of other measures.
Using the sentiment indicator developed in this work, it is shown that retail investors
trade in a correlated way and that their trading exhibits strong signs of herding behavior.
The sentiment index, constructed from retail order flow data in leverage certificates,
exhibits a large negative correlation to the market indicating that the retail investors
represented by the sentiment indicator are on average contrarian investors. Finally, a
trading strategy developed using the sentiment index is able to generate abnormal
returns.

3

see e.g. Jackson (2003), Dorn, Huberman, and Sengmueller (2008), Barber, Odean, and Zhu (2009a),
Kaniel, Saar, and Titman (2008)
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1.2. Research Outline
The Efficient Markets Hypothesis (EMH) has been the central theory in finance for the
last 40 years (Fama 1970). Since its inception, academics have tried to challenge the
EMH on many grounds. In particular, its theoretical assumptions about the behavior of
individual investors are frequently called into question: First, the rationality of
investors, second, the irrelevance of irrational investors, and third, perfectly working
arbitrage.
The search for contradicting evidence which has started in the 1980s (e.g. Grossman
and Stiglitz (1980) on the impossibility of informationally efficient markets) has
consequently led to the emergence of a new field of research – behavioral finance. This
field aims to integrate insights from psychology with neo-classical economic theory and
rests on two major assumptions: Limited arbitrage and investor sentiment.
Investor sentiment is therefore one of the pillars of behavioral finance. It is defined as
the theory of how individuals form their beliefs about the market and future securities
prices. In the real world, investors make decisions not only based on simple facts and
obvious information but also – and very often – on the basis of their gut-feeling, of
comments and opinions of other investors, and psychological traits. Retail investors are
often regarded as so-called noise traders: They trade on noise as if it were information,
and thereby introduce inefficiency into the trading process. Knowing how investor
sentiment is formed and what factors influence investor sentiment is important for
academics as well as practitioners to assess market efficiency.
However, measurement of sentiment is difficult: In research as well as practice, many
investor sentiment indicators exist that aim to accurately measure investor sentiment.
There are different methods of measurement and consequently different outcomes that
all have distinctive advantages and disadvantages. This leads to the first research
question of this thesis:
Research Question 1:
How can investor sentiment be measured and how are different sentiment
indicators related?
The first part of the question warrants an enumeration and a classification of existing
sentiment measures in research and practice. The answer to the second part involves an
analysis how sentiment measures can be evaluated and compared with each other, and
how they are related to other market parameters such as returns and volatility.
As the results show, each of the sentiment measure categories has its advantages and
disadvantages. Survey-based measures, on the one hand, have the disadvantage that
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they are costly to generate (an infrastructure is needed with a sufficient participant base
which must be constantly maintained), that they can’t be collected as frequent as market
data based measures, and finally that people not always do what they say, and that
sentiment measures therefore do not express real investor sentiment. Market data based
measures, on the other hand, require a theory relating them to investor sentiment – and
therefore their interpretation is more difficult.
When asked – while I was research assistant at Boerse Stuttgart – to help creating a
measure of retail investor sentiment, I instantly thought of an order imbalance measure
based on all retail investor orders submitted to Boerse Stuttgart, in particular to
EUWAX, the market segment for securitized derivatives.
In research, measures that are based on order imbalances often have serious problems:
Sometimes, measures do not distinguish between buy and sell orders because the data
set they are based on does not allow a classification of investor types. Therefore, there
must be a sell order for each buy order, and an order imbalance measure can only be
created by distinguishing which order initiated the trade. This is often done by an
algorithm which does not lead to an exact classification of orders. But there is another
problem: Many existing measures do not focus on retail investors alone but include all
orders executed on an exchange, such as the NYSE or NASDAQ. In order to separate
retail order flow from the rest, trade size classifications or a focus on small firm stocks
are used assuming that retail investors rather trade small sizes or small stocks,
respectively. However, in today’s times of algorithmic trading, trade sizes continue to
decrease, and a separation of retail from institutional order flow becomes more and
more difficult.
Imbalance measures that accurately distinguish between retail and institutional orders
have other probable drawbacks: Retail investors usually do not have the possibility to
sell stocks short to express negative sentiment. Due to this asymmetry of positive and
negative sentiment expression, any measure based on such data would be biased.
The most recent academic literature about order imbalance measures mentions other
possible problems for the interpretation of investor sentiment: A common result found
in many related articles is that retail investors follow a contrarian strategy, i.e. they buy
when stocks have decreased in value, and they sell when stock prices have risen.
However, this negative correlation could possibly be the result of the automatic
execution of stale limit orders in the order book – without retail investors’ intervention.
Therefore, a distinction between limit and market orders is important. Another solution
to this problem – without the necessity to distinguish limit and market orders – is the
use of the order submission time, regardless of whether the order is actually executed at
some point in the future.
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The task at Boerse Stuttgart therefore provided me with the opportunity to construct a
retail sentiment index with data that has not been used by any researcher before, and at
the same time to avoid known problems and shortcomings of existing sentiment
measures. Consequently, the second research question involves developing the index
and analyzing its properties.
Research Question 2:
Can an index be created from retail order flow data to describe investor
sentiment?
This research question actually consists of two parts: First, appropriate data has to be
collected and the index has to be calculated. The second part of the question warrants an
analysis what properties a good sentiment index should have. It turns out that this is not
an easy answer.
It can be argued that since investor sentiment incorporates investors’ expectations and
opinions about the market, sentiment measures and market returns should be correlated.
In addition, a measure that is based on retail investor orders in index certificates should
have a strong relation to market returns. Apart from market returns, the sentiment index
should also have relations to other sentiment indexes since they may all pick up the
same sentiment signals.
In the course of constructing the index, it is possible to determine the influence of
certain parameters on the result, e.g. the difference between an order based measure and
a volume based measure, the distinction of different product types, volume groups,
order types, and option leverage. Finally, the data set allows to investigate the use of
submitted orders for index construction rather than executed orders.
The data used to construct the Euwax Sentiment Index can be used to assess the
behavior of retail investors. One of the most important questions in light of behavioral
finance research is whether the trading of retail investors is correlated. If this is
supported by the data, one of the assumptions of the EMH is seriously challenged,
namely that noise traders’ actions cancel each other out. However, if retail investors
have the same opinion about market conditions and their trades are correlated, they may
actually influence market prices.
Often, the term herding is used to describe a behavior that involves that retail investors
buy (sell) simultaneously the same assets as others buy (sell). In research, there is no
universally accepted definition of herding, and the term is used for different behaviors
and different groups of investors. The first academic article about herding involves
parallel trading by institutional investors (Kraus and Stoll 1972), and in the
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development of this strand of research, most of the work is concerned with professional
behavior (e.g. the behavior of fund managers).
The availability of retail investor data and the construction of a single measure of retail
investor sentiment warrant the analysis whether retail investors exhibit herding behavior
which leads to the third research question.
Research Question 3:
Do retail investors herd?
Regardless of whether the retail investors at Boerse Stuttgart are representative of the
whole population of retail investors, the analysis of their herding behavior is
nevertheless interesting: Retail investors’ trades are possibly correlated and their
behavior is based on similar decision making activities.
Answering this research question involves two parts: First, market-wide herding must
be investigated, i.e. the phenomenon that retail investors have the same opinion about
the market at the same time. Second, stock-level herding is to be analyzed, i.e. the
tendency of retail investors to invest in the same underlyings at the same time. This
analysis can also be used to compare the findings with related herding literature.
The evidence of correlated behavior among retail investors further supports the
assumption that retail investors’ trades influence asset prices. As a natural consequence,
the question to ask is whether a sentiment indicator reflecting retail investor sentiment is
of any use for other investors.
Apart from the fact that knowing what other investors do may give individuals some
affirmation regarding their own investment decisions, it has still to be established
whether investors could use the sentiment indicator as a trading signal – either for
imitating the other investors’ trades or positioning themselves against them. This leads
to the last and maybe most important research question of this thesis.
Research Question 4:
Does sentiment predict returns?
There are many attempts and methodologies that can be used to get an answer to this
question. To analyze whether a sentiment indicator can be used to generate abnormal
returns, a portfolio construction methodology is employed similar to those used in
related literature4. Such a portfolio construction methodology has the advantage that
historical data is used to simulate the returns of a trading strategy, and that only extreme

4

see e.g. Kaniel, Saar, and Titman (2008) or Dorn, Huberman, and Sengmueller (2008)

Introduction

7

sentiment readings are used to determine the assets that should be included in the
portfolios.
The use of the Euwax data set makes it possible to disentangle effects caused by
different product or order types, and investigate the use of submitted orders in index
construction.
To get meaningful results, factors such as market returns, momentum, and market
capitalization must be controlled for. In fact, a distinction by market capitalization of
the underlying companies is necessary to control for the “small minus big” effect. In
addition, the separate treatment of large and small cap firms is warranted by related
behavioral finance research which indicates that noise traders have the biggest influence
on stocks which are difficult to arbitrage and which most probably get their attention –
both assumptions lead to small firms.

1.3. Overview and Structure
The thesis is structured as depicted in Figure 1.1 below.

Chapter 1:
Introduction
Chapter 2:
Related Theoretical and Empirical Work
Chapter 3:
Investor Sentiment
Construction

Chapter 4:
Construction of the Euwax
Sentiment Index

Chapter 5:
Retail Investor Herding

Chapter 6:
The Predictive Power of Retail
Investor Sentiment

Chapter 7:
Conclusion and Future Work
Figure 1.1: Thesis Structure

Chapter 1 motivates the research, develops the research questions, and presents an
overview and the structure of the thesis as well as related publications.
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Chapter 2 provides an overview of the main ideas of behavioral finance, and the most
important theoretical and empirical work. The focus lies on the comparison,
reconciliation, and discussion of the empirical findings.
Chapter 3 presents a classification of sentiment measures and an overview of sentiment
measures used in research and practice. A particular emphasis lies on the history of the
closed-end funds discount because of its importance in the financial literature. In
addition, for each of the sentiment measures used in practice, a graphical presentation is
shown along with related research and its main findings. Finally, the evaluation of
existing sentiment indicators involves the comparison of direct and indirect measures as
well as the relation of sentiment measures to market returns.
In Chapter 4, the construction of the Euwax Sentiment Index is described including the
description of the unique data set used, a graphical illustration of the index, and a series
of multivariate regressions analyzing the different components of retail order flow. In
relation to the results of Chapter 3, the new index is compared to existing measures in
research and practice.
Chapter 5 is about retail investor herding. Following an overview of herding definitions
and empirical findings in the related literature, empirical results regarding retail investor
herding are presented in three parts: First, evidence of market-wide herding is presented
involving the examination of different market periods. Second, market-wide herding on
a broker level is investigated, i.e. whether retail investors at different brokerages show
the same herding behavior. Third, retail investor herding on a stock-level is analyzed to
relate the findings to existing literature.
In Chapter 6, the trading strategy based on Euwax Sentiment measures is being
developed. This strategy consists of buying high sentiment stocks and selling low
sentiment stocks resulting in a zero-cost portfolio. The influence of product and order
types is being discussed as well as the difference between using executed and submitted
orders. Finally, the optimal holding period for this portfolio strategy is determined using
historical data for a period of 5 years.
Chapter 7 concludes this thesis, summarizes the key contributions, and briefly outlines
avenues of future research.

1.4. Related Publications
Parts of this thesis have been published and presented at various academic conferences
and workshops.
At the very beginning of my research involving investor sentiment measures, I
presented the general idea of creating retail investor sentiment measures for investment
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decision making at the Conference of Group Decision and Negotiation in Montreal,
Canada (Burghardt 2007). A much more detailed extended version of this work coauthored by my colleague Ryan Riordan was presented at the Annual Conference of the
Northern Finance Association (NFA) in Toronto, Canada, in fall 2007 and at the
Campus for Finance Research Conference in Vallendar, Germany, in January 2008.
The retail investor sentiment construction presented in chapter 4 was presented at the
11th Symposium on Finance, Banking, and Insurance in Karlsruhe and at the
FinanceCom in Paris, France (Burghardt and Riordan 2009), both held in
December 2008.
Finally, a preliminary version of the herding behavior described in chapter 5 was
presented at the FMA 2009 European Meeting in Turin, Italy, co-authored by our
visiting research fellow Anshu Ankolekar.
The intention of this thesis is to combine this work as well as the relevant related
research and present a structured and sound overview of the research involving retail
investor sentiment. Furthermore, the relationship between theory and empirical results
is discussed with a focus on the empirical data provided by our industry partner Boerse
Stuttgart. Finally, avenues for future research are explored.
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2 Related Theoretical and Empirical Work
“The assumptions of the EMH rule out the possibility of trading systems based only on
information that have expected profits or returns in excess of equilibrium expected
profits or returns.”
Eugene F. Fama (1970), p.384
In recent years, many non-arbitrage algorithmic trading systems have been emerged that
rely on the idea of trend-following as do many hedge funds. A relatively recent trend,
both in financial research and industrial practice, has been the development of
increasingly sophisticated automated trading strategies. Fama’s statement from 1970 is
obviously opposed to this development – and maybe it should be acknowledged that
markets sometimes are not efficient at all.
In this chapter, an overview of the Efficient Markets Hypothesis (EMH) is given
together with a summary of its theoretical assumptions. The most important theoretical
and empirical challenges are presented in section 2.1 which have eventually led to the
emergence of the Behavioral Finance. In section 2.2 and 2.3, related theoretical and
empirical work is presented. More detailed discussions of the related work are included
in the following chapters when appropriate. Finally, the focus of section 2.4 lies on the
comparison, reconciliation, and discussion of the empirical findings. Section 2.5
concludes.

2.1. Introduction to Behavioral Finance
2.1.1. Are Financial Markets Efficient?
The EMH has been the central theory in finance for the last 40 years. In general terms,
the theory of efficient markets is concerned with “whether prices at any point in time
fully reflect available information” (Fama 1970, p. 383).
Theoretical assumptions of the EMH
The EMH is based on three assumptions about the behavior of individual investors.
First, investors are assumed to be rational and hence value securities rationally. Second,
if there are investors that do not act fully rational, then the actions of these irrational
investors take effect in opposite directions and therefore cancel each other out. Third, if
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there are actions by irrational investors that take effect in the same direction, there are
enough rational arbitrageurs whose actions bring prices back to the fundamental level.
The first assumption means that all investors value each security for its fundamental
value by using the net present value of its future cash flows discounted by known risk
factors. When new information about future earnings emerges, investors respond to this
new information by adjusting their valuation of the company and hence bidding prices
up or down. These prices therefore fully reflect all relevant information which is
available to all investors.
The second assumption acknowledges that there are investors that do not react
rationally to new information. In this case, it is assumed that these investors trade
randomly and that their trades are uncorrelated. Therefore, the trades of irrational
investors cancel each other out and do not have any effect on the efficiency of the price
formation process. Prices of securities remain at their fundamental values.
The third assumption concerns the situation when the trades of irrational investors are
correlated and do not cancel each other out. In this case, the effect on prices could be
significant and prices would not be at their fundamental values. It is then assumed that
there are enough rational arbitrageurs5 in the market that acknowledge the security’s
deviation from its fundamental value and bid prices up or down until the price reflects
its fundamental value again. An example may clarify how arbitrage works: Suppose that
the correlated trades of irrational investors have driven prices up and away from their
fundamental values. Rational arbitrageurs acknowledge this situation and (short) sell the
overvalued security. Since they do not want to bear any fundamental risk involved with
this kind of security, they simultaneously have to buy an essentially similar security or
substitute to hedge this risk. The effect of these selling activities by the arbitrageurs is to
bring the overvalued security’s price back to their fundamental value.
The EMH, by itself, is not a well-defined and empirically refutable hypothesis. As Lo
(1997) puts it, “it is disarmingly simple to state, has far-reaching consequences for
academic pursuits and business practice, and yet is surprisingly resilient to empirical
proof or refutation.” There is little consensus between the opinions about the EMH held
in academia and industry. In academia, the EMH is widely supported and challenged at
the same time. In practice, the EMH seems to be ignored by business practices such as
stock-picking and technical analysis. However, the EMH is still regarded as one of the
most important theories in finance for the last century.

5

Arbitrage is defined as “buying an asset in one market at a lower price and selling an identical asset in
another market at a higher price. This is done with no cost or risk” (Ross, Westerfield, Jaffe 2001).
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Empirical tests of the EMH
Empirical work on the EMH can be divided into three categories depending on the
nature of the information of interest: Weak-form tests are concerned with whether
historical price sequences contain information that can be used to predict future returns.
Semi-strong form tests include all obviously publicly available information while
strong-form tests also include private information and test whether individuals with
such information are able to use this information to their advantage.
When researchers began to test the various forms of the EMH, they broadly supported
the theory. Evidence especially on the weak-form efficiency was entirely supportive.
Fama (1965) finds that stock prices follow a random walk, i.e. they are as likely to rise
after a previous day’s increase as after a previous day’s decline. Therefore, ‘technical’
trading strategies that incorporate buying recent winners and selling recent losers would
not be profitable.
Tests of the semi-strong form of market efficiency usually use event-studies in which
particular news events are studied and tested whether prices adjust to this news
immediately or over a period of some days. Fama, Fisher, Jensen, and Roll (1969)
present one of the first such studies to demonstrate that prices immediately adjust to
new information and that there is no trending of prices after the news event. Therefore,
investors cannot gain by using this information to predict returns.
The strong-form efficiency has not received such overwhelming empirical attention like
the weak and the semi-strong form efficiency. Researchers seldom take the extreme
position that it is not possible to make money by trading on inside information – a fact
that is supported by insider traders’ illegal trading activities.

2.1.2. Challenges to Efficient Markets
Theoretical challenges to the EMH
Since its inception, academics have tried to challenge the EMH both theoretically and
empirically.
One of the most cited arguments against the EMH is that people do not act fully rational
and investors seldom follow the passive investment strategies expected of uninformed
market participants as suggested by the EMH. There is a large body of literature that
shows that investors are generally reluctant to realize their losses (Odean 1998), that
they trade too much (Odean 1999), that they hold on to losing stocks and rather sell
winning stocks (Shefrin and Statman 1985), and that especially retail investors actually
lose money by trading (Barber, Lee, Liu, and Odean 2009).
Deviations from the expected behavior are highly systematic and even predictable.
Deviations occur due to a number of reasons: First, individuals usually do not follow the
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concepts of the von Neumann-Morgenstern rationality theory and rather show
preferences first discovered by Kahneman and Tversky (1979) in their prospect theory.
For example, many people display loss aversion which means that their utility function
for losses must be steeper than for their gains. Second, individuals do not follow the
concepts of Bayes’ rule for assessing the probability of a certain situation. For example,
they put higher weight on recent events or overestimate events that somehow got their
attention. The result is a biased perception of reality. Third, framing effects cause
investors make different decisions depending on how a problem is presented to them.
The theories of Kyle (1985) and Black (1986) rely on such behavior.
The critique of the previous paragraph is confronted with the assumption of the EMH
that the actions of irrational investors take effect in the same direction and therefore
cancel each other out. However, the theories by Kahneman and Tversky argue that
people deviate in exactly the same way and their actions are highly correlated.
Therefore, this line of defense used by the efficient markets theory could not threaten its
opponents.
In addition to the rationality argument, there is the argument concerning effective
arbitrage. Efficient markets proponents argue that even if individuals are not fully
rational and even if their behavior is correlated, then the actions of rational arbitrageurs
should bring prices back to fundamental values and markets remain efficient. However,
opponents of the EMH argue that arbitrage in many cases is far from being riskless
because close substitutes are often missing (Campbell and Kyle 1993). The interest of
risk-averse arbitrageurs is then limited and arbitrage is therefore not as effective as
assumed by the efficient markets theory.
The argument that both the irrational investors and the rational arbitrageurs face
substantial risks alleviates Friedman’s (1953) theory that only the irrational investors
would eventually lose too much money and leave the market. Limited arbitrage can
increase arbitrageurs’ losses so they do not survive in the long run.
Empirical challenges to the EMH
Empirical tests of the EMH designed to challenge its validity are plentiful. The first
articles challenging the EMH empirically were written in the early 1980s but even today
researchers try to find arguments against the various forms of the market efficiency
hypothesis.
The weak form hypothesis has been subject of many articles trying to prove that there
are ways to successfully predict security returns based on past price information. One of
the first papers challenging the weak form is that of De Bondt and Thaler (1985) in
which they construct stock portfolios of extreme winners and extreme losers over the
past three years. They show that the loser portfolios outperform the winner portfolios
for the next 5 years indicating that stock prices tend to overreact on average.
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Another highly regarded finding challenging the weak form efficiency is stock price
momentum. Jegadeesh and Titman (1993) find that – in contrast to the long-term trends
identified by De Bondt and Thaler – stock prices tend to predict future short-term
movements of up to 12 months in the same direction. In finance, stock price momentum
has become a widely accepted source of risk and is now included in many risk-return
models (Carhart 1997).
The semi-strong form hypothesis has been challenged by a number of empirical
findings. In their seminal paper, Rozeff and Kinney (1976) find seasonal patterns in
stock returns over a period of more than 70 years. They discovered the so-called
‘January Effect’ which states that the average monthly return for all NYSE stocks in
January is 3.5% whereas other months average about 0.5%. Since small firms are
overrepresented in an equal-weighted index, this effect is primarily a small firm
phenomenon. Since both the month and the size of the firm are known in advance,
excess returns should not occur in semi-strong form efficient markets.
Another challenge to the EMH is presented by findings that the market to book ratio of
a company can predict future returns. Among others, Fama and French (1992) find that
portfolios of companies with high market to book ratios (‘growth firms’) earn lower
returns than portfolios of companies with low market to book ratios (‘value firms’).
Shleifer (2000) argues that this is a serious challenge to the EMH because stale
information obviously helps predict returns and that excess returns are not due to higher
risk as conventionally measured. Fama and French (1993), however, interpret both the
size and the market to book ratio as risk factors and add them as additional factors to
their Three-Factor-Model which has become a standard in the portfolio management
industry. This interpretation as additional risk factors saved the validity of the EMH
although this is still highly debated among researchers.
Many of the studies intended to challenge the EMH have been questioned on the
grounds of data snooping, less attention to transaction costs, or an improper adjustment
for risk factors as Fama criticizes. However, the search for disconfirming evidence
which has begun in the 1980s as well as the theoretical doubt has eventually led to the
creation of a new field of research – behavioral finance.

2.1.3. Emergence of Behavioral Finance
Behavioral Finance is the “study of human fallibility in competitive markets” (Shleifer
2000) and aims to integrate insights from psychology with neo-classical economic
theory. It rests on two major assumptions, namely limited arbitrage and the presence of
investor sentiment.
The first major foundation of behavioral finance is limited arbitrage. Arbitrage is
defined as “the simultaneous purchase and sale of the same, or essentially similar,
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security in two different markets for advantageously different prices” (Sharpe and
Alexander 1990). This means arbitrage is based on the valuation difference between the
security and its substitute, i.e. an essentially similar security which possesses the same
risk characteristics. In the real-world, however, many securities do not have close
substitutes, making arbitrage more difficult if not impossible for rational investors.
Moreover, even when good substitutes are available, prices often do not converge to
their fundamental prices instantaneously because irrational traders continue to move
prices further away. Arbitrageurs then face the risk that they have to liquidate their
positions before prices converge to their fundamental values. Due to the short time
horizon of arbitrageurs, arbitrage remains risky and is therefore limited resulting in
inefficient prices.
The form of this inefficiency is affected by the second major foundation of behavioral
finance, investor sentiment. Investor sentiment is the theory of how individuals actually
form their beliefs about the market and future securities prices. In the real-world,
investors make decisions not only on the basis of simple facts and obvious information
but also – and very often – on the basis of their gut-feeling, comments and opinions of
other investors, and many more psychological traits. Therefore, it is very important to
assess which psychological biases have the greatest influence on decision-making in
certain situations. The theory of investor sentiment tries to provide answers to this
question.
Noise Trader Risk and Limited Arbitrage
“Noise causes markets to be somewhat inefficient, but often prevents us from taking
advantage of inefficiencies.” (Black 1986)
The definition of noise trading was first developed by Fischer Black in his seminal
paper “Noise” from 1986 in which he refers to noise as opposed to information. Noise
traders are people trading on noise as if it were information. In his definition they
cannot expect to earn money from noise trading. He argues that without noise trading
there would be very little trading in individual assets (this reasoning is in line with the
“no trade theorem” by Milgrom and Stokey (1982)). However, with lots of noise traders
in the market, it pays for those with information to trade. In Black’s opinion, noise
traders lose money most of the time, while information traders as a group make money.
According to Black (1986), determining whether a trader is a noise trader or an
information trader is difficult: Noise trading puts noise in the prices, and information
traders cannot be sure whether the information they have has already been reflected in
the prices. If it has, then trading on this information is just like trading on noise. As a
result, there is a lot of ambiguity on who is an information trader and who is a noise
trader.
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Before the discussion of the importance of noise trading and behavioral finance started
in the 1980s, economists like Friedman (1953) and Fama (1965) ignored their influence
on price formation because the existence of rational arbitrageurs would drive prices to
fundamental values and noise traders out of the market. De Long, Shleifer, Summers,
and Waldman (1990) examine these arguments and explicitly focus on the limits of
arbitrage exploiting noise traders’ misperceptions.
Arbitrage is a sophisticated form of risk-free speculation. Arbitrageurs – in the presence
of noise traders – do bring prices to the fundamental values in line with the
Friedman/Fama argument. However, this kind of arbitrage is not riskless: There is the
risk that noise traders’ beliefs will not revert to their mean for a long time and might in
the meantime become even more extreme. De Long et al. (1990) call this source of risk
noise trader risk. If noise traders are, for example, pessimistic about a security, they sell
it and therefore drive its price down and below its fundamental value. Rational
arbitrageurs buy the security and hope that its price recovers soon. If, however, more
noise traders come into the market and continue selling the asset, arbitrageurs may be
forced to liquidate their position in order to limit their losses. The fear of this loss limits
their original arbitrage position in the first place.
The two main assumptions of limited arbitrage are that arbitrageurs are risk-averse and
have reasonably short horizons. Assuming that arbitrageurs are rather risk-averse is
intuitive since arbitrage is commonly defined as a riskless transaction. The second
assumption about the short horizons of arbitrageurs can be justified by agency
arguments: Since most arbitrageurs are assumed to manage not their own money but
money from other investors, they are required to report positive results in relatively
short periods of time. If a mispricing they have identified takes longer to vanish they
may be forced by their investors to liquidate their positions at a loss. Interest payments
on borrowed money even increase this problem.
Investor Sentiment
Investor sentiment is the theory of how investors form their beliefs. Barberis, Shleifer,
and Vishny (1998) present a formal model which takes both the available empirical
evidence as well as the known psychological theories of belief formation into account.
Their theory is based on the empirical observation of both overreaction and
underreaction of investors inconsistent with the weak-form and the semi-strong form of
the EMH. On the one hand, the underreaction evidence shows that security prices tend
to underreact to news announcements: After good news, prices show an upwards trend
after the initial price reaction, and after bad news, prices trend downwards indicating
that they have not fully adjusted to the news. This phenomenon is also called
momentum, i.e. the nature of prices to trend expressed by the positive autocorrelation of
returns over relatively short horizons. The overreaction evidence, on the other hand,
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shows that over longer horizons security prices overreact, especially if there is a longer
pattern of the same type of news. The study by De Bondt and Thaler (1985) as
mentioned in section 2.1.1 is an example of overreaction: Investors overreact to a series
of either good or bad news, and as a result, winners underperform and losers outperform
in the following years. Eventually, prices revert to the mean after a period of
exaggeration.
The model of Barberis, Shleifer, and Vishny (1998) is based on two main observations
in psychology: conservatism and the representativeness heuristic. Conservatism is a
phenomenon identified by Edwards (1968) that states that individuals are slow to
change their beliefs in the face of new evidence. In particular, their beliefs are changed
in the right direction as suggested by the Bayes Theorem but the change is too small in
magnitude so that an underreaction to the new evidence is perceived. The second
phenomenon is the representativeness heuristic discovered by Tversky and Kahneman
(1974). People subject to this heuristic think that they see patterns in truly random
sequences. They evaluate the probability of an event by the degree to which it is similar
to other e.g. past events although past events may not be representative of future ones.
For example, investors affected by this bias might conclude that firms with a consistent
history of earning growth rates over the past several years continue to grow at the rate
suggested by past earnings. As a consequence, investors disregard the possibility that
earnings do not grow into the sky and eventually reverse.

2.2. Theoretical Work
In this section, five models involving noise trading or investor sentiment are presented.
The purpose of this chapter is therefore to give an overview of the motivation, the
structure, and the basic results of the theoretical work that shaped the behavioral
finance.
Noise Trader Risk in Financial Markets
The model of De Long et al. (1990) was one of the first models that included noise
traders in the calculation of market prices. They introduced the concept of the noise
trader risk which has to be borne by arbitrageurs with a short time horizon.
The model is a simple overlapping generations model with two groups of agents: On the
one hand, there are risk averse sophisticated investors with rational expectations, and on
the other hand, there are noise traders with incorrect beliefs and irrational
misperceptions. Agents have the choice between a safe asset with a fixed dividend and
perfectly elastic supply, and an unsafe asset with the same fixed dividend but without
elastic supply - it is in fixed and unchangeable quantity. Agents live two time periods.
They choose their portfolios in the first period to maximize the perceived expected
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utility given their own beliefs about the mean of the distribution of the price in the
second time period. The representative sophisticated investor accurately perceives the
distribution of returns from holding the risky asset, and so maximizes expected utility
given that distribution. The representative noise trader misperceives the expected price
of the risky asset.
Noise traders in the model create an additional risk for all agents. The price of the risky
asset depends on the direction and intensity of the next noise trader generation’s
misperception. The time horizon for the liquidation of the assets is very short since all
agents have to sell their assets to the next generation in the second period.
One of the main contributions of the De Long et al. (1990) model is the interpretation of
the rational arbitrageurs’ decisions as a reaction to existing noise traders. In the model,
it is rational to take future noise traders’ sentiment into account when deciding about the
own portfolio. Eventually, rational arbitrageurs trade not only on fundamental data but
also on noise.
A Model of Investor Sentiment
Barberis, Shleifer, and Vishny (1998) present a model of investor sentiment6 which
explains phenomena of underreaction to new information as well as overreaction to
either good or bad news because people tend to see familiar patterns.
The model incorporates one risk-neutral representative investor and one asset. The
beliefs of this representative investor should be regarded as ‘consensus beliefs’ even
when real investors’ opinions are different. The investor’s beliefs affect prices and
returns.
The earnings of the asset follow a random walk. However, the representative investor
believes that the behavior of earnings moves between two states (or regimes): In the
first state, earnings are mean-reverting. That means e.g. upward price movements are
followed by price declines with a high probability. In the second state, earnings trend,
i.e. earnings tend to rise further after an increase and to decline after a drop. The
probabilities for the change between two states, i.e. the transition probabilities, are fixed
in the investor’s mind. In any given period, the investor thinks that the firm’s earnings
are more likely to stay in the state they are in than to change to the other state. The
investor then observes earnings and updates his beliefs according to the Bayes’ model.
In particular, he raises the likelihood that he is in the trending state if earnings increase
in subsequent periods. On the other hand, the likelihood for the mean-reverting state is
increased if good and bad earnings alternate.
The model describes an investor who does not know the true state of the world. His
decision only depends on the observed results of the very last period. Conservatism
6

This model has already been briefly mentioned in section 2.1.3.
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leads to a slow reaction to new information. Overreaction to information is caused by
the representativeness heuristic when this information follows a series of news with the
same sign.
Investor Psychology and Security Market Under- and Overreaction
The model by Daniel, Hirshleifer, and Subrahmanyam (1998) presents a theory of an
under- and overreaction of securities markets. It is based on investor overconfidence
about the precision of private information on the one hand, and the underestimation of
public signals.
In their model, each member of a continuous mass of agents is overconfident in the
sense that if he receives a signal, he overestimates its precision. Not all agents, however,
receive a signal in each time period. Those agents receiving a signal belong to the group
of the informed whereas those who do not receive a signal belong to the group of the
uninformed agents. Informed agents are risk neutral and uninformed agents are risk
averse.
Each agent is endowed with a securities portfolio at the beginning of the first period
(there are three periods in total). At date 0, individuals begin with their endowments and
identical prior beliefs. They trade solely for the purpose of optimal risk transfer. At date
1, the group of informed agents receives a noisy private signal about the underlying
security value and trades with the uninformed. The informed agents underestimate the
variance of the signal. The uninformed agents know that some agents have received a
signal, and estimate the variance of this signal correctly. At date 2, a noisy public signal
arrives and trading continues. This time, the signal variance is estimated correctly by the
informed as well as the uninformed agents. Finally, at date 3, conclusive public
information arrives, the security pays a liquidating dividend, and consumption occurs.
The central aspect of the model is that overconfidence regarding the private signal leads
to an overreaction of the security’s price to new information. In the long run, this
overreaction is partially corrected so a long term price reversal can be explained.
Furthermore, overconfidence of the agents leads to higher volatility, especially in period
1 in which the noisy private signal is perceived. In addition, price movements as a result
of public information are positively correlated with future price movements.
To incorporate momentum in their model, Daniel, Hirshleifer, and Subrahmanyam
(1998) expand their basic model by linking the agents’ confidence to the success of
their previous actions. A public signal confirms their choice if it points into the same
direction. For example, if an agent buys an asset and later a positive signal confirms his
choice, his confidence is strengthened. Therefore, overreaction can occur in periods 1
and 2 and a momentum effect can be observed.
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A Unified Theory of Underreaction, Momentum Trading, and Overreaction in Asset
Markets
Hong and Stein (1999) present a model in which two types of bounded rational traders –
momentum traders and news watchers – interact. Effects involving under- and
overreaction are not explained by phenomena from psychology but are solely a result of
this interaction.
In their basic model, a risky asset is traded in each time period with a fixed dividend in
the final time period. News watchers are bounded rational because they can observe
only a part of the available information at one point in time. In addition, it is not
possible for them to conclude any price information from each other’s actions.
Information regarding the final dividend is distributed in independent and nonoverlapping parts such that the full information is distributed over several time periods.
In contrast to the news watchers, momentum traders have a finite time horizon. They
trade with the news watchers who act as competing market makers. Momentum traders
follow a positive feedback strategy and solely trade on historic price information. Due
to their bounded rationality, they are not capable to obtain a better prediction of the
price by more sophisticated models.
The model has the following core contributions: First, the piece-wise distribution of
information to the news watchers leads to an initial underreaction to incoming
information. Momentum traders who want to profit from this underreaction and follow a
positive feedback strategy, thereby cause the momentum effect and as a result an
overreaction of the prices. Both under- and overreaction are therefore caused by the
slow information diffusion. The model explains an underreaction of market prices in the
short run and an overreaction in the long run. Eventually, the overreaction is reversed
by the actions of the momentum traders and a correction can be observed.
Hong and Stein (1999) enhance their model by expanding the strategies of the
momentum traders to increase the degree of rationality. They are now able to act not
only as momentum traders but as contrarians. In addition, they can choose a better
model to predict prices and base their decision on several past periods. However, it is
shown that the results from the basic model still hold. Even with the addition of a third
group of traders – the smart money – Hong and Stein (1999) still explain underreaction,
the momentum effect and the resulting overreaction. Only if the smart money accepts
infinite risks do prices follow a random walk.
Distinguishing Between Rationales for Short-Horizon Predictability of Stock Returns
The model by Subrahmanyam (2005) is primarily concerned with short-horizon return
reversals. He identifies two possible explanations in the literature: Some authors take
the position that market microstructure phenomena (e.g. risk-aversion-related inventory
effects or the bid-ask bounce) are the causes of these reversals. Other authors suggest
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that market overreaction and correction (belief reversion) drive the predictability of
monthly returns.
Subrahmanyam (2005) presents an equilibrium model that incorporates both riskaversion-related inventory phenomena as well as behavioral effects. In his model, risk
averse agents absorb order flow from outside investors. A risky security is traded at
dates 1 and 2, and pays off a random amount at date 3. There is a continuum of risk
averse agents who absorb liquidity shocks that appear in the market. At date 2, each
agent receives a signal. Part of the agents misassesses the variance of the signal as too
low. This captures overreaction and correction in the model. A demand shock arrives at
the market on date 2, and risk averse agents demand a premium to absorb it. Therefore,
the security price has two components: The liquidity premium and the conditional
expectation of the asset’s value.
By capturing agents’ beliefs as well as risk aversion, the model allows to obtain
implications for the relation between current returns, past returns, and past order flows.
The model indicates that risk-aversion-related inventory effects are accompanied by a
relation between current returns and past order flows. However, no such relation can be
found with respect to belief reversion. Subrahmanyam (2005) concludes – as other
research indicates – that inventory effects do not appear to completely account for the
return reversal usually found at a monthly horizon. His results accord with the notion
that monthly reversals are caused, in substantial part, by reversals in beliefs of financial
market agents.

2.3. Empirical Work
This section presents related empirical work regarding noise trading, investor sentiment,
individual investors, and correlated trading. The purpose of this section is to give an
overview of the important literature along these research fields. A more detailed review
of the relevant work can be found in the literature sections of the respective chapters
when appropriate.

2.3.1. Noise Traders
Since De Long et al. (1990) have researches tried to measure noise trading activity and
investigate its impact on market quality. Often, market sentiment plays an important
role in this research.
Brown (1999) argues that if noise traders affect prices and the resulting noise can be
interpreted as sentiment causing systematic risk, i.e. additional volatility, then sentiment
should be correlated with volatility. Sentiment is measured directly using the AAII
Sentiment Survey, and the resulting risk is measured by the volatility of closed-end
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investment funds. Brown finds that unusual levels of investor sentiment are in fact
associated with greater volatility of closed-end investment funds.
Beaumont et al. (2005) propose an integrated framework that jointly tests for the effects
of individual as well as institutional sentiment on return and volatility. They use weekly
direct measures of sentiment and relate them to stock returns and volatility. They find
that individual investor sentiment is a market wide risk factor that does not only affect
small cap stocks.
Berkman and Koch (2008) empirically study the influence of noise trading on market
liquidity. They use the dispersion in daily net initiated order flow across brokers as a
proxy for the level of noise trading in stocks traded at the Australian Stock Exchange
(ASX). They find that market liquidity increases with the level of noise trading (i.e.
greater trading volume, market depth, higher arrival rate of uninformed investors, lower
spreads) and that the sensitivity of stock prices to net initiated order flow decreases in
the level of noise trading.
Barber, Odean, and Zhu (2009b) investigate individual investor trading at two large
brokers and measure the tendency to buy or sell the same set of stocks. They conclude
that the buying and selling behavior of individual investors is systematic and individual
investors therefore do have the potential to affect asset prices.

2.3.2. Investor Sentiment
There is a large body of literature that tries to relate measures of investor sentiment to
volatility and returns in an attempt to analyze the impact of investor sentiment on asset
prices. Most of them use direct measures of sentiment (see Chapter 3 for a more
detailed overview).
Lee, Jiang, and Indro (2002) use the Investors’ Intelligence sentiment to test the impact
of noise trader risk on the formation of conditional volatility and expected returns. They
explicitly jointly test the four behavioral effects as introduced in De Long et al. (1990)
and find that shifts in sentiment are negatively correlated with market volatility.
Brown and Cliff (2004) explore the relation between investor sentiment and near-term
stock returns in a vector autoregression framework. Although sentiment levels and
changes are strongly correlated with contemporaneous market returns, they find that
sentiment has little predictive power for near-term future stock returns. In a later article,
Brown and Cliff (2005) use the Investors’ Intelligence sentiment to test two hypotheses:
First, excessive optimism leads to periods of market overvaluation. Second, high
sentiment is followed by low cumulative long-run returns as prices revert to their
fundamental level. Both hypotheses are supported by the results, and so Brown and
Cliff (2005) – in contrast to their earlier paper – conclude that asset values are affected
by investor sentiment.
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Wang, Keswani, and Taylor (2006) investigate the relationships between sentiment,
returns, and volatility. They explicitly test whether sentiment is useful for volatility
forecasting purposes. By using different sentiment indicators (e.g. the put/call ratio, the
ARMS index and survey measures), they find that most of these measures are caused by
returns and volatility rather than vice versa.
Related research is not restricted to stock markets but extends to the futures and options
markets as well: Han (2008) uses three sentiment proxies and examines whether they
affect prices of the S&P 500 options. He presents evidence that investor sentiment helps
explain both the shape of the S&P 500 option volatility smile, and the risk-neutral
skewness of the index return extracted from the index option prices. Kurov (2008) uses
the AAII and II sentiment measures and relates them to trading in the S&P 500 and
Nasdaq E-mini futures markets. They show that index futures traders use positive
feedback trading strategies, and that there is a positive relation between investor
sentiment and the intensity of positive feedback trading.

2.3.3. Individual Investors
Research on the behavior of individual investors has started in the 1990s with the
importance of individual investor trading on asset prices established by the noise trader
theories of Black, Kyle, and De Long et al. De Bondt (1998) draws a portrait of the
individual investor and reviews prior research.
Recent studies about individual investor behavior include Griffin, Harris, and Topaloglu
(2003) who explore the dynamics of institutional and individual trading by classifying
trading data for Nasdaq securities as originating from individuals, institutionals, and
market makers. Coval, Hirshleifer, and Shumway (2005) analyze the transactions of
individual investors at a large discount brokerage and evaluate the investors’ trading
performance. They provide evidence that some individual investors are able to
persistently beat the market. Dorn and Huberman (2005) link individual investor
performance to survey results and find a relation between self-reported risk-aversion
and actual portfolio volatility.
Barber, Lee, Liu, and Odean (2005) draw a less positive portrait of the individual
investor: Using day trading data from Taiwan they find that the profits of day traders are
not sufficient to cover their transaction costs. Only a relatively small group of day
traders are actually able to earn consistently strong returns. In a later paper involving the
same data set from Taiwan, Barber, Lee, Liu, and Odean (2008) find that virtually all
individual trading losses can be traced to their use of aggressive orders.

2.3.4. Correlated Trading
Since the discovery of individual investors in the context of noise trading, researchers
have tried to empirically measure the behavior of individual investors. In particular,
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they have tried to show that individual investors buy and sell stocks in concert and that
this behavior has a significant impact on asset prices.
One of the most straightforward methods to measure the behavior of individual
investors is the creation of order imbalance measures. Order imbalance measures put the
buying and selling of individual investors into proportion and aggregate it to a single
ratio which can then be compared to other key indicators such as stock returns or
volatility. In particular, order imbalances can signal excessive investor interest in a
stock, and if this interest is autocorrelated, then order imbalances could be related to
future returns. However, order imbalance measures only work if it is possible to
separate a subgroup of investors and measure the order imbalance of this subgroup.
Otherwise, there would be the “for every buyer, there’s a seller” argument which would
make it impossible to calculate imbalance measures.
Traditionally, volume has provided the link between trading activity and returns in the
literature. Chordia, Roll, and Subrahmanyam (2002) (and subsequently Chordia and
Subrahmanyam (2004)) are among the first to explore an order imbalance measure and
analyze long-term order imbalances on a comprehensive cross-sectional sample of
NYSE stocks. Jackson (2003) focuses on retail transactions and creates an order
imbalance measure for individual investors in Australia. Kumar and Lee (2006) develop
a buy-sell-imbalance measure using retail investor transactions. They are among the
first to empirically support a role for investor sentiment in the formation of returns.
Pan and Poteshman (2006) analyze options trading data and construct a put/call ratio
from option volume initiated by buyers to open new positions. Their work is unique in
that they empirically transfer the concept of information trading in the options market.
Andrade, Chang, and Seasholes (2008) examine changes in margin holdings by
individual investors on the Taiwan Stock Exchange. They find that weekly changes in
margin holdings correlate positively with contemporaneous returns and negatively with
returns over subsequent weeks.
More recently, there are several papers analyzing individual investors’ trading behavior
by creating order imbalance measures: Dorn, Huberman, and Sengmueller (2008) use
the data set of a large German discount broker to construct a herding measure which
shows that retail investors tend to be on the same side of the market in a given stock.
Schmitz, Glaser, and Weber (2007) also use data of a German discount broker and
construct an imbalance measure for warrant investors. Using exchange data on
individual investors, Kaniel, Saar, and Titman (2008), Barber, Odean, and Zhu (2009a),
and Hvidkjaer (2008) – in contemporaneous research – construct imbalance measures
and analyze the dynamic relation between net individual investor trading and shorthorizon stock returns. Subrahmanyam (2008) provides a longer-term perspective on
lagged order flows and returns by studying a large sample of NYSE stocks and relates it
primarily to inventory effects. Boehmer and Wu (2008) use a unique data set from the

Related Theoretical and Empirical Work

25

New York Stock Exchange which enables them to differentiate between order
imbalances of institutions, market makers, and individuals.

2.4. Discussion
2.4.1. Behavioral Finance
Behavioral finance as a new research field is as intensely debated as its counterpart, the
theory of efficient markets. There are at least as many opponents to the emergence of
the behavioral finance as there are critics of the EMH.
Behavioral finance emerged because traditional finance appears to play a limited role in
understanding questions especially regarding individual investors, such as a) why
individual investors trade, b) how they form their expectations, or c) how they perform.
In the consequence, behavioral finance literature has addressed questions such as a)
what mistakes to avoid when trading or b) how to develop strategies that generate
superior returns (Subrahmanyam 2007).
In general, opponents of the behavioral finance usually offer the same objections: First,
behavioral finance is said to create ad-hoc models explaining specific stylized facts and
thereby failing to provide a general theory. Second, behavioral finance research is said
to be subject to data mining because researchers are focused on finding deviations from
traditional finance models. Third, it is claimed that behavioral finance does not present a
unified theory (e.g. utility maximization using rational beliefs).
The main reason why the behavioral finance fails to satisfy the requirements of
traditional finance researchers is that it is a “positive” theory, i.e. a theory that explains
how people behave rather than how people should behave. In contrast, “normative”
theories are based on rational economics and concepts whose empirical support appears
to be limited. Subrahmanyam (2007) concludes that “the evidence in favor of inefficient
financial markets is far more compelling than that in favor of efficient ones” (p. 18).
In contrast, Fama (1998) argues that “market efficiency survives the challenge from the
literature on long-term anomalies” (p. 283). He bases his arguments on two
observations: First, many of the studies on long-term returns that suggest market
inefficiency establish underreaction or overreaction. Fama (1998), however, argues that
these anomalies are consistent with market efficiency if they are split randomly between
under- and overreaction. In other words, underreaction will be as frequent as
overreaction in an efficient market. Second, he finds that the long-term anomalies
described in the literature are sensitive to methodology. In particular, they may
completely disappear when different statistical approaches are used to measure them or
when other models for expected returns are taken into consideration.
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Fama (1998) also criticizes that the studies challenging market efficiency rarely test a
specific alternative to market efficiency. Rather than presenting an alternative theory
that can be tested they merely dispute market efficiency. Market efficiency could only
be replaced by a better model of price formation that itself would then be potentially
rejectable by empirical tests. Fama explicitly acknowledges the work of Barberis,
Shleifer, and Vishny (1998) and that of Daniel, Hirshleifer, and Subrahmanyam (1997)
because both present rejectable hypotheses. He concludes, however, that the models do
well on the anomalies they are designed to explain. But their prediction of long-term
reversal would not capture the long-term results observed in the literature. Fama
predicts that “we will soon see a menu of behavioral models that can be mixed and
matched to explain specific anomalies” (p. 291).

2.4.2. Correlated Trading
Section 2.3 has shown that there is a growing amount of literature about individual
investors, their behavior, and especially their correlated trading. Retail investors
obviously have an ability to forecast future returns, although the explanation for this
finding is still to be explored. Most scholars admit that “some individuals behave
foolishly all the time and all individuals behave foolishly some of the time” (Chordia,
Roll, Subrahmanyam 2005, p. 272).
This section presents an overview of the empirical research about correlated trading and
identifies differences among the respective papers while trying to summarize and
reconcile them. Table 2.1 presents an overview of the individual papers and provides
summaries of data sources, periods, data frequency, and details how the order imbalance
measures are constructed and what kind of data is used for that.

Taiwan Stock Exchange

NYSE, Amex, Nasdaq
(ISSM, TAQ)

two large U.S. discount and 1991-1999
retail brokers

ASX
NYSE (CAUD)

NYSE (ISSM, TAQ)

NYSE (ISSM, TAQ)

Barber, Lee, Liu, and Odean (2008)

Barber, Odean, and Zhu (2009a)

Barber, Odean, and Zhu (2009b)

Berkman and Koch (2008)
Boehmer and Wu (2008)

Chordia and Subrahmanyam (2004)

Chordia, Roll, and Subrahmanyam (2002)

2000-2001

Nasdaq 100

NYSE, Amex, Nasdaq
(ISSM, TAQ)

ASX (56 brokers)
NYSE (CAUD)

U.S. discount brokerage
firm

CBOE

German Discount Broker

NYSE (ISSM, TAQ)

Griffin, Harris, and Topaloglu (2003)

Hvidkjaer (2008)

Jackson (2003)
Kaniel, Saar, and Titman (2008)

Kumar and Lee (2006)

Pan and Poteshman (2006)

Schmitz, Glaser, and Weber (2007)

Subrahmanyam (2008)

1988-2002

1997-2001

1990-2001

1991-1996

1991-2002
2000-2003

1983-2005

1998-2000

Dorn, Huberman, and Sengmueller (2008) German Discount Broker

1988-1998

1988-1998

1991-1994
2000-2004

1983-2001

1995-1999

1995-1999

Taiwan Stock Exchange

Barber, Lee, Liu, and Odean (2005)

Period
1994-2002

Data source
Taiwan Stock Exchange

Article
Andrade, Chang, and Seasholes (2008)

monthly

daily

daily

monthly

weekly
daily, weekly

monthly

daily

daily

daily

daily

daily
daily

monthly

monthly, weekly

daily

daily

Frequency
weekly

Lee and Ready

exact

exact

exact

exact
exact

Lee and Ready

exact

exact

Lee and Ready

Lee and Ready

n/a
exact

exact

Lee and Ready

exact

exact

Signing
exact

market and limit
orders

market orders only

market orders only

market orders only
all order types

all order types

market orders only

passive and
aggressive orders

passive and
aggressive orders

Order type
all order types

retail, institutional, market all order types
maker

individual investors

all investors

all investors

all investors
six account types

individual investors

small orders

individual investors

individual investors, day
traders

Target group
individual investors

trading volume

buyers ratio

trading volume

trading volume

trading volume
trading volume

all investors

individual investors

four investor classes

individual investors

individual investors
individual investors

market orders only

all order types

all order types

all order types

all order types
all order types

signed small trade turnover small trades by size proxy market orders only
(SSTT)

trading volume

number of shares traded

number of transactions,
shares, and dollars

volume and number of
transactions

trading volume
number of transactions,
shares, and dollars

number of trades

number of small buyerinitiated trades

trading volume

trading volume

Measure
change in shares held in
margin accounts

This table summarizes recent empirical papers about correlated trading and trading imbalances. Data sources, periods, and frequency are shown in columns 2 to 4,
Signing in column 5 refers to how buy and sell orders are separated, Measure in column 6 shows the measures developed in the respective papers, Target group in
column 7 compares different investor groups as indentified in the papers, and Order type in the last column indicates whether different order types are distinguished.

Table 2.1: Overview of empirical work on trading imbalances
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There are some crucial differences among the papers concerning the source of the data,
its frequency and period, regional focus, target group, and the construction of the
imbalance measure.
Data sources
There are several kinds of data sources that are used for individual investor research:
First, researchers use proprietary data sets from brokers that reveal customer
transactions as well as customer holdings on an anonymous account level. These data
sets allow for the analysis of customer profitability, holding periods, and imbalance
measures on the basis of individual investors. In particular, imbalance measures such as
the percentage of investors that are net buyers (buyers ratio) can be calculated.
Second, proprietary stock exchange data is used including transactions from several
different brokers but seldom on an account level. Therefore, measures such as the buyer
ratio cannot be calculated. There are exceptions such as the Taiwan Stock Exchange
whose data reveals transactions on an individual investor level. For this reason,
researchers such as Andrade, Chang, and Seasholes (2008) and Barber, Lee, Liu, and
Odean (2009) have made extensive studies in this market. Boehmer and Wu (2008) and
Kaniel, Saar, and Titman (2008) both use the proprietary Consolidated Equity Audit
Trail Data (CAUD) provided by the New York Stock Exchange that includes
information whether the order originates from an institution or an individual.
Third, publicly available exchange data can be used to infer order imbalance measures.
This methodology is the least reliable methodology but is used by several authors due to
the availability of the data. It has some drawbacks: The sign of the trade has to be
inferred in order to distinguish aggressive from passive orders. Usually, the Lee and
Ready (1991) algorithm is used to sign transactions. In addition, if the target is the
individual investor, trades have to be sorted by trade size to distinguish the different
investor groups such as individual investors and institutionals.
Signing
Five of the articles mentioned in Table 2.1 use the Lee and Ready (1991) algorithm to
identify the side of the trade. Rather than distinguishing orders by order type or investor
group, order imbalances are defined in terms of order aggressiveness. Based on this
algorithm, a trade executed at a price higher than the prevailing quote midpoint is
classified as buyer-initiated. If the transaction price equals the quote midpoint, it is
classified as buyer-initiated if the transaction price is above the previous transaction
price. Seller-initiated orders are defined analogously.
This signing procedure seeks to identify the active side of the trade which is willing to
pay a premium over the quote midpoint. In practice, aggressive orders are likely to be
market orders or marketable limit orders whereas passive orders are usually limit orders
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or market maker orders. Order imbalances based on this algorithm count only the
initiating side of the trade and, therefore, provide a measure of the relative impatience
of buyers and sellers.
The correctness of the Lee and Ready (1991) algorithm, however, is controversial: Lee
and Radhakrishna (2000) show that 40% of NYSE trades cannot be classified at all, and
7% of the remaining trades are not classified correctly. On the other hand, Barber,
Odean, and Zhu (2009a) find that order imbalance measures based on buyer- and sellerinitiated small trades from the TAQ/ISSM data base correlate well with order imbalance
measures based on trades of individual investors from proprietary brokerage data. They
conclude that small trades signed by the Lee and Ready (1991) algorithm are reasonable
proxies for the trades of individual investors.
Whether the signing algorithm leads to a reasonable measure of order imbalance or
whether an exact classification should be preferred – fact is that these different
methodologies probably lead to different results which have to be interpreted as such.
Regional differences
There are certainly differences among the behaviors of individual investors in different
parts of the world. For example, individual investors in Taiwan may show a totally
different behavior than investors in Germany or the USA. Therefore, inferences about
the behavior of individual investors must always be made in light of the investment
culture of the country or region where the data is collected from.
Period and frequency
Data period and frequency differs throughout the related research. In most of the papers
a daily frequency is used though some authors present results on a monthly basis. This
is not only due to the availability of the data but also to the specific research focus, i.e.
whether long-term or short-term anomalies are to be investigated.
It is therefore important to judge any differences in the conclusions in light of the data
frequency. For example, both Barber, Odean, and Zhu (2009a) and Hvidkjaer (2008)
use the same data and a similar imbalance measure but come to different conclusions
regarding short-term return predictability. In a reconciliation, however, Barber,
Hvidkjaer, Odean, and Zhu (2006) show that their short-term results are not necessarily
contradictory when the data frequency is harmonized.
Order Types
Another important difference among previous research is the differentiation between
market and limit orders. All papers using the Lee and Ready (1991) algorithm only
include market orders by assumption whereas all other papers may include limit orders
as well.
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Dorn, Huberman, and Sengmueller (2008) are among the first to distinguish market and
limit orders and get different results depending on the order type. Their data set from
the discount broker allows them to determine the order type exactly and differentiate
even further between speculative and non-speculative orders. Barber, Lee, Liu, and
Odean (2009) differentiate between passive and aggressive orders due to their unique
data set from the Taiwan Stock Exchange. Investors in Taiwan are not allowed to
submit market orders, so an executed limit order must be identified as marketable or
non-marketable.
In recent research, Linnainmaa (2009) finds that trading patterns such as the disposition
effect or contrarian behavior can be explained in large part by investors’ use of limit
orders. He argues that these pattern arise mechanically because limit orders are pricecontingent and suffer from adverse selection. Besides, the differentiation between
market and limit orders has not received a lot of attention in the related literature
although Dorn, Huberman, and Sengmueller (2008) show that this differentiation is
important. In addition, research on submitted rather than executed orders is missing – a
gap that we would like to fill with our work.
Order Imbalance Measure Calculation
Although an order imbalance measure is being developed in all papers, authors have
done it in different ways: Some researchers report trading volume imbalance, some
report imbalances based on the number of trades or the number of stocks traded. In
some papers, an imbalance measure based on the number of buyers as opposed to all
traders is calculated.
Given the many differences among all empirical papers, there is no doubt that their
results and conclusions differ as well. The main questions are whether order imbalance
measures are correlated with contemporaneous and future return data.

2.4.3. Return Correlation
Contemporaneous returns
Empirical results regarding a contemporaneous correlation of order imbalances and
stock returns are mixed. Among the papers that report a positive contemporaneous
correlation are Chordia, Roll, and Subrahmanyam (2002), Chordia and Subrahmanyam
(2004), Dorn, Huberman, and Sengmueller (2008), Andrade, Chang, and Seasholes
(2008), Hvidkjaer (2008), and Barber, Odean, and Zhu (2009a). In general, their work
suggests that periods of intense buying correlates with rising stock prices, i.e. investors
are positive feedback traders and buy when prices go up.
In contrast, Griffin, Harris, and Topaloglu (2003), Jackson (2003), Kumar and Lee
(2006), Kaniel, Saar, and Titman (2008), and Boehmer and Wu (2008) report a strong
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negative correlation between order imbalances and stock returns. Their work suggests
that individuals are negative feedback traders and buy when prices decline and sell
when prices go up. Table 2.2 summarizes the findings regarding contemporaneous and
subsequent correlation of order imbalances and returns.
Table 2.2: Evidence of return correlation found in empirical work
This table presents a summary of findings on return correlation found in recent empirical work.
Frequency is reported to explain differences in subsequent columns. The column Contemporaneous
correlation shows whether returns and order imbalance measures are negatively or positively (or not at
all) correlated. The column Forecasting power indicates whether the authors have found any return
forecasting ability of their measures. The last column (Duration) reports the duration of return
predictability.
Article

Frequency

Contemporaneous
correlation

Forecasting Duration
power

Boehmer and Wu (2008)

daily

negative (individuals); positive
positive (institutions)

up to 4 days

Chordia and Subrahmanyam (2004)
daily
Chordia, Roll, and Subrahmanyam (2002) daily
Dorn, Huberman, and Sengmueller (2008) daily

positive
positive
positive

one day

Griffin, Harris, and Topaloglu (2003)

daily

negative (individuals); none
positive (institutions)

--

Pan and Poteshman (2006)

daily

--

positive

up to 3 weeks

Schmitz, Glaser, and Weber (2007)
Jackson (2003)
Kaniel, Saar, and Titman (2008)

daily
weekly
weekly

-negative
negative

positive
positive
positive

up to 2 days
up to 2 weeks
up to 4 weeks

Andrade, Chang, and Seasholes (2008)
Barber, Odean, and Zhu (2009a)
Hvidkjaer (2008)

weekly
weekly
monthly

positive
positive
positive

negative
positive
negative

up to 10 weeks
up to 4 weeks
up to 2 years

Kumar and Lee (2006)
Subrahmanyam (2008)

monthly
monthly

negative
--

positive
negative

one month
up to 2 months

positive
negative
positive

up to 2 days

It is not straightforward to reconcile the results. Boehmer and Wu (2008) as well as
Griffin, Harris, and Topaloglu (2003) find that order flow and prices have a high
contemporaneous correlation but that signs differ for individuals and institutions.
According to their results, order flow of individuals is negatively correlated to stock
returns whereas order flow of institutions is positively correlated to stock returns
suggesting that individuals provide liquidity to actively investing institutions. This
reasoning complements the results in Kaniel, Saar, and Titman (2008) as well as
Jackson (2003) whose results support the existence of very strong negative feedback
trading at the individual stock level by small investors.
On the contrary, both Chordia, Roll, and Subrahmanyam (2002), and Chordia and
Subrahmanyam (2004) report a positive contemporaneous correlation, i.e. excess buy
orders drive up prices and excess sell orders drive down prices. However, they do not
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differentiate between individual and institutional investors – an omission that could very
well lead to these results.
The remaining papers summarized in Table 2.2 also report a positive correlation but a
missing differentiation between individual and institutional investors cannot be found
because all of them focus on individual investors’ data. However, their methods
defining individual investors’ trades differ: Barber, Odean, and Zhu (2009a) and
Hvidkjaer (2008) use small trades as proxies for small individual investors’ trades. It is
possible that their measure includes different trades than e.g. Boehmer and Wu’s (2008)
measure that provides an exact differentiation between all investor groups.
Andrade, Chang, and Seasholes (2008) acknowledge that their results differ from those
reported in Kaniel, Saar, and Titman (2008). They argue that the results reported by
Kaniel, Saar, and Titman (2008) are possibly driven by the execution of stale limit
orders (on average) which causes the U.S. investors to trade against price movements
whereas the data used in their study, by contrast, are placed by active Taiwanese
investors who demand liquidity. Therefore, differences between investor behaviors
across countries could explain the results.
Dorn, Huberman, and Sengmueller (2008) report a positive contemporaneous
correlation. They argue that the negative correlations between limit order imbalances
and contemporaneous returns found by other researchers are due to the strong
mechanical relation between price movements and limit order execution. They do things
differently, in that they only use speculative market orders by individual investors.
Order imbalances on these orders are positively correlated to contemporaneous returns
which they explain with serially correlated price pressure.
Subsequent returns
In the case of subsequent return correlations, the related work is apparently not
consistent either. Four papers find that order imbalances are negatively related to future
returns, i.e. periods of intense buying are followed by subsequent returns reversals
suggesting that retail investors’ behavior is suboptimal. One paper does not find a
significant correlation of order imbalances and future stock returns. All others, i.e. the
majority of the related literature in Table 2.2, find a significant positive correlation of
order imbalance and subsequent stock returns differing in the observation frequency and
the duration of the observed effect.
It is easier to reconcile the seemingly contrarian results, especially after the work by
Barber, Odean, Zhu, and Hvidkjaer (2006) who find that their earlier contrarian findings
are easily reconciled when using the same data frequency. They find that both papers
document strong reversals at long horizons (e.g. one year) and strong continuations at
short horizons (e.g. one week). In this light, the negative correlations documented by
Hvidkjaer (2008) as well as Subrahmanyam (2008) are due to their monthly frequency.
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When changing the frequency from monthly to weekly, results in Hvidkjaer (2008)
equal those of Barber, Odean, and Zhu (2009a) which is likely to be the case with the
data in Subrahmanyam (2008) as well.
Griffin, Harris, and Topaloglu (2003) do not find any forecasting power in their data.
This might be due to their relatively short data set, and the missing differentiation
concerning market capitalization or order type.
The results by Chordia, Roll, and Subrahmanyam (2002) suggest a negative correlation
as well. In their later paper (Chordia and Subrahmanyam 2004) they find the opposite
pattern regarding future returns. However, they explain the difference by the focus on
market-wide order imbalances on the one hand, and order imbalances at the individual
stock level on the other hand.
The negative correlation found by Andrade, Chang, and Seasholes (2008) does not seem
to fit among all other results. Again, maybe the Taiwanese investors show a very
different behavior than those in Europe, Australia, and the United States. Lee, Liu, Roll,
and Subrahmanyam (2004) support this reasoning and find that all trader classes act as
market makers and that they are quite successful in doing it. This suggests that the
behavior of individual investors in Taiwan can be quite different from other markets in
which market makers or designated sponsors provide liquidity.

2.4.4. Market Efficiency
Does the evidence presented in the last section pose a threat to market efficiency? In
general, almost all empirical studies show that future returns are to some extent
predictable by order imbalances. Order imbalance measures may differ according to
frequency, inclusion of order types, order size, market capitalization, target group, etc.
but overall they point into the same direction: Today’s order imbalances can be used to
successfully predict tomorrow’s returns.
According to the semi-strong form of the EMH, it is not possible to earn excess returns
by trading on past information. However, many investors still follow technical trading
strategies that appear to generate little revenue and considerable cost. Such strategies
have long been the object of derision by Finance professors. But the recent evidence of
return predictability (under assumptions) presents the EMH in a new light, and a
discussion is evolving whether these excess returns can be explained by existing or
additional risk factors (such as the risk factors suggested by Fama and French 1993) or
whether retail order imbalance is such a risk factor itself.
Chordia, Roll, and Subrahmanyam (2005) argue that traders act collectively to push
prices to market efficiency, and that this process cannot happen instantaneously. The
goal of their paper is to present evidence of the speed of conversion to market
efficiency. They find that even weak-form efficiency is not attained immediately and
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that order imbalances predict future returns over very short horizons. However, their
data is from 1996 to 2002 – a time in which algorithmic trading was still evolving with
levels far below those experienced today. The same studies with more recent data could
lead to very different results.

2.5. Conclusion
Over the last 30 years, the growing evidence against the assumptions on which the
EMH is based has lead to the creation of a new research field in finance: Behavioral
Finance. Behavioral Finance is the “study of human fallibility in competitive markets”
and primarily concerned with questions regarding the behavior of individual investors,
such as why individual investors trade or how they form their expectations.
The Behavioral Finance presents many challenges to the EMH, both theoretically and
empirically. In an attempt to provide the theoretical foundation for the Behavioral
Finance, several models have been developed in related research of which five are
summarized in section 2.2. In general, none of the models discussed in this chapter
develops a general theory that explains all anomalies found in empirical research.
Rather, ad-hoc models have been created to address certain aspects of empirical
findings. This can be regarded as its major weakness. However, the understanding of
certain phenomena, such as noise trader risk or the momentum effect, has improved
substantially by developing theoretical models parallel to recording empirical findings.
The most important empirical work is presented in section 2.3. All related studies are
divided into four categories: noise traders, investor sentiment, individual investor
behavior, and correlated trading.
Finally, section 2.4 briefly discusses the relation of Behavioral Finance and the EMH.
The main part of it is concerned with the relation of order imbalance measures and
contemporaneous stock returns on the one hand, and the relation of order imbalance
measures and future returns on the other hand. First, 18 of the most important empirical
papers in this context are analyzed and compared with respect to data source, period,
frequency, signing, measure, target group and inclusion of order types. Second, 14 of
the papers that relate order imbalances to stock returns are analyzed with respect to their
findings on whether order imbalance measures are positively or negatively correlated to
contemporaneous stock returns, and whether order imbalance measures positively or
negatively predict returns.
The reconciliation of the different research findings is not straightforward, and has to
take the different aspects of the data sets into account. The main finding from the
literature is that retail investor net trades (i.e. generally measured by order imbalances)
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are negatively correlated to stock returns7. In addition, and more importantly, it is found
that retail investor net trades (order imbalances) positively predict stock returns8 and
that the forecasting power lasts for a period of a couple of days to up to 4 weeks. After
all, more and more recent empirical evidence supports the theory that retail sentiment as
measured by retail investor order imbalance accurately and positively predicts returns.
This is contrary to the commonly expressed opinion that retail investors acting as “noise
traders” are always wrong and lose money on average by trading.
The overall conclusion of this chapter is that there is much more empirical evidence on
noise trading, investor sentiment, and individual investor behavior than there are
theoretical models. Moreover, there is no general theory that is able to explain all
phenomena at once – a fact the field of Behavioral Finance is still suffering from.

7

Boehmer and Wu (2008), Jackson (2003), Kaniel, Saar, and Titman (2008), and Kumar and Lee (2006)
Boehmer and Wu (2008), Dorn, Huberman, and Sengmueller (2008), Jackson (2003), Barber, Odean,
and Zhu (2009a)
8
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3 Investor Sentiment Construction
“Now, the question is no longer, as it was a few decades ago, whether investor
sentiment affects stock prices, but rather how to measure investor sentiment and
quantify its effects.”
Malcolm Baker and Jeffrey Wurgler (2007), p.130
What is a good measure of investor sentiment? Several attempts have been made to
quantify investor sentiment and evaluate existing sentiment measures.
In this chapter, different measures of investor sentiment as suggested and discussed in
research as well as used in practice are presented. Different measures can be categorized
into direct measures and indirect measures of investor sentiment.
In an attempt to evaluate different measures of investor sentiment and validate them
against each other, pairwise correlations are computed and compared. This evaluation is
based on the assumption that the measures should somehow move in concert if they are
to rest on the same underlying factor – namely investor sentiment.
This chapter is structured as follows: In section 3.1, related work regarding the
classification of different sentiment measures is presented together with a discussion of
their advantages and disadvantages. Section 3.2 commences with an overview of the
most-discussed sentiment indicator in research, the closed-end funds discount, and also
presents recent research measures. In section 3.3, the most important sentiment
measures used in practice are presented, along with a graphical representation and
related findings from research when available. Section 0 finally compares all measures
and discusses how sentiment measures should be evaluated. Section 3.5 concludes.

3.1. Classification of Sentiment Measures
3.1.1. Related Work
According to Robert J. Shiller, one of the first researchers to study investor expectations
and behavior, most data on investor sentiment refer to simple expectations for price
change or indicators of these expectations (Shiller 2000, p. 49). The problem is that
most people do not have precise expectations for future changes over specific horizons.
Shiller distinguishes two kinds of market sentiment measures: those that are derived
from prices or quantities in markets under a theory relating them to sentiment, and those
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that are based on polling of investors. The first group of sentiment indices includes the
put/call ratio, the short interest ratio, and the closed-end funds discount (CEFD). In the
second group of indexes, he mentions the survey of the American Association of
Individual Investors (AAII), the University of Michigan Consumer Sentiment Index,
and the Investors’ Intelligence (II) index predicting a correction in market prices.
Brown and Cliff (2004) also identify two basic types of sentiment measures: direct and
indirect sentiment measures. Direct sentiment measures, on the one hand, are created
from surveys that directly measure the sentiment of market participants. They also use
the AAII and the II sentiment measures in their study. Indirect sentiment measures, on
the other hand, are created from financial data and can be categorized, according to
Brown and Cliff, into four groups: indicators based on recent market performance,
indicators that relate to particular types of trading activity, indicators that relate
especially to derivatives variables, and other sentiment proxies that do not fall within
one of the above three categories.
Qiu and Welch (2006) also distinguish two measures: Financial measures that are based
on financial data, and survey measures that are based on the polling of investors. In
particular, they examine the closed-end funds discount and the consumer confidence
index as two different proxies for investor sentiment.
Bandopadhyaya and Jones (2006) survey studies that use investor sentiment measures
and classify them into five categories: 1. optimism/pessimism about the economy,
2. optimism/pessimism about the stock market, 3. riskiness of the stock market,
4. riskiness of an individual stock, and 5. risk aversion. Their focus is not on how the
sentiment measures are gathered but rather which attitudes are expressed through them.
Beaumont et al. (2005) classify sentiment measures as implicit and explicit, with
implicit measures being constructed from objectively observable financial data and
explicit, survey-based measures that try to capture the mood of the market directly. In
addition, they consider another type of sentiment measure: The combined direct and
indirect measure of sentiment which includes the combination of different indicators
and techniques such as those used by Brown and Cliff (2004) and Baker and Wurgler
(2006). They conclude that the integration of several measures of sentiment has proven
a fruitful approach to exploring the relationship of investor sentiment and stock returns.
In addition to the already mentioned two categories of sentiment (and combinations
thereof), however, there is a third type of measure that is neither based on pure market
data nor investor surveys. This type is referred to as meta-measure. Typically, these
measures are based on an amalgam of opinions.
Recent innovative non-standard methods for sentiment extraction fall into this third
category: Ciccone (2003) uses analyst opinions as a human-level measure of investor
sentiment. Antweiler and Frank (2004) study messages in internet chat rooms focused
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on stocks and characterize the content of the messages as buy, sell, or hold
recommendations. They find evidence of relationships between message activity and
trading volume and message activity and return volatility. Das, Martínez-Jerez, and
Tufano (2005) examine the information flow for stocks to trace the relationship between
online discussion, news activity, and stock price movements. Applying languageprocessing routines to message board postings and news, they create sentiment and
disagreement measures which they call “eInformation”. Das and Chen (2007) use
statistical and natural language processing techniques to extract the emotive content of a
message posted by stock message board users about a specific stock. Using principal
components analysis, Tetlock (2007) constructs a simple measure of media pessimism
from the content of a Wall Street Journal column and estimates intertemporal links
between this measure of sentiment and stock prices.

3.1.2. Advantages and Disadvantages
All categories of sentiment measures have advantages and disadvantages and neither
can be said to be the best. This section presents advantages and disadvantages of each
category.
Direct Measures
Direct measures of investor sentiment have one big advantage: Surveys measure
sentiment directly by asking people about their expectations of the market, thereby
producing a very precise indicator.
However, surveys have many possible sources of errors, e.g. the interviewer, the
questionnaire or the respondent (e.g. Groves 1989). There are often problems related to
inaccurate responses, non-response and self-selecting biases that can influence the
results. In particular, investor sentiment surveys assume that people actually do what
they say, i.e. invest in the market when they consider themselves bullish. However,
investors do not always do what they say, and when it comes to investing real money,
many of them might change their opinion. Some surveys have already reacted to that
and ask their participants to what degree they have invested in the market, i.e. their
relative bullishness.
Another important disadvantage of survey measures is the low-frequency sampling
period: A weekly frequency has established as the most common sampling frequency
for individual investors (e.g. Sentix, Cognitrend, AAII), though there are many more
surveys conducted on a monthly basis. These surveys are not suited to infer short term
sentiment and relate it to trading days, even intraday events. In addition, surveys give
respondents some time for their answer resulting in incoming responses over the course
of days or even weeks. Therefore, it cannot be guaranteed that all respondents answer at
the same time.

Investor Sentiment Construction

39

Indirect Measures
Indirect sentiment measures refer to financial variables and require a theory relating
them to sentiment. The weakness of the indirect measures lies in the necessity of
building up this theory and their respective interpretation. Furthermore, the definite link
between theory and empiricism is missing.
However, the use of indirect measures of investor sentiment is wide-spread in the
academic literature because they are easily constructed and based on simple market
data. Indirect measures offer the opportunity to extract high-frequency sentiment and
relate it to events, high-frequency returns time series, or other high-frequency data such
as volatility.
The right choice of market data is equally important as filtering methods in order to
ensure a high degree of expressiveness. For example, if an indirect measure of retail
investor sentiment is to be constructed, it is important to either include only retail data
or filter the data accordingly (e.g. by trade size or instruments). Applying filters and
other modifications of the original data, however, always bears the risk of data mining,
i.e. researchers modifying the data until they get significant results. In order to prevent
this, modification of the data and inclusion of other variables usually have to be backed
on theory and decided upon in advance.
Meta-Measures
Meta-measures, as termed in the previous section, have the advantage that they are
based on innovative methods that enable the researcher to look beyond established
extraction methodologies and investigate the relationship between investor sentiment
and the expression thereof found in next generation internet applications.
The most difficult task when constructing meta-measures for research lies in
establishing its relation to theory. As for the indirect sentiment measures, the metameasures must be linked to theory to draw conclusions about investor sentiment.
However, meta-measures seem to be a promising approach to create new sentiment
extraction methods that are more flexible in terms of frequency, more targeted towards
a specific group of investors, and well-suited to keep up with technological
developments.

3.2. Sentiment Measures in Research
3.2.1. The Closed-End Funds Discount
One of the first and also the best known academic study of investor sentiment using
market data is the closed-end funds discount (CEFD) authored by Lee, Shleifer, and
Thaler (1991), and has been the source of much debate. The basic premise of the study
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is that since retail investors are known to disproportionately hold closed-end funds, the
CEFD can be interpreted as a measure of investor sentiment.
Closed-end funds are collective investment schemes with a limited number of shares.
New shares are rarely issued after the launch but investors are able to buy existing
shares from other investors on the secondary market. The price of a share is determined
partially by the value of the investments in the fund, and partially by the premium or
discount placed on it on the market. The per share net asset value (NAV) of the fund,
i.e. the total value of all the securities in the fund divided by the total number of shares,
minus its per share market value constitutes the discount or premium. If the fund trades
at a price above the per share NAV it is said to be trading at a premium; if it trades
below, at a discount.
The Closed-End Funds Discount Puzzle
The closed-end funds discount puzzle is the empirical finding that closed-end fund
shares typically sell at prices not equal to the per share market value of assets the fund
holds. Discounts of 10 to 20 percent have been the norm.
Lee, Shleifer, and Thaler (1991) mention four parts of the closed-end funds discount
puzzle: First, newly opened closed-end funds usually start out at a premium of about 10
percent of their NAV. Second, closed-end funds move to an average discount of about
10 percent within the initial 120 days of trading. Discounts remain substantial
thereafter. Third, discounts do not represent a constant fraction of the NAV but even
fluctuate over time. Fourth, when closed-end funds are terminated, the fund share prices
rise and discounts disappear.
Several studies have attempted to solve the puzzle by explaining that the methods used
to value the securities in the fund might overstate their true value. Standard explanations
include agency costs, illiquidity of assets, and tax liabilities. First, agency costs could
result in discounts if fund management fees are too high or future portfolio management
is expected to be too expensive. However, agency costs could explain the presence of
the discount but would not serve as explanation for the initial premium, or the
fluctuation during the lifetime of the fund since agency costs would rather be a constant
fraction of the NAV. Second, illiquidity of assets could serve as an explanation for
discounts if the closed-end fund held a substantial amount of restricted stock, i.e. stock
for which public trading is restricted and which usually trades at a lower price. This
argument, however, can be ruled out for the largest U.S. closed-end funds which only
hold liquid, publicly traded securities. Third, the reported NAV of a closed-end fund
does not incorporate the capital gains tax that must be paid by the fund if the assets in
the fund are sold, and therefore overstates its true value. It has been demonstrated,
however, that this theory can only explain up to 6 percent of the observed discount. To
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summarize, none of the theories mentioned can fully explain all parts of the closed-end
funds discount puzzle.
Lee, Shleifer, and Thaler (1991) conjecture that the discount movements reflect the
differential sentiment of individual investors since closed-end funds in the United States
are primarily owned and traded by individual investors. However, this does not mean
that individual investors are, on average, pessimistic about the funds or its holdings. The
average underpricing of the fund, i.e. the discount, can be explained by noise trader risk,
i.e. the fact that holding the fund is riskier than holding its portfolio. According to Lee,
Shleifer, and Thaler (1991), the existence of noise traders also explains the other three
parts of the puzzle.
The closed-end funds discount as a sentiment indicator
Lee, Shleifer, and Thaler (1991) collect closed-end funds data and calculate a valueweighted index of discounts of a total of 20 stock funds. They find that both the levels
of discounts and the changes of discounts are highly correlated among funds. Average
pairwise correlation of year-end discounts amounts to 0.497 and the average pairwise
correlation of changes in discounts is 0.389. They argue that these high correlations
justify the construction of the value-weighted discount. They conclude that the positive
correlations are consistent with the hypothesis that discounts on different funds are
driven by the same investor sentiment. They do not find, however, that discount levels
or changes are closely related to levels of stock market prices or the returns thereof.
Lee, Shleifer, and Thaler (1991) compare the changes in their value-weighted discount
index (VWD) with returns of portfolios of stocks with different market capitalization.
They find that the lowest market capitalization stocks do well when discounts shrink,
and that the largest market capitalization stocks do poorly when discounts widen. In
other words, when individual investors become optimistic, smaller stocks do well and
CEFDs narrow. This empirical finding relates a measure of investor sentiment with the
returns of small stocks that may have nothing to do with the funds themselves.
Their work suggests that as the discount increases, retail investor sentiment decreases.
Figure 3.1 displays the discount history for one of the best-known closed-end funds,
Tri-Continental Corporation9. This corporation has already received attention in the
early works of Lee, Shleifer, and Thaler (1991). The graph confirms that there were still
large CEFDs during the last 10 years amounting to 13.5% on average. From January
2006 to July 2007, however, discounts decreased by over 10 percentage points
indicating that investors were becoming more and more pessimistic.

9

The closed-end funds discounts presented here are calculated and published by the Closed-End Fund
Association (CEFA) at http://www.cefa.com/.
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Figure 3.1: CEFD History of Tri-Continental Corp.
This shows the monthly discount history of the closed-end fund Tri-Continental Corp. (left axis, blue
solid line) along with the monthly Dow Jones Industrial Average close prices (right axis, red dashed line).

Lee, Shleifer, and Thaler (1991) concede that several factors are likely to influence the
CEFD, for example agency costs. Ross (2002) explores these factors in more detail and
argues that transaction costs play a much larger role than Lee, Sleifer, and Thaler
originally assumed. Qiu and Welch (2006) criticize that they primarily base their
validation on the correlation of the CEFD with the small firm return and that this
method would validate one financial measure (the CEFD) with another (decile stock
returns). They suspect that it is more likely that both measures are driven by financial
markets phenomena that are not yet fully understood.

3.2.2. Meta-Measures
Composite Sentiment by Brown and Cliff
Brown and Cliff (2004) demonstrate that surveys measuring investor sentiment are
related to other popular measures of investor sentiment and recent stock market returns.
They extract the common component(s) of the different sentiment measures and hope
that it represents a cleaner measure of investor sentiment. In order to exploit as much
information as possible and efficiently include all of the information about the ‘true
unobservable sentiment’, they combine the various sentiment measures and use two
well-established methods to extract common features of the data: the Kalman filter and
principal component analysis.
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They are able to isolate common features of these indicators for a long monthly time
period and a shorter weekly time period. In the weekly sample, they have generated two
separate measures that are meant to represent institutional and individual investor
sentiment. For all of the aggregate sentiment measures, they find strong evidence of comovement with the market but little evidence of short-run predictability in returns.
Composite Sentiment by Baker and Wurgler
Baker and Wurgler (2006) form a composite index of sentiment10 that is based on the
common variation in six underlying proxies for sentiment: the CEFD, NYSE share
turnover, the number and average first-day returns on IPOs, the equity share in new
issues, and the dividend premium. Because each sentiment proxy is likely to include a
sentiment component as well as idiosyncratic, non-sentiment-related components, they
use principal components analysis to isolate the common sentiment component. In
addition, they acknowledge the fact that some variables take longer to reveal the same
sentiment than others.
Baker and Wurgler (2006) therefore choose either the current or the lagged values to
include in their composite sentiment index depending on which one better correlates
with the first-stage index consisting of all the proxies with both the current and the
lagged values. As a result, the composite sentiment index consists of the current values
of the CEFD, the number of IPOs, and the new issues sentiment, as well as the one
period lagged values of NYSE share turnover, the lagged IPO return, and the dividend
premium. Furthermore, each component enters the resulting sentiment index with the
expected sign.
Figure 3.2 displays the composite sentiment index created by Baker and Wurgler (2006)
along with the Dow Jones Industrial Average as benchmark. For an eyeball test, they
argue that “perhaps the best evidence that the index generally succeeds in capturing
sentiment is simply that it lines up fairly well with the anecdotal accounts of bubbles
and crashes” (Baker and Wurgler 2007, p. 141). Further analysis reveals that the
correlation between an equal-weighted market index and composite sentiment changes
is a highly significant 0.43.

10

Their data is available at http://pages.stern.nyu.edu/~jwurgler.
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Figure 3.2: Baker and Wurgler (2006) composite sentiment
This figure shows the monthly composite sentiment measure (left axis, blue solid line) by Baker and
Wurgler (2006) along with the monthly Dow Jones Industrial Average close prices (right axis, red dashed
line).

Baker and Wurgler (2007) also investigate their composite sentiment’s predictability on
the cross-sectional as well as the aggregate level. For a cross-section of stocks they find
that sentiment has a larger influence on stocks that are hard to arbitrage. In particular,
when sentiment is low, the average future returns of speculative stocks exceed those of
bond-like stocks. When sentiment is high, the average future returns of speculative
stocks are lower than the returns of bond-like stocks. On the aggregate level, high
sentiment is followed by low subsequent market returns. They admit, however, that the
statistical significance of their results is modest.
Sentiment Extraction from Online Investment Forums
Das and Chen (2007) investigate a methodology to analyze messages in stock message
boards driven by providers like Yahoo!. In their paper, “sentiment” takes on a specific
meaning, i.e. the net of positive and negative opinion expressed about a stock on its
message board. They use statistical and natural language processing techniques to
extract the emotive content of a message classifying the author as bearish, bullish or
neutral. A sentiment index is created based on the stocks included in the Morgan
Stanley High-Tech Index (MSH). The MSH and the sentiment index show a strong
correlation. At the individual stock level, however, the relationship is weaker. They
conclude that the aggregation of sentiment reduces some of the noise from individual
stock board postings.
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3.3. Sentiment Measures in Practice
In this section an overview of existing sentiment measures is presented along with the
relevant work in the literature that refers to them. Charts of the time series and relevant
market indices as benchmarks are plotted where appropriate. This selection of sentiment
measures is not meant to be exhaustive but rather to provide a good overview of
different methods employed in practice.

3.3.1. Survey-based Measures
Sentix
The Sentix index has been published weekly since February 2001. Meanwhile, about
2600 investors took part in the survey. Individual and institutional investors are
interviewed separately. The respondent has to assess the future trend of the DAX,
TecDAX, EuroStoxx50, S&P500, NASDAQ Composite and the Nikkei225. Either the
respondents are bullish, bearish or neutral regarding their opinion for the next month
(short-term) and the next six months (mid-term). For every market, time horizon, and
type of investor (institutional as well as individual investors) an index is constructed
according to the following formula:
∑

∑
∑

(3.1)

Figure 3.3 illustrates the Sentix for individual investors using both time horizons (shortterm and mid-term expectations). For the purpose of illustration, the 20-day moving
averages of both the short-term and the mid-term Sentix measure are plotted along with
the weekly DAX close prices.
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Figure 3.3: Sentix private investors sentiment
This figure shows 20-day moving averages of the 1-month (blue line) and the 6-month (red line) Sentix
private investors sentiment (both left axis) along with the weekly DAX close prices (right axis, green
dashed line).

There are a couple of academic papers about the Sentix. Among them, Beaumont et al.
(2005) find that the individual Sentix is a proxy for individual sentiment which
influences both the return and the conditional volatility of large and small cap stocks.
Schmeling (2007) finds that institutional sentiment as measured by the Sentix forecasts
stock market returns correctly whereas individuals have wrong expectations. Zwergel
and Klein (2006) come to the same conclusion.
Cognitrend Bull Bear Index
The Bull Bear Index is constructed for the DAX as well as the TecDAX and is mainly
composed of institutional investors’ opinions. Since 2002 Cognitrend, a German
financial consultancy with a focus on behavioral finance, has asked some 170 mediumterm institutional investors at Deutsche Börse, with trading horizons between 3 weeks
and 12 months, for their market opinions. Fund and asset managers in the DAX and
TecDAX, as well as notable private investors in the case of the latter, are asked on a
weekly basis if the index will find itself higher, lower or at the same price in one month
time.
By limiting the survey to market participants who carry risk in equity indices, the
developers of the Bull Bear Index “attempt to gage the psychological as well as the
material commitments to underlying positions. That is, someone who is invested will
hardly ever give a negative forecast about ones holdings. In the same way, one who has
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just squared a position is unlikely to express positive prospects for the former
strategy.”11
Figure 3.4 displays the DAX Bull Bear Index, the TecDAX Bull Bear Index along with
the DAX for the entire period since the start of the survey.
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Figure 3.4: Cognitrend Bull Bear Index
This figure shows 20-day moving averages of the DAX Bull Bear Index (blue line) and the TecDAX Bull
Bear Index (red line, both left axis) along with the weekly DAX close prices (right axis, green dashed
line).

The developers of the index claim that they have accurately predicted the long-term
bear market from 2000 to 2003, and equally, the subsequent recovery. However, there
are no academic papers that confirm these findings.
American Association of Individual Investors Survey
The American Association of Individual Investors12 (AAII) polls a random sample of
their members weekly since 1987. The sample size of the survey has been at least 300
since 1993, and the average number of respondents in the study's 1993-94 sample
period was 16713. The respondents are asked whether they are bullish, bearish or neutral
about the stock markets in the next six months. Only subscribers who are typically
individual investors are allowed to vote. Figure 3.5 displays the AAII sentiment as the
“bull ratio” i.e. the percentage of bullish investors over the sum of the percentages of
bullish and bearish investors.

11

Source: http://www.cognitrend.de/de/english/sentiment.php
http://www.aaii.com/
13
Brown (1999), p.85
12
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Figure 3.5: AAII Sentiment Index
This figure shows the 20-day moving average of the AAII bull ratio (left axis, blue solid line), i.e. the
percentage of bullish investors over the sum of the percentages of bullish and bearish investors, along
with S&P 500 close prices (right axis, red dashed line).

Brown (1999) uses the AAII data to construct a sentiment index equal to the percentage
of bullish respondents plus the percentage of neutral respondents. He then calculates a
new index designed to capture abnormally bullish or bearish sentiment by taking
absolute deviations from the mean of the sentiment index. He then tests whether this
direct measure of sentiment is associated with the volatility of closed-end funds. His
work provides strong evidence that individual investor sentiment is related to increased
volatility in closed-end funds.
Fisher and Statman (2000) use the percentage of bullish investors from the AAII survey
as a proxy for individual investor sentiment. They find a significantly negative
relationship between their sentiment measure and future (next-month) S&P 500 returns.
Their results suggest that the sentiment of individual investors as measured by the AAII
sentiment survey is a reliable contrary indicator for S&P 500 returns.
Fisher and Statman (2003) construct an AAII sentiment index as the ratio of bullish
investors to the sum of bullish and bearish investors. They find a positive and
statistically significant relationship between changes in consumer confidence and
changes in the sentiment of individual investors as measured by the AAII sentiment
index.
Wang, Keswani, and Taylor (2006) use the ratio of the bearish percentage to the bullish
percentage as a measure of investor sentiment in their paper. They test for Grangercausality between sentiment and returns by estimating bivariate VAR models. They find
that sentiment does not cause returns but rather returns cause sentiment.
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Michigan Consumer Sentiment Index
The Michigan Consumer Sentiment Index (ICS) is based on a nationally representative
survey of about 500 U.S. households, which has been conducted monthly by telephone
interviews since 1978. It consists of 50 core questions, of which only five questions are
used to calculate the ICS. The respondents are asked to assess their financial situation in
the next year and the economic situation in the next as well as in the next five years.
Further they are asked about their present conditions, which include questions regarding
their financial situation today compared to the situation in the previous year as well as
their readiness to buy major household items. Additionally, the Index of Consumer
Expectations (ICE) is calculated. Only three questions about the consumer expectations
flow into the ICE. Figure 3.6 illustrates the two indices as well as the S&P 500 index for
comparison.
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Figure 3.6: Michigan Consumer Sentiment
This figure shows the Index of Consumer Sentiment (blue line) and the Index of Consumer Expectations
(red line, both left axis) along with monthly S&P 500 close prices (green dashed line, right axis).

Consumer Confidence Survey
The Consumer Confidence Survey14 has been conducted as a nationally representative
survey monthly since 1977. The questionnaires are mailed to a sample of 5,000 U.S.
households of which approximately 3,500 respond. The Consumer Confidence Index
(CCI) is based on five questions of the survey. Three questions are on the expectations
regarding business conditions, employment conditions and family income in the next
six months. The present condition component comprises the current business and
14

http://www.conference-board.org/economics/indicators.cfm
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employment conditions. The CCI is very similar to the ICS. However, the ICS focuses
more on the financial situation whereas the CCI is influenced more by macroeconomic
conditions.
Many studies deal with both confidence indices. Fisher and Statman (2003) find a
negative correlation between consumer confidence and returns in the next month, and
the next six months and the next twelve months, which, however, is not always
statistically significant. Otoo (1999) documents a strong contemporaneous relationship
between the ICS and stock prices. Charoenrook (2003) state that sentiment measured by
the ICS can predict excess stock returns. Lemmon and Portniaguina (2006) reveal that
changes in the ICS correlate especially well with small stocks and stocks held
disproportionately by retail investors. Figure 3.7 illustrates movements of the index for
the last 10 years. A comparison with the S&P 500 index suggests that the two indexes
are positively correlated.
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Figure 3.7: Consumer Confidence Index
This figure shows the Consumer Confidence Index (blue solid line, left axis) along with monthly
S&P 500 close prices (red dashed line, right axis).

UBS/Gallup Index of Investor Optimism
The UBS/Gallup Index of Investor Optimism is based on a representative and carefully
sampled survey of investors. The index is constructed from surveys of randomly chosen
wealthy investors. During the first two weeks of every month, UBS/Gallup conducts
1,000 interviews of investors. It reports the results on the last Monday of the month.
UBS/Gallup is especially careful to retain the same investor profile every month
although they are not able to sample the same individuals every month. This is a major
difference to the Consumer Confidence Index (CCI). However, Qiu and Welch (2006)

Investor Sentiment Construction

51

find a strong relationship between Consumer Confidence and the UBS/Gallup sentiment
survey. In particular, they document a positive correlation between changes in consumer
confidence and changes in the UBS/Gallup investor sentiment series of 55.2%. Figure
3.8 shows the UBS/Gallup Index for the period from 1996 to 2007 (it has been
published monthly since 1999 – before that, numbers are available only on a quarterly
basis).
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Figure 3.8: UBS/Gallup Index of Investor Optimism
This figure shows the Index of Investor Optimism as surveyed by UBS/Gallup (blue solid line, left axis)
along with monthly S&P 500 close prices (red dashed line, right axis). Until February 1999, surveys were
conducted on a quarterly basis. Afterwards, monthly surveys were conducted.

G-Mind
The German Market Indicator (G-Mind) is published by the Centre for European
Economic Research (ZEW). It is a monthly survey which provides an indication of the
level of bearish- or bullishness among a selected sample of German investors. The
survey among 350 financial analysts and institutional investors is the basis for the
indicators used. The resulting sentiment index can take on values between minus ten
and plus ten, the latter representing optimism or bullishness and the former representing
pessimism or bearishness. Figure 3.9 displays the G-Mind along with the German DAX
index.
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Figure 3.9: G-Mind
This figure shows the G-Mind (blue solid line, left axis) along with monthly DAX close prices (red
dashed line, right axis).

Honcoop and Lehnert (2007) investigate whether sentiment based on the G-Mind can be
predicted to have cross-sectional effects. They find that when investors are bullish, next
period returns are relatively high for growth stocks, small cap stocks, highly leveraged
firms, low volatility stocks and profitable stocks.

3.3.2. Market-data-based Measures
Put/Call Ratio
Several stock exchanges compute a put/call ratio. The most widely-used p/c ratio in the
literature is calculated by the Chicago Board Options Exchange (CBOE). Half-hourly,
the CBOE collects data on put and call options traded on equities and indices. Hence it
publishes three put/call ratios: the equity p/c, the index p/c and the total p/c ratio (see
Figure 3.10). The CBOE estimates the ratios according to the following formula:
volume of put options contracts divided by the volume of call options contracts. A high
ratio suggests a negative market sentiment. Simon and Wiggins (2001) find that the p/c
ratio can predict S&P futures returns. Martikainen and Puttonen (1996) come to the
conclusion that option volumes can predict stock returns. In contrast, Wang, Keswani,
and Taylor (2006) only document a limited forecasting power for returns and volatility.
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Figure 3.10: CBOE put/call ratios
This figure shows the 20-day moving averages of the CBOE put/call ratios for equity (blue solid line),
index (red solid line), and total (green solid line, all left axis) along with the daily S&P 500 close prices
(black dashed line, right axis).

VDAX
The VDAX is an index based on the implied volatility of options. Option pricing
models can be inverted to calculate the implied volatility as a function of option prices.
The VDAX illustrates the 45-day market’s expectation of the DAX volatility included
in the prices of at-the-money DAX options traded on the Eurex. The VDAX has been
replaced by the VDAX-New which uses the square root of implied variance across atand out-of-the-money options of a given time to expiration. A graph of the VDAX-New
is shown in Figure 3.11.
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Figure 3.11: VDAX-New
This figure shows daily levels of the VDAX-New (blue solid line, left axis) along with daily DAX close
prices (red dashed line, right axis).

The American cousin of the VDAX is the VIX which is a measure for the 30-day
market’s expectation of S&P 500 volatility included in the prices of near-term S&P 500
options traded on the CBOE. A predictive power for S&P futures returns has been
found by Simon and Wiggins (2001). Bandopadhyaya and Jones (2008) find that the
CBOE p/c ratio is a better measure for sentiment than the VIX.
ISEE Sentiment Index
The ISEE Sentiment Index is computed by the International Securities Exchange (ISE).
The ISE only examines opening long call and opening long put options purchased by
customers. Market makers and firm trades are excluded. The index is calculated as
follows: (opening long calls / opening put calls) x 100. A value above 100 implies
bullish sentiment; a value above 100 implies bearish sentiment. Figure 3.12 displays the
20-day moving average of the ISEE Sentiment Index along with the S&P 500.
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Figure 3.12: ISEE Sentiment Index
This figure shows 20-day moving average levels of the ISEE Sentiment Index on all underlyings (blue
solid line, left axis) along with daily S&P 500 close prices (red dashed line, right axis).

The ISEE Sentiment Index calculation is based on the idea of the work of Pan and
Poteshman (2006). They use options trading data from the CBOE. One of the key
features of their data set is that the options trading data is signed, i.e. it distinguishes
whether option traders opened a new position or closed an existing one. In their
analysis, they find that the information contained in “open buy” volume, i.e. volume of
trades initiated by a buyer to open a new position, has predictability for underlying
stock returns and that it takes several weeks for the returns to fully adjust to the
information embedded in the option volume.
The ISEE Sentiment Index is calculated for all underlyings as well as for the group of
all single equity options (ISEE Equity) and all index options (ISEE Index) separately. In
addition, sentiment values are calculated for single underlyings so investors can access
sentiment values on every contract traded on the exchange. This also allows for the
comparison of single ISEE values on large exchange traded funds (e.g. QQQQ for the
NASDAQ 100 or SPY for the S&P 500) and the comparison with market returns.
Advance Decline Ratios
According to Brown and Cliff (2004), one of the most common technical indicators is
the ratio of the number of advancing stocks to declining stocks (ADV/DEC). They
calculate this measure in their work for NYSE stocks but it can be calculated for other
groups of stocks as well. For the purposes of this study, a DAX advance decline ratio is
calculated for German stocks in order to compare it to German market sentiment
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surveys. An alternative measure is calculated as the difference between the number of
advancing and declining stocks (ADV-DEC).
Another modification is the trading index typically called TRIN. This index is often
called the ARMS index because it has been popularized by Richard Arms in 1967. The
TRIN is equal to the number of advancing stocks scaled by the trading volume of
advancing stocks divided by the number of declining stocks scaled by the trading
volume of declining issues. Daily TRIN values are available for both NYSE and
NASDAQ stocks. According to Simon and Wiggins (2001), high levels of the TRIN are
viewed as indicative of market bottoms because the relatively low number of advancing
issues on low volume compared with the high number of declining issues on high
volume may indicate that sellers are finished selling.
Simon and Wiggins (2001) find that he TRIN has a significantly negative correlation
with lagged S&P returns and a significantly positive correlation with the VIX and the
put/call ratio.

3.3.3. Meta-Measures
Investors’ Intelligence Bearish Sentiment Index
Each week, Investors’ Intelligence15 collects data from independent market newsletters
like the Zweig Forecast, the Cabot Market Letter and the Todd Market Timer and
assesses each author’s approach to the market. About 150 newsletter writers are
categorized as bullish, bearish or neutral regarding their expectation of future markets.
Investors’ Intelligence has collected the data since 1963 biweekly; afterwards in 1969 it
became weekly. Figure 3.13 presents a historical chart of the index along with the DJIA
close prices (The chart is taken from Solt and Statman (1988) since the data is not
publicly available).
The sentiment index is the percentage of bullish authors relative to the sum of bullish
and bearish authors. Hence, a high index value indicates positive and a low value
negative sentiment. Solt and Statman (1988) are among the first academics who
examine the effectiveness of the index. They conclude that it is useless as a forecasting
tool. Ten years later, Clarke and Statman (1998) do not find any forecasting power for
stock returns either. In contrast, Brown and Cliff (2005) conclude that sentiment
measured by Investors’ Intelligence has predictive power regarding long-term stock
returns.

15

http://www.investorsintelligence.com/

Investor Sentiment Construction

57

Figure 3.13: Investors’ Intelligence Bearish Sentiment Index
This figure (taken from Solt and Statman (1988)) shows Investors’ Intelligence Bearish Sentiment Index
(left axis) along with the Dow Jones Industrial Average (right axis).

3.3.4. Summary Statistics
Before a more detailed analysis of all the sentiment measures presented in this chapter
is carried out, summary statistics of all of the measures are presented in Table 3.1
below. All measures are available until December 2008 with the exception of the
UBS/Gallup survey and the CEFD measure collected by Wurgler.
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Table 3.1: Summary statistics of sentiment measures
This table presents summary statistics of the sentiment measures discussed in previous sections of this
chapter. The data is grouped into daily, weekly, and monthly sentiment measures. Daily measures are
indirect, and weekly and monthly measures are direct. Start and End indicate the duration of time series
used in this and subsequent chapters. The number of observations, mean, median, minimum, and
maximum are presented.
Start

End

No. obs.

Mean

Median

Minimum

Maximum

Panel A: Daily Sentiment Measures
ADV-DEC DAX

01/2004

12/2008

1250

0.437

2.000

-30.000

30.000

ADV-DEC DJIA

04/2005

12/2008

921

0.396

0.000

-30.000

30.000

Put/Call Total

10/1995

12/2008

3336

0.785

0.769

0.300

1.704

Put/Call Equity

10/2003

12/2008

1311

0.663

0.644

0.351

1.345

Put/Call Index

10/2003

12/2008

1311

1.604

1.549

0.242

3.894

TRIN NYSE

06/2003

12/2008

1384

1.688

1.020

0.120

673.890

TRIN NASDAQ

06/2003

12/2008

1390

1.061

0.890

0.020

7.050

VDAX

01/1992

12/2008

4281

22.950

20.408

9.350

83.226

VIX

01/1990

12/2008

4788

19.697

18.260

9.310

80.860

ISEE All

04/2002

12/2008

1703

141.133

137.000

0.000

415.000

ISEE Equity

01/2006

12/2008

755

170.176

167.000

66.000

280.000

ISEE Index

01/2006

12/2008

755

55.993

48.000

13.000

312.000

Panel B: Weekly Sentiment Measures
Sentix 1M/P

02/2001

12/2008

403

0.022

0.019

-0.516

0.597

Sentix 1M/I

02/2001

12/2008

403

0.081

0.105

-0.511

0.717

Sentix 6M/P

02/2001

12/2008

403

0.112

0.099

-0.188

0.433

Sentix 6M/I

02/2001

12/2008

403

0.128

0.143

-0.226

0.476

Bull Bear DAX

08/2002

12/2008

330

0.597

0.600

0.394

0.778

Bull Bear TecDAX

03/2003

12/2008

302

0.616

0.621

0.321

0.843

AAII Bull Ratio

07/1987

12/2008

1119

0.567

0.576

0.163

0.917

Panel C: Monthly Sentiment Measures
G-Mind

12/1991

12/2008

205

2.294

2.300

-1.900

6.200

G-Mind Stocks

12/1991

12/2008

205

5.668

6.100

0.700

9.100

G-Mind Bonds

12/1991

12/2008

205

-2.664

-3.800

-8.500

7.500

Michigan ICS

01/1978

12/2008

372

87.221

90.650

51.700

112.000

Michigan ICE

01/1978

12/2008

372

79.555

81.750

44.200

108.600

Conference Board CCI

06/1997

12/2008

139

105.960

105.600

38.000

144.700

UBS/Gallup

10/1996

12/2007

117

93.385

84.000

5.000

178.000

CEFD

01/1995

12/2005

132

7.828

8.346

1.132

15.189
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3.4. Evaluation of Sentiment Measures
In this section, direct and indirect sentiment measures are being compared. Firstly,
pairwise correlations between sentiment measures within one group are calculated to
evaluate whether they measure the same sentiment. Secondly, correlations are
calculated between groups, i.e. pairwise correlations of direct and indirect sentiment
measures are analyzed to evaluate whether the different methodologies (survey-based,
market data based) deliver the same results. Finally, sentiment measures are related to
market returns, i.e. different stock market index returns in particular. Since investor
sentiment incorporates investors’ expectations and opinions about the market, sentiment
measures and market returns should be correlated.

3.4.1. Direct Sentiment Measures
Table 3.2 presents correlation coefficients among all weekly surveys (Panel A), among
monthly surveys (Panel B), and between weekly and monthly surveys (Panel C).
Statistical significance is indicated by the superscripts ***, **, and *.
Among the weekly surveys, correlation is relatively high and significant: Sentix, Bull
Bear Sentiment, and AAII are positively correlated with the lowest correlation
coefficients found between the German sentiment measures and the American AAII.
The highest correlation is found between the Sentix measures for institutional and
private investors in the short term: A high 82.1% correlation means that in the short run,
institutional and private investors have similar expectations. In the longer run, however,
correlation is not as high. A 32.2% correlation indicates that both investor groups
disagree to a greater extent. However, correlation is still positive and significant.
The comparison of the correlation among the monthly sentiment surveys reveals that
sentiment measured in the U.S. may be contrary to that measured in Germany: The GMind is significantly negatively correlated to all monthly U.S. sentiment measures: ICS,
ICE, CCI, and UBS/Gallup. Interestingly, correlation among those is high and
significantly positive meaning that these indicators measure similar sentiment although
questions, methodologies, exact time period of surveys, etc. are different.
Panel C of Table 3.2 compares weekly and monthly surveys. In order to calculate
correlations between time series of different frequencies, average values are computed
for the higher-frequency time series (weeks) and correlations are calculated using the
4-week averages afterwards.16
There are a couple of interesting facts to note: First, the G-Mind for stocks has a
positive and significant correlation with the AAII, the Bull Bear Indices as well as the
Sentix 6-month institutional and private investor indices. Second, the U.S. sentiment
16

Robustness checks (not reported) reveal that the results remain the same when using first/last
observations per month.
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indicators correlate well: AAII and ICS, ICE, CCI, and UBS/Gallup are positively
correlated. This shows that the general direction of the sentiment measured over a few
weeks is the same as of sentiment measured during the course of a whole month.
Table 3.2: Correlation of weekly and monthly sentiment measures
This table presents correlation coefficients among direct sentiment measures. Panel A shows correlation
coefficients among weekly surveys, Panel B among monthly surveys, and Panel C between weekly and
monthly surveys. The superscripts ***, **, and * denote statistical significance at the 1%, 5%, and 10%
level, respectively.
Panel A: Weekly surveys
Sentix 1M/P Sentix 1M/I Sentix 6M/P Sentix 6M/I

Bull Bear
DAX

Sentix 1M/I

0.821***

Sentix 6M/P

0.109**

-0.024

Sentix 6M/I

0.015

0.032

0.322***

Bull Bear DAX

0.312***

0.376***

0.073

0.008

Bull Bear TecDAX

0.429***

0.410***

0.126**

0.106*

0.716***

AAII Bull Ratio

0.230***

0.154***

0.187***

0.171***

0.077

G-Mind

G-Mind
Stocks

G-Mind
Bonds

Michigan
ICS

Michigan
ICE

Bull Bear
TecDAX

0.321***

Panel B: Monthly surveys
Conference
Board CCI

G-Mind Stocks

0.573***

G-Mind Bonds

0.715***

0.127*

Michigan ICS

-0.297***

0.263***

-0.310***

Michigan ICE

-0.279***

0.239***

-0.280***

0.978***

Conference Board CCI

-0.322***

0.236***

-0.025

0.910***

0.865***

UBS/Gallup

-0.307***

0.019

0.176*

0.897***

0.874***

0.888***

Bull Bear
DAX

Bull Bear
TecDAX

AAII Bull
Ratio

Panel C: Weekly and monthly surveys
Sentix 1M/P Sentix 1M/I Sentix 6M/P Sentix 6M/I
G-Mind

-0.296***

-0.038

-0.026

-0.155

0.196*

0.310***

-0.104

G-Mind Stocks

0.044

0.197*

0.231**

0.382***

0.207*

0.482***

0.273***

G-Mind Bonds

-0.352***

-0.195*

-0.088

-0.517***

0.084

-0.169

-0.203***

Michigan ICS

0.170

0.166

0.125

0.390***

-0.017

0.312***

0.515***

Michigan ICE

0.083

0.139

0.045

0.297***

0.032

0.335***

0.555***

Conference Board CCI

0.253**

0.156

0.329***

0.244**

-0.109

0.132

0.417***

UBS/Gallup

0.207*

0.021

0.135

-0.245**

-0.109

0.017

0.427***
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3.4.2. Indirect Sentiment Measures
Table 3.3 shows the correlation coefficients among daily indirect sentiment measures.
For the volatility indicators, first differences (denoted by Δ) are calculated in order to
detect any correlation between changes of volatility (rather than levels) and other
sentiment indicators.
Volatility changes (Δ VDAX as well as Δ VIX) are negatively correlated to the
advance-decline measures. In addition, there are especially high positive correlations
between the VDAX/VIX and the equity Put/Call ratio indicating that high volatility is
usually related to increased put volume. Furthermore, the equity Put/Call ratio is
negatively correlated to the ISEE Equity measure due to its similar construction
methodology (the ISEE is a modified Call/Put ratio, i.e. the sign differs).
Interestingly, the TRIN measures do not have much in common: TRIN NYSE and
TRIN NASDAQ are uncorrelated, and while the TRIN NASDAQ correlates well with
other indicators, the TRIN NYSE does not seem to relate to any other measure.
However, the TRIN NASDAQ seems to be a contrary indicator since it is positively
correlated to the equity Put/Call ratio and negatively correlated to the ISEE equity
measure.

-0.335*** -0.129*** 0.740***

-0.208*** -0.125*** 0.541***

0.044

-0.276*** -0.111*** 0.282***

-0.107*** -0.046

-0.548*** -0.162*** 0.215***

-0.113*** -0.065**

-0.318*** -0.087*** 0.207***

0.046

0.150***

-0.049

Put/Call Equity

Put/Call Index

TRIN NYSE

TRIN NASDAQ

VDAX

Δ VDAX

VIX

Δ VIX

ISEE All

ISEE Equity

ISEE Index

-0.066*

0.098***

-0.023

0.222***

0.448***

0.265***

0.425***

0.324***

0.014

0.059**

Put/Call
Equity

0.234***

-0.044

0.186***

0.268***

0.201***

0.204***

TRIN
NASDAQ

-0.236*** -0.004

-0.041

-0.039

0.006

0.868***

0.073***

VDAX

0.450***

0.077***

Δ VDAX

0.162***

0.387***

0.006

-0.242*** -0.458*** -0.086**

-0.080*** -0.314*** 0.037

-0.210*** 0.496***

-0.179*** 0.099***

0.182***

-0.436*** -0.650*** 0.128***
0.036

-0.015

TRIN
NYSE

-0.179*** 0.114***

0.088***

-0.034

Put/Call
Index

-0.371*** -0.440*** 0.012

0.038**

0.031*

0.001

-0.371*** -0.113***

Put/Call Total

-0.035

0.158***

Put/Call
Total

ADV-DEC DJIA

ADVADVDEC DAX DEC DJIA

This table presents correlation coefficients among daily indirect sentiment measures. First differences are denoted by Δ.
The superscripts ***, **, and * denote statistical significance at the 1%, 5%, and 10% level, respectively.

Table 3.3: Correlation of daily indirect sentiment measures

Δ VIX

0.418***

0.015

-0.481*** -0.068*

-0.363*** 0.009

0.095***

VIX

0.246***

0.773***

ISEE All

-0.282***

ISEE
Equity
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3.4.3. Direct vs. Indirect Sentiment Measures
Table 3.4 and Table 3.5 show correlations between direct measures on the one hand and
indirect sentiment measures on the other hand. A strong correlation implies that indirect
sentiment measures contain the expectations of market participants as measured by
direct sentiment.
Brown and Cliff (2004) compare direct and indirect sentiment measures and document
strong relations between many disparate measures of investor sentiment. They use
direct sentiment measures such as the AAII and the II surveys, and indirect measures
such as the ARMS index, odd lot sales, put/call ratio, and the CEFD. They find that
many commonly cited indirect measures of sentiment are related to direct measures
(surveys) of investor sentiment.
Qiu and Welch (2006) investigate the CEFD measure, the Consumer Confidence
survey, and the UBS/Gallup survey and validate them against each other. They compare
an indirect sentiment measure with a direct measure, as well as two direct measures of
consumer confidence and investor sentiment, respectively. They find that the CEFD has
no correlation with the UBS/Gallup survey, while the consumer confidence index does.
Regardless of the specific correlation results, it seems plausible to compare different
kind of sentiment measures and the correlations among and between them.
Table 3.4: Correlation between indirect and direct weekly sentiment measures
This table presents correlation coefficients between indirect (vertical axis) and direct (horizontal axis)
weekly sentiment measures. Indirect measures have been converted from daily to weekly frequency using
daily averages. The superscripts ***, **, and * denote statistical significance at the 1%, 5%, and 10%
level, respectively.
Sentix 1M/P Sentix 1M/I Sentix 6M/P Sentix 6M/I

Bull Bear
DAX

Bull Bear
TecDAX

AAII Bull
Ratio

ADV-DEC DAX

0.682***

0.629***

0.047

0.073

0.247***

0.387***

0.164***

ADV-DEC DJIA

0.105

0.107

-0.039

0.044

0.052

0.064

-0.056

TRIN NYSE

-0.035

0.006

-0.024

-0.077

-0.003

-0.017

-0.017

TRIN NASDAQ

-0.432***

-0.327***

-0.129**

-0.161***

-0.093

-0.213***

-0.251***

VDAX

-0.323***

-0.053

-0.385***

-0.058

0.112**

-0.119**

-0.226***

Δ VDAX

-0.232***

-0.191***

-0.020

0.001

-0.106*

-0.239***

-0.230***

VIX

-0.302***

-0.108**

-0.297***

-0.290***

0.075

-0.156***

-0.336***

Δ VIX

-0.285***

-0.239***

-0.002

0.035

-0.099*

-0.244***

-0.228***

Put/Call Total

-0.316***

-0.350***

-0.029

-0.012

-0.209***

-0.422***

-0.502***

Put/Call Equity

-0.619***

-0.482***

-0.213***

-0.300***

-0.110*

-0.318***

-0.510***

Put/Call Index

-0.135**

-0.130**

0.181***

0.290***

-0.196***

-0.135**

0.025

ISEE All

0.263***

0.145***

0.100*

0.196***

0.002

0.286***

0.637***

ISEE Equity

0.519***

0.368***

0.145*

0.441***

-0.087

0.155*

0.537***

ISEE Index

-0.180**

-0.022

-0.341***

-0.487***

0.148*

-0.025

-0.326***
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Table 3.4 presents correlations between indirect and direct weekly sentiment measures.
The indirect measures (with the exception of the ADV-DEC DAX measure) are
transformed to the weekly frequency using daily averages. The ADV-DEC DAX
measure is an exact measure of the advances and declines per week.
There is ample of evidence that weekly survey measures are related to sentiment
measures based on market data: The German private investor survey Sentix (short-term)
is positively correlated to the DAX Advance-Decline measure, negatively to the equity
put/call ratio and the VDAX, and positively to the ISEE Equity Index. All correlations
have the direction as expected in advance: high ADV-DEC measures and high ISEE
values mean positive investor sentiment whereas high put/call ratios and high VDAX
levels stand for negative sentiment. Therefore, since the Sentix measure is expected to
express positive sentiment, correlation coefficients differ by sign but indicate the same
relationship. The institutional version of the Sentix (short-term) – due to the high
correlation of 82.3% – has similar properties as the private investor version.
The AAII survey and the ISEE Index are positively correlated whereas the correlation
with the put/call ratio is negative. Instead of the VDAX, the AAII measure is compared
to the VIX, the U.S. volatility measure. The correlation between the AAII and the VIX
is negative. The different sentiment measures express sentiment levels as expected.
The monthly direct and indirect sentiment measures are presented in Table 3.5. As for
the weekly transformation, daily indirect sentiment measures have been transformed to
a monthly frequency by calculating the daily averages (with the exception of the ADVDEC DAX measure which is computed exactly as well as the CEFD for which monthly
data is available).

0.029

-0.421***

0.176

0.251**

0.070

-0.044

0.016

-0.080

-0.056

0.132

-0.538***

0.186*

-0.617***

0.716***

-0.640***

ADV-DEC DAX

ADV-DEC DJIA

TRIN NYSE

TRIN NASDAQ

VDAX

Δ VDAX

VIX

Δ VIX

Put/Call Total

Put/Call Equity

Put/Call Index

ISEE All

ISEE Equity

ISEE Index

CEFD

G-Mind

-0.451***

-0.335**

0.327*

0.526***

0.071

-0.460***

-0.327***

-0.129*

-0.114

-0.090

-0.011

-0.346***

-0.150

-0.091

0.333***

G-Mind
Stocks

0.044

0.713***

-0.707***

-0.554***

-0.475***

0.603***

-0.211***

-0.022

0.003

0.012

-0.062

0.580***

0.309**

-0.128

-0.224*

G-Mind
Bonds

0.519***

-0.788***

0.698***

0.565***

0.385***

-0.625***

-0.761***

-0.105

-0.106

-0.122*

-0.055

-0.500***

-0.271**

0.278*

0.337***

Michigan
ICS

0.054

0.047

0.079

0.211*

-0.244*

-0.244*

-0.204***

-0.323***

-0.172**

-0.348***

-0.129*

-0.150

-0.316***

-0.055

0.255**

Δ Michigan
ICS

0.436***

-0.743***

0.642***

0.551***

0.268**

-0.542***

-0.789***

-0.074

-0.002

-0.100

0.032

-0.392***

-0.182

0.249*

0.268**

Michigan
ICE

0.063

-0.015

0.045

0.159

-0.184

-0.217*

-0.179**

-0.270***

-0.164**

-0.300***

-0.119*

-0.121

-0.236*

-0.120

0.195

0.655***

-0.839***

0.719***

0.302***

0.632***

-0.637***

-0.688***

-0.090

-0.217**

-0.071

-0.271***

-0.570***

-0.350***

0.362**

0.373***

0.064

-0.166

0.323*

0.319***

-0.039

-0.351***

-0.227***

-0.406***

-0.305***

-0.446***

-0.242***

-0.371***

-0.429***

0.024

0.337***

0.660***

-0.511**

0.413**

0.331***

-0.158

-0.208

-0.729***

-0.058

0.130

-0.097

-0.119

0.100

0.018

0.175

0.010

-0.005

-0.271

0.243

0.211*

-0.178

-0.349**

-0.139

-0.401***

-0.163*

-0.354***

-0.060

-0.249*

-0.176

-0.147

0.364**

Δ
Δ Michigan Conference Δ Conference
UBS/Gallup
UBS/Gallup
ICE
Board CCI Board CCI

This table presents correlation coefficients between indirect (vertical axis) and direct (horizontal axis) monthly sentiment
measures. Indirect measures have been converted from daily to monthly frequency using daily averages. The superscripts
***, **, and * denote statistical significance at the 1%, 5%, and 10% level, respectively.

Table 3.5: Correlation between indirect and direct monthly sentiment measures
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The monthly G-Mind Stocks measure is negatively correlated to the equity put/call ratio
and positively to the ISEE equity index as well as the DAX ADV-DEC measure.
Interestingly, the G-Mind Bonds is also correlated but in the opposite direction: There is
a positive correlation to the equity put/call ratio and a negative correlation to the ISEE
equity index. The reason is the opposite expectation of investors towards the asset
classes stocks and bonds: When investor sentiment towards stocks is rather negative,
investors tend to buy bonds, and vice versa. Therefore, correlation coefficients have
different signs.
The monthly U.S. confidence and sentiment surveys have a lot in common: They all
correlate well with the CEFD and the total put/call ratio, though the direction differs:
Correlation with CEFD is large and positive indicating that all measure a common
source of sentiment. However, correlation with the total put/call ratio is large and
negative which confirms that the put/call ratio typically is a contrary indicator. With the
exception of the CCI, all other surveys are also positively correlated to the ISEE total
index.
The results presented in this section confirm Qiu and Welch’s (2006) finding that the
UBS/Gallup measure and the Michigan ICS are positively correlated (89.7%) and that
they are indeed likely to pick up the same underlying factor – investor sentiment. In
contrast to their original study, however, the results of this section show that the
UBS/Gallup measure and the CEFD as reported by Baker and Wurgler (2006)17 are also
positively correlated: A large and highly significant 66% correlation suggests that the
CEFD may also pick up the same investor sentiment.

3.4.4. Sentiment Measures vs. Market Returns
Brown and Cliff (2004) investigate the correlation of sentiment and market returns and
find that changes in the survey and their composite measures of investor sentiment are
highly correlated with contemporaneous market returns.
The contemporaneous correlations between all sentiment indices and market returns are
presented in Table 3.6. Panel A shows correlations between market returns and daily
sentiment measures, Panel B weekly sentiment measures, and Panel C monthly
sentiment measures.

17

Jeffrey Wurgler makes the CEFD data available on his website (http://pages.stern.nyu.edu/~jwurgler/).
They take the value-weighted average discount on closed-end stock funds for 1962 through 1993 from
Neal and Wheatley (1998), for 1994 through 1998 from CDA/Wiesenberger, and for 1999 through 2001
from turn-of-the-year issues of the Wall Street Journal.
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Table 3.6: Correlation of sentiment measures and market returns
This table presents correlation coefficients between sentiment measures and market logreturns as proxied
by several international stock market indexes. Panel A presents coefficients for daily, Panel B for weekly,
and Panel C for monthly sentiment measures. The superscripts ***, **, and * denote statistical
significance at the 1%, 5%, and 10% level, respectively.
DAX

TecDAX

ESX50

Logreturns
S&P 500 Nasdaq 100

DJIA

Russel 2000

REX

Panel A: Daily sentiment measures
ADV-DEC DAX

0.785***

0.673***

0.760***

0.369***

0.355***

0.370***

0.368***

-0.153***

ADV-DEC DJIA

0.132***

0.142***

0.147***

0.120***

0.116***

0.124***

0.101***

-0.022

Put/Call Total

-0.264***

-0.257***

-0.272***

-0.257***

-0.228***

-0.240***

-0.276***

0.097***

Put/Call Equity

-0.372***

-0.361***

-0.354***

-0.290***

-0.283***

-0.279***

-0.297***

0.113***

Put/Call Index

-0.185***

-0.163***

-0.194***

-0.195***

-0.197***

-0.194***

-0.219***

0.024

TRIN NYSE

0.206***

0.183***

0.200***

0.209***

0.195***

0.217***

0.131***

-0.200***

TRIN NASDAQ

-0.372***

-0.349***

-0.344***

-0.634***

-0.746***

-0.604***

-0.608***

0.081***

VDAX

-0.099***

-0.076***

-0.086***

-0.041***

-0.014

-0.040**

-0.053***

0.053***

Δ VDAX

-0.649***

-0.577***

-0.712***

-0.346***

-0.258***

-0.334***

-0.341***

0.120***

VIX

-0.120***

-0.127***

-0.117***

-0.128***

-0.074***

-0.120***

-0.139***

0.064***

Δ VIX

-0.437***

-0.416***

-0.486***

-0.784***

-0.548***

-0.751***

-0.693***

0.137***

ISEE All

-0.026

0.006

-0.043*

-0.012

-0.045*

-0.016

0.007

0.007

ISEE Equity

0.153***

0.173***

0.131***

0.114***

0.130***

0.108***

0.109***

-0.077**

ISEE Index

-0.086**

-0.084**

-0.092**

-0.068*

-0.090**

-0.067*

-0.053

0.049

Panel B: Weeky sentiment measures
Sentix 1M/P

0.542***

0.500***

0.512***

0.469***

0.485***

0.451***

0.461***

-0.283***

Sentix 1M/I

0.490***

0.446***

0.474***

0.411***

0.432***

0.406***

0.413***

-0.233***

Sentix 6M/P

0.042

0.070

0.047

0.019

0.049

0.011

0.036

-0.078

Sentix 6M/I

-0.002

0.066

0.029

0.038

0.089*

0.010

0.043

-0.051

Bull Bear DAX

0.174***

0.128**

0.180***

0.168***

0.189***

0.172***

0.179***

-0.034

Bull Bear TecDAX

0.328***

0.321***

0.319***

0.268***

0.266***

0.245***

0.271***

-0.070

AAII Bull Ratio

0.193***

0.188***

0.170***

0.148***

0.103**

0.137***

0.183***

-0.138***

Panel C: Monthly sentiment measures
Δ G-Mind

0.082

-0.041

0.078

0.045

0.022

0.071

-0.023

0.235**

Δ G-Mind Stocks

0.068

-0.024

0.088

0.043

0.030

0.072

-0.005

-0.014

Δ G-Mind Bonds

0.000

-0.040

-0.029

-0.069

-0.006

-0.083

-0.114

0.360***

Δ Michigan ICS

0.209***

0.172*

0.211**

0.165**

0.052

0.166**

0.230***

-0.121

Δ Michigan ICE

0.176**

0.161*

0.185**

0.126*

0.040

0.127*

0.191***

-0.107

Δ Conference Board CCI

0.297***

0.143

0.292***

0.245***

0.117

0.252***

0.302***

-0.227**

Δ UBS/Gallup

0.316***

0.254**

0.281***

0.245**

0.245**

0.200**

0.345***

-0.216**

As a proxy for market returns, we use several indices: the DAX for the German market,
the EuroStoxx50 for the European market, the S&P500, the NASDAQ100, and the
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broader Russell 2000 for the American market. Also, we have included the REX index,
the German Index for government bonds, to detect correlations between this index and
the German G-Mind Bonds measure.
The following findings can be noted for the daily measures: The advance/decline
measure for the DAX is positively correlated to contemporaneous DAX returns which is
not surprising since DAX returns are positive when there are more advancing stocks
than declining. The relationship is not linear, however, due to the different weights of
the member stocks. The equity put/call ratio and equity market returns are negatively
correlated. This means that market rises are accompanied by large call volumes and
market declines by large put volumes. In other words, the put/call ratio measured at the
CBOE moves with the market and supports market movements.
High negative correlations exist between the TRIN NASDAQ measure and
contemporaneous market returns, especially of the NASDAQ 100. One usually sees
high TRIN readings near market lows and extended periods of low readings near market
peaks. This means that the TRIN can be used as a contrary indicator.
Changes of the VIX are negatively correlated to S&P 500 returns and other American
market index returns. This finding is in line with related research about volatility and
returns (e.g. Whaley 2000). If expected market volatility increases, investors demand
higher rates on returns on stocks, and so stock prices fall. The same relationship applies
to the German volatility measure, the VDAX, and the DAX returns.
The ISEE Sentiment, although its construction suggests that its behavior is contrary to
that of the put/call ratios, does not correlate to such a large extent with market returns.
Correlation of the ISEE equity index and market returns is significantly positive but
economically small.
The weekly short-term surveys show a positive correlation with market returns,
especially the DAX. The Sentix private investor survey’s correlation amounts to 54.2%
and the Sentix institutional investor survey’s correlation to 49.0%. The medium-term
surveys, however, do not correlate with contemporaneous market returns. The Bull Bear
ratios and the AAII survey are significantly positively correlated to market returns,
though correlation is not very high.
Changes in the monthly surveys show a medium positive correlation with market
returns, especially the DAX. Survey levels do not exhibit any correlation (and are
therefore not presented in Table 3.6). Correlation coefficients of the G-Mind are low
and not significant with the exception of the G-Mind Bonds Index and the REX. They
correlate significantly with a correlation coefficient of 36.0%.
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3.4.5. Review of Results
The purpose of section 3.3.4 was to investigate three main questions: First, do direct or
indirect investor sentiment measures pick up the same signals and therefore correlate
within each group? Second, are direct and indirect measures correlated and can they be
validated against each other? Third, are investor sentiment measures correlated to
market returns and therefore explain part of the movements of the market?
Firstly, an overall high correlation among survey measures can be documented although
they generally have a different set of respondents (e.g. Sentix and Bull Bear TecDAX
have a 40% correlation). Furthermore, correlations among surveys conducted in
different countries are correlated (e.g. Sentix in Germany and AAII in the U.S. have a
23.0% correlation) with the exception of the G-Mind. Although survey frequencies may
be different (e.g. the weekly AAII survey and the monthly G-Mind survey), high
correlations of up to 51.7% are documented.
Secondly, most direct and indirect measures can be successfully validated against each
other: Correlations between weekly and monthly surveys on the one hand and indirect
measures on the other hand are generally very high and have the expected direction. The
high-to-low frequency conversion, however, could possibly disguise a higher
correlation at the monthly levels.
Thirdly, the majority of all sentiment indicators (or their first differences) is correlated
to market returns, higher correlations for high-frequency measures and lower
correlations for lower-frequency measures are documented. The direction of the
correlation, however, is not unanimous: Most survey measures have a positive
correlation with stock market returns whereas the results for the indirect daily measures
are mixed. Especially changes in the VDAX/VIX and the NASDAQ Traders Index
(TRIN) are negatively correlated with market returns.

3.5. Conclusion
In this chapter, different classifications of investor sentiment measures are presented as
suggested by related research and sentiment measures in practice. Direct sentiment
measures are surveys in which investors are asked directly about their attitude towards
the economic situation or the stock market in particular. Indirect sentiment measures
refer to financial variables and require a theory relating them to sentiment. Metameasures are sentiment measures that are neither based on surveys nor pure financial
data but involve meta-information about investor sentiment.
In research, the closed-end funds discount has received a great deal of attention in the
1990s. Today, researchers still cannot explain the existence of a CEFD and its variance.
Many other studies have tried and are still trying to create composite or meta-measures

Investor Sentiment Construction

70

to extract investor sentiment that is useful for explaining investor behavior and/or
market returns.
In practice, there are many investor sentiment measures whose usefulness is widely
debated in the media. Many of the measures involve the polling of investors, the
collection of financial data and the construction of technical indicators.
The evaluation of sentiment measures is difficult and not straightforward. Qiu and
Welch (2006) state that “we have what we believe to be the best available empirical
direct proxy for investor sentiment” and measure the quality of a sentiment index
according to its correlation with their direct measure of sentiment. In general, most of
the measures, regardless of whether they are indirect or direct, have a high pairwise
correlation indicating that they indeed pick up the same sentiment signal. Therefore,
correlation with other sentiment measures could serve as an indicator for sentiment
quality, but not as a necessary or sufficient condition.
Another evaluation method of sentiment measures is the comparison with market
returns. Since investor sentiment incorporates investors’ expectations and opinion about
the market, sentiment measures and market returns should be correlated. We confirm
this reasoning and find that most of the sentiment indicators correlate well with market
returns, with high-frequency indirect measures having the highest correlation and lowerfrequency indirect measures a lower correlation with the market.
To sum up, there are many different measures of investor sentiment in research and
practice but their evaluation remains difficult. A high correlation among each other and
with market returns is a good indication that they react to the same underlying factor.
Future research, however, is needed to identify this factor which will make it easier to
construct new measures and evaluate existing ones.
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4 Construction of the
Euwax Sentiment Index
Using a unique data set consisting of more than 36.5 million submitted retail investor
orders over the course of 5 years, the Euwax Sentiment Index is being developed. It is
based on retail investor orders submitted to the European Warrant Exchange, the market
segment for securitized derivatives at Boerse Stuttgart. What makes this data unique is
the fact that it consists of retail orders only, retail buy and sell orders can be determined
exactly due to the market maker model, expression of negative sentiment is possible by
buying puts, and not the data includes executed as well as submitted orders.
This chapter is structured as follows: Section 4.1 presents an introduction of structured
products in general and trading at EUWAX in particular and summarizes key facts. The
data set is described in 4.2. The basic index calculation is shown in section 4.3,
followed by multivariate regressions that determine the influence of certain parameters
on the index in section 4.4. Finally, section 4.5 compares the Euwax Sentiment Index
with other direct and indirect sentiment measures found in practice. Section 4.6
concludes this chapter.

4.1. Introduction
4.1.1. Securitized Derivatives
History of securitized derivatives
The history of securitized derivatives started in the 1980s with the creation of covered
warrant markets in Switzerland and Germany (a detailed history of covered warrants
can be found in McHattie 2002). Since then, covered warrants have been established in
many European countries, among them France, Italy, and the United Kingdom. Covered
warrants are securities issued by banks or financial institutions representing the right for
the investor to buy or sell an asset at a fixed price, on or before a specified future date.
In particular, covered warrants may give rights over single stocks, a basket of stocks, an
index, a currency, a commodity, or any other financial asset. Investors thereby gain
exposure to the performance of an asset for a fraction of a price. This is called gearing.
The name ‘covered’ warrant was coined when these financial products held the right to
purchase a physical stock at the end of their term. The issuer of the warrant commonly
held the stock in order to be able to satisfy the right when the warrant reached maturity.
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Therefore, the warrant was covered by the underlying security. Today, issuers use
dynamic hedging techniques to cover their financial exposure.
Today, covered warrants make up only a fraction of all traded securitized derivatives.
Issuers have continually advanced their products to meet growing investors’ demands.
Knock-out certificates (also known as mini-futures) have been invented as well as
investment certificates. In general, a distinction between leverage products (i.e. products
with a gearing) and investment products (i.e. usually 100% participation with no
gearing) can be made.
Types and terms
The term “warrant” is very broad and stands for a highly flexible instrument which can
be transformed to match a wide range of demands. However, there are several types and
terms all these instruments have in common.
Calls and puts: With securitized derivatives, investors can benefit from both rising and
falling markets by choosing call products or put products. Like in the traditional options
market, call products give a right to buy an underlying asset whereas put products
entitle the holder to sell the underlying asset at a predetermined price. Most investors
are by nature optimistic, and a falling market is usually an opportunity for them to find
the bottom. However, in recent years investors have gained more and more experience
with the opportunity to speculate on falling markets, so that put products have become
popular instruments for retail investors.
Exercise style: The exercise terms of plain-vanilla warrants are usually described by the
terms ‘European style’ and ‘American style’. European exercise style means that the
warrants can only be exercised on a specific date whereas American exercise style
means that they can be exercised at any point in time to maturity. Exercising a warrant
means that investors make use of their right to buy or sell the underlying asset at the
predetermined price. Therefore, issuers prefer the European style because exercise
occurs infrequently, and investors may prefer the American style since it offers more
flexibility. In practice, however, this difference does not matter much since most
investors never exercise their warrants and rather sell them before maturity.
Strike prices: For leverage products, the strike price is the primary determinant of
leverage and associated risk. The strike price is the specified price at which the warrant
may be exercised, i.e. the price at which call option buyers can buy the underlying and
at which put option buyers can sell the underlying. In practice, the ratio of the strike
price to the underlying spot price determines the risk of the product. The difference of
the strike and the spot price is the intrinsic value of the warrant.
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Pricing and trading
Prices of securitized derivatives are not driven by supply and demand like in traditional
order-driven markets for equities and traditional listed warrants. The issuer is usually
the sole market-maker who is obliged to make a two-way price throughout the trading
day. Quotes are commonly derived from underlying prices in their respective liquid
order-driven markets. Computers automatically calculate quotes and distribute them to
exchanges, order flow providers, and financial web portals.
A single-market-maker-model is common in the established markets for securitized
derivatives. However, competition is far from absent: Competition simply occurs across
products rather than within a particular security. On popular underlyings, several issuers
offer products with similar terms, i.e. similar strike prices and maturity. In addition,
issuer reputation plays an important role in competition: If an issuer makes prices to the
detriment for the investor, such as widening the spread during times of financial stress,
investors will quickly become aware of that and the issuer will lose business. These two
forces – inter-product competition and reputation – usually ensure a fair and orderly
market.
Fair prices are calculated taking a number of different factors and assumptions into
account which may vary from issuer to issuer. These factors are the underlying asset
price, the volatility of the underlying, the time to expiry, dividend yields, and the
interest rate of a risk-free asset. Basically, the well-known options pricing model of
Black and Scholes (1973) is based on these factors, but issuers may arrive at different
prices due to different assumptions about volatility or interest rate development.
However, the inter-product competition leads to a general convergence of market-maker
quotes for popular underlyings.
Advantages
There are many advantages for retail investors when investing in securitized derivatives.
Securitized derivatives, especially warrants and knock-outs, provide retail investors
with gearing and leverage. Gearing is defined as the degree of additional exposure
gained by buying a warrant. It is calculated by dividing the asset price by the warrant
price. Leverage measures how much more a warrant will move in percentage terms
against the underlying asset. It is calculated by multiplying the gearing with the delta
which represents the change expected in the price of a warrant for a given change in the
underlying instrument.
Gearing is an obvious advantage for investors because it is a way to achieve a large
equity exposure from a relatively small amount of money. Sometimes, gearing-up and
gearing-down are differentiated but the concept is essentially the same. Gearing-up
means that e.g. a warrant investment of 5.000€ can lead to a much higher exposure of
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25.000€. Gearing-down means the investor’s aim is to gain an equity exposure of
5.000€ and therefore invest only 1.000€ in warrants.
Another advantage of warrants for investors is the fact that warrants (and other
securitized derivatives) are securities as opposed to contracts in futures and options
markets. Securities have the property that their value can never be smaller than zero, so
that investors’ losses are limited by their initial investment. In futures markets, investors
face the possibility to lose more than their initial investment. Therefore, warrant
investors have the chance to unlimited gains while their losses are limited.
In contrast to equity markets, retail investors have opportunities in both Bull and Bear
markets. While short-selling of stocks is usually not possible for retail investors, put
warrants and other short products provide the opportunity to speculate on falling
markets.
Securitized derivatives in general also provide the retail investor with the ability to
invest in assets otherwise unavailable to them. For example, they can be based on
currencies, baskets of stocks or commodities, foreign indices or stocks which are not
traded in their home market. In addition, in most of the cases, securitized derivatives are
a low transaction cost alternative to investing in the underlying stocks directly.
Disadvantages
Credit Risk must be mentioned as one of the disadvantages of securitized derivatives,
especially since the financial market crisis when the investment bank and issuer
Lehman Brothers went into bankruptcy and many retail investors suffered losses
because they held investment certificates issued by this bank. However, credit risk has
received a lot of attention lately, and the majority of retail investors now know the
possible dangers linked to issuer default risk. Transparency has been increased and
credit risk has become an integral part of the decision process of retail investors.
Complexity can be mentioned as another disadvantage when considering securitized
derivatives. One driver is the higher complexity of derivative products in contrast to
stocks – prices are derived and their calculation can be complex because many factors
such as interest rates, volatility, etc. determine prices. Another driver is the amount of
products available to retail investors: More than 380.000 products securitized
derivatives were listed at the end of October 2009 in the EUWAX segment at Boerse
Stuttgart. However, the large amount of products is due to different issuers, different
strike prices, and different underlyings. If retail investors know their preferred issuer,
underlying, and strike price (i.e. risk) in advance, there are several finders on the
internet that help retail investors find the product that fits their needs best.
Usually, securitized derivatives do not rank for any income, i.e. they do not qualify for
dividend payments on underlyings because these payments are usually used by the
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issuer to finance the specific structure. There are exceptions like DAX certificates that
incorporate dividends because the DAX is a so-called performance-index that includes
dividend payments of the stock index members. In addition, and common to all
securitized derivatives, holders have no voting rights and do not receive annual or
interim reports as they are not directly linked to that company. Usually, this
disadvantage is not important for retail investors because most of them usually do not
make use of their voting rights.

4.1.2. European Warrant Exchange
EUWAX is the trading segment for securitized derivatives at Boerse Stuttgart. It is
Europe’s largest trading platform for securitized derivatives in terms of turnover and
number of trades. Securitized derivatives comprise a wide range of securities, e.g.
covered warrants (bank-issued options), knock-out certificates (bank-issued barrier
options), and investment certificates. They all have in common that their value depends
on another financial instrument such as stocks, indices, commodities or fixed income
products. Securitized derivatives are usually issued by banks which are obliged to
continuously calculate and publish bid and ask prices for their products.
Executed order volume in securitized derivatives accounts for about 3.5 billion Euros
per month totaling 211.7 billion Euros for the period of January 2004 to December
2008). At the end of the sample period, more than 150,000 leverage products and more
than 180,000 investment products were listed. As a retail investor exchange, Boerse
Stuttgart tailors its products and services offered to retail investors. The design of the
issued securities is such that they are largely unattractive to institutional investors, but
all the more appealing to retail investors. Products are not standardized and strike
prices, duration, underlyings, payoff profile, and multiplier all vary from product to
product. They are constructed in order to attract retail investors that value variability,
dynamic combinations of underlyings, and optically low prices. These characteristics
actively dissuade institutional investors that typically value standard and therefore
easily hedged products, low counterparty risk, liquidity, and volume. These market
characteristics and general acceptance that large investors avoid these types of markets
obviate the need to control for institutional investors’ influence in the data set.

4.1.3. Key Facts
Quote-driven market
Trading at the EUWAX takes place in a quote-driven market where market-makers
continuously publish quotes. There are two kinds of trading participants in this context:
Firstly, there are the market-makers (usually the product issuers) who publish bid and
ask quotes for their products. Secondly, there are order flow providers (usually banks or
brokerages) who route client orders to the exchange. Thirdly, there are quality liquidity
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providers acting on behalf of the exchange who assist in the matching procedure by
providing quality and liquidity. They also continuously check the order book for
executable orders and start the matching procedure.
This type of market model allows a distinction of retail orders and market maker orders.
Our main assumption is that retail investors express their expectations about the market
by buying and selling derivatives whereas issuers do not express any opinion because
they have an obligation to trade. A retail investor’s order can therefore be matched
either against an issuer’s order which will be the usual case, or against another retail
investor’s order from the order book.
Risk
The derivative products listed at EUWAX can be categorized as either leverage or
investment products. Leverage products comprise covered warrants and knock-out
certificates whereas investment products comprise all types of investment certificates.
Derivative products can be further categorized according to the risk inherent in their
structure. Leverage products are usually regarded as riskier than investment products
because investors face the risk of losing their whole investment in a relatively short time
period. Knock-outs, for example, are worthless when the price of the underlying falls
below (down and out) or goes above (up and out) a specific price. Investment
certificates, on the other hand, usually exhibit some security features so that the investor
is partially protected against a total loss.
Positive and negative sentiment
For each product category there are two basic option types: calls and puts. The purchase
of a call option can be interpreted as a positive sentiment about the future return of the
underlying whereas the purchase of a put option can be interpreted as a negative
sentiment about the future value of the underlying. Although the terms call and put are
typically used in the options market, this distinction can also be made in the securitized
derivatives market.
The possibility of buying puts is a clear advantage of the data set since investors have
the opportunity to express negative sentiment without the need for short sales. On most
retail investor exchanges, short selling is constrained to professional investors.

4.2. Data Set
The data set contains order data from the EUWAX trading segment at Boerse Stuttgart
for the period of January 2004 to December 2008. This data set contains 24,348,822
executed orders from retail investors. Market maker orders are not taken into account.
The whole set of orders account for a volume of about 211.7 billion Euros. Table 4.1
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reports summary statistics of the number of executed orders during the whole sample
period. Statistics are grouped along four dimensions: product group (horizontal axis),
option type (Panel A), order type (Panel B), and underlying type (Panel C).
Summary statistics of the volume of executed orders as well as the number of submitted
orders are similar to these reported in Table 4.1 and can be found in Appendix A.
Table 4.1: Summary statistics
This table reports summary statistics about the number of executed orders by derivative product group
(warrants, knock-outs, and investment certificates). Panel A groups the orders by option type and trade
direction, Panel B by order type, and Panel C by underlying type. The percentages in brackets provide
information about the relative frequency of the different order classes within each product group.
Panel A: Executed orders by option type
Warrants
Call

Put

Knock-outs

Investment certificates

Total

Buy

3,553,189

(43.5%)

3,727,704

(34.1%)

2,703,625

(51.6%)

9,984,518

(41.0%)

Sell

2,791,118

(34.1%)

3,468,948

(31.7%)

2,416,436

(46.1%)

8,676,502

(35.6%)

Buy

1,003,689

(12.3%)

1,885,706

(17.3%)

67,266

(1.3%)

2,956,661

(12.1%)

Sell

829,584

(10.1%)

1,845,794

(16.9%)

55,763

(1.1%)

2,731,141

(11.2%)

Total

8,177,580

10,928,152

5,243,090

24,348,822

Panel B: Executed orders by order type
Warrants

Knock-outs

Investment certificates

Total

Market Orders

4,727,776

(57.8%)

5,813,977

(53.2%)

4,172,416

(79.6%)

14,714,169

(60.4%)

Limit Orders

2,901,586

(35.5%)

3,008,653

(27.5%)

899,047

(17.1%)

6,809,286

(28.0%)

Stop Orders

548,218

(6.7%)

2,105,522

(19.3%)

171,627

(3.3%)

2,825,367

(11.6%)

Total

8,177,580

10,928,152

5,243,090

24,348,822

Panel C: Executed orders by underlying type
Warrants

Knock-outs

Investment certificates

Total

Stocks

4,537,798

(55.5%)

2,234,376

(20.4%)

2,241,935

(42.8%)

9,014,109

(37.0%)

Indices

2,739,865

(33.5%)

6,702,157

(61.3%)

2,432,471

(46.4%)

11,874,493

(48.8%)

Fixed Income

55,212

(0.7%)

174,622

(1.6%)

80,236

(1.5%)

310,070

(1.3%)

Currencies

445,337

(5.4%)

502,380

(4.6%)

8,649

(0.2%)

956,366

(3.9%)

Commodities

391,975

(4.8%)

1,032,518

(9.4%)

428,691

(8.2%)

1,853,184

(7.6%)

Other

7,393

(0.1%)

282,099

(2.6%)

51,108

(1.0%)

340,600

(1.4%)

Total

8,177,580

10,928,152

5,243,090

24,348,822

As can be expected from a retail investor exchange, call products account for more than
76% of the total number of orders whereas puts for only 24%. This is mostly due to the
fact that most retail investors neither have the knowledge nor the willingness to trade
put products. Due to the short-term nature of leverage products, there are more executed
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put orders in leverage products (warrants and knock-outs) than in investment products.
The ratio of puts in leverage products amounts to more than 29%.
Retail investors at Boerse Stuttgart have a choice of the following order types: They can
submit market orders without specifying a price, limit orders with a limit price, and stop
orders with a stop limit. Due to the market-maker model, market orders are always
executed against the market-maker quote, so retail investors do not face the risk of
being executed at an inferior price than quoted. Investors submitting limit orders may
want to save the spread that they pay when submitting market orders. Stop orders are
activated when the market-maker quote reaches the stop limit. An activated stop order
becomes a market order and is executed immediately.
For the purposes of this study, all orders are sorted according to their order type into
three groups: The first group, market orders, contains market orders as well as
marketable limit orders and marketable stop orders. Orders are defined as marketable if
they are submitted with a (stop) limit and executed within 60 seconds of submission.
The rationale behind this classification is that market orders without a limit and limit
orders with a very aggressive limit should be treated the same since investors often use
them interchangeably. The second and third groups are limit orders and stop orders with
a limit that prevents orders from being executed immediately. These orders should be
treated separately. Panel B of Table 4.1 shows the number of executed orders by order
type.
The use of the different order types differs across instruments. Market orders are used
more frequently when trading investment products than leverage products. One reason
for that is that investors have longer horizons and do not care about the spread they have
to pay by using market orders. Stop orders are used most often when trading knock-out
certificates due to their higher risk level. Overall, retail investors prefer market orders
over other order types.
Panel C of Table 4.1 presents the number of executed orders and their relative
distribution by underlying type of the traded products. Each derivative product’s
underlying can be categorized into different underlying categories such as stocks,
indices, commodities, currencies, or fixed income products. Indices and individual
stocks are the most used underlyings for securitized derivatives and account for more
than 85% of the number of executed orders. Among the most traded equity underlyings
are Allianz, Daimler, Deutsche Bank, Deutsche Telekom, Siemens, SAP, and Munich
Re. The most traded index underlyings are the DAX, EuroStoxx, and Nikkei equity
indices. Commodities include Brent Crude Oil, Gold, and Silver futures. Volume in
Fixed Income underlyings is highest for Euribor and Bund Futures.
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4.3. Basic Index Calculation
Intuitively, positive investor sentiment should be expressed by a high index level, and
negative investor sentiment by a low index level. The intuition of the index level is the
following: Bullish investors buy calls or sell puts whereas bearish investors sell calls or
buy puts. Therefore, order volume is categorized as driven by positive and negative
sentiment and the ratio of the net order volume to the overall order volume is calculated.
As a requirement for the index design, the index should be invariant to a rise or drop in
overall order volume, i.e. the index values should not depend on the absolute order
volume but rather on the relative proportion of buy and sell order volumes. Therefore,
investor sentiment values are not influenced by an overall rise in market volume.
The sentiment index is calculated for a given time period t as follows
_

∑

_

∑

· ·
∑
·
∑

(4.1)
(4.2)

where
vi … transaction volume of order i (trade price × trade size)
oi … option type of the instrument traded through order i
(oi = 1 call option, oi = -1 put option)
ti … trade direction of order i (ti = 1 buy order, ti = -1 sell order)
Sentiment can be calculated using either the aggregate order volume (see formula 4.1)
or the number of executed orders (see formula 4.2). Time periods used for calculation
can be daily, weekly, or monthly. The higher the frequency, the noisier becomes the
index. On the other hand, when choosing a lower frequency, e.g. monthly, the resulting
index has less granularity and less overall descriptiveness.
Instead of choosing different calculation periods, a moving average of the daily index
calculation can be introduced in order to reduce noise. A backward-looking moving
average of the daily index calculation seems to be the most appropriate because noise is
reduced, trends can be recognized, and a new index value is calculated every day. A
disadvantage, however, is that sudden changes in the investor sentiment are not
represented immediately as a delay is introduced as an artifact of the backward-looking
moving average.
Before a more detailed analysis of different aspects of sentiment construction is
performed, Figure 4.1 plots the 20-day moving average of the daily sentiment index
based on the number of all executed orders in derivative products.
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Figure 4.1: Euwax Sentiment Index (2004 – 2008)
These figures (above and next page) show the 20-day moving averages of the Euwax Sentiment Index
based on the number of executed orders in all derivative products (investment products and leverage
products) along with the daily DAX close prices.
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4.4. Sentiment Analysis
The purpose of this section is to further understand the influence of certain aspects of
the raw order flow on the sentiment index construction and relate it to contemporaneous
market returns. The sentiment measure and its different order flow components are
compared to market returns because if sentiment is a driver of equity prices, correlations
should be found between its measurement and market returns.
Multivariate regressions are used that test how different sentiment measures influence
market returns and how much of the variance in the market returns can be explained by
investor sentiment.

4.4.1. Number vs. Volume Based Measures
Different components of the order flow can be distinguished: buy call volume, sell call
volume, buy put volume, and sell put volume. In order to be invariant from an overall
rise or fall of absolute order volume, the ratio of all order flow subgroups to the sum of
the order flow is calculated for each order flow component as follows:
_

_

_

_

_

_

_

_

_

_

_

_

_
_
_
_
_
_
_
_

(4.3)
(4.4)
(4.5)
(4.6)

where total_volume is the sum of buy call, sell call, buy put, and sell put volume in a
certain time period. Order flow ratios are calculated for all product categories and two
sub categories, namely leverage products (i.e. warrants and knock-out certificates) and
investment certificates. In addition, ratios are calculated using the number of executed
orders instead of the executed order volume.
A multivariate linear regression (see equation 4.7) is performed with the DAX
logreturns as the dependent variable and the order flow ratios as independent variables.
Newey-West standard errors are used that are robust to heteroskedasticity.
dax_logreturns = β1 buy_call_ratio + β2 sell_call_ratio
+ β3 buy_put_ratio + β4 sell_put_ratio

(4.7)

Regression results are presented in Table 4.2 and Table 4.3. The first table shows the
results for sentiment measures that are based on the volume of executed orders whereas
the second table is based on the number of executed orders. For each table, results are
presented for ratios based on different input parameters: Panel A presents results
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differentiated by product type, Panel B by option type, and Panel C by volume group.
Panel D provides results for submitted orders.
The adjusted R² values indicate the amount of variance explained by the model. The
adjusted R² value of 0.5626 (Table 4.3) can be interpreted in a way that 56% of the
variance of the DAX logreturns can be explained by the sentiment measure based on the
number of executed orders. The model that uses sentiment ratios based on the volume of
executed orders (Table 4.2) receives an R² value of 0.4752 which is lower than the
number based model.
The difference can be explained by possible outliers caused by extremely high volume
orders that belong to a few wealthy individuals. In this case, retail investor sentiment is
not based on the majority of individuals but rather the majority of the capital invested –
and therefore does not represent the overall opinion of the market participants.
Taking this finding into account, further analyses focus on the number of executed or
submitted orders instead of their order volume.
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Table 4.2: Multivariate regression results for order volume
This table presents regression results for the multivariate linear regression as presented in formula 4.7.
Executed order volume is used to construct the ratios. Panel A presents results for ratios based on the
volume of executed orders by product type. Panel B differentiates executed orders by order type and
Panel C by order volume group. Panel D provides information about regression results using submitted
order volume instead of executed order volume. The superscripts ***, **, and * denote statistical
significance at the 1%, 5%, and 10% level, respectively.
Buy Call Ratio

Sell Call Ratio

Buy Put Ratio

Sell Put Ratio

adj. R²

Panel A: Executed order volume by product type
all products

-0.0053 ***

0.0064 ***

0.0497 ***

-0.0554 ***

0.4752

leverage products

-0.0050 ***

0.0062 ***

0.0498 ***

-0.0594 ***

0.5221

investment products

-0.0003

0.0009

0.0038 ***

-0.0147 ***

0.0958

Panel B: Executed order volume by order type
All Products
market orders

-0.0034 ***

0.0046 ***

0.0305 ***

-0.0378 ***

0.2899

limit orders

-0.0055 **

0.0106 ***

0.0568 ***

-0.0682 ***

0.5348

market orders

-0.0036 ***

0.0047 ***

0.0286 ***

-0.0376 ***

0.3474

limit orders

-0.0105 ***

0.0120 ***

0.0614 ***

-0.0688 ***

0.5593

Leverage Products

Investment Products
market orders
limit orders

0.0006

-0.0005

0.0035

-0.0080 **

0.0505

-0.0002

0.0021

0.0045

-0.0158 ***

0.1192

Panel C: Executed order volume by volume group
0 - 1,000€

-0.0517 ***

0.0945 ***

0.0219 ***

-0.0297 ***

0.5974

1,000€ - 10,000€

-0.0115

0.0277 **

0.0544 ***

-0.0877 ***

0.5506

10,000€ - 100,000€

-0.0053 *

0.0128 **

0.0526 ***

-0.0651 ***

0.4546

> 100,000€

-0.0010 ***

0.0013 ***

0.0061 ***

-0.0084 ***

0.2252

Panel D: Submitted order volume by product type
All Products

0.0000

0.0000

-0.0005 ***

0.0000

0.0142

Leverage Products

0.0000

0.0000

-0.0002 ***

0.0000

0.0145

-0.0002

0.0000

-0.0008

-0.0001

-0.0012

Investment Products
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Table 4.3: Multivariate regression results for order number
This table presents regression results for the multivariate linear regression as presented in formula 4.7.
The number of executed orders is used to construct the ratios. Panel A presents results for ratios based on
the number of executed orders by product type. Panel B differentiates executed orders by order type and
Panel C by order volume group. Panel D provides information about regression results using submitted
orders instead of executed orders. The superscripts ***, **, and * denote statistical significance at the
1%, 5%, and 10% level, respectively.
Buy Call Ratio

Sell Call Ratio

Buy Put Ratio

Sell Put Ratio

adj. R²

Panel A: Executed order by product type
all products

-0.0161 *

0.0294

0.0572 ***

-0.0894 ***

0.5626

leverage products

-0.0316 ***

0.0593 ***

0.0335 ***

-0.0621 ***

0.5805

investment products

-0.0022

0.0010

0.0051 ***

-0.0303 ***

0.1235

Panel B: Executed orders by order type
All Products
market orders

-0.0121 *

0.0113

0.0584 ***

-0.0744 ***

0.4560

limit orders

-0.0319 ***

0.0643 ***

0.0433 ***

-0.0875 ***

0.5959

market orders

-0.0293 ***

0.0477 ***

0.0327 ***

-0.0502 ***

0.4928

limit orders

-0.0361 ***

0.0684 ***

0.0389 ***

-0.0776 ***

0.5907

-0.0017

0.0130 **

-0.0192 ***

0.0615

0.0103

0.0431 ***

-0.0405 ***

0.2729

Leverage Products

Investment Products
market orders
limit orders

0.0008
-0.0134 ***

Panel C: Executed order by volume group
0 - 1,000€

-0.0527 ***

0.0824 ***

0.0253 ***

-0.0231 **

0.5862

1,000€ - 10,000€

-0.0194 ***

0.0382 ***

0.0455 ***

-0.0765 ***

0.5520

10,000€ - 100,000€

-0.0067 *

0.0150 **

0.0589 ***

-0.0737 ***

0.4853

> 100,000€

-0.0018

0.0039 **

0.0125 ***

-0.0158 ***

0.2570

Panel D: Submitted orders by product type
All Products

-0.0172 ***

0.0103 ***

0.0113 ***

-0.0049 ***

0.3816

Leverage Products

-0.0132 ***

0.0081 ***

0.0081 ***

-0.0039 ***

0.4109

0.0213 ***

-0.0229 ***

0.0710

Investment Products

0.0008

-0.0021

4.4.2. Product Types
Panel A of Table 4.3 presents different regression results by product type. The ratios
based on leverage products have much higher regression coefficients than the ratios
based on investment products leading to an overall higher R² and a better fit of the
model. The adjusted R² value is even higher when using leverage products than using
all product types.
This result is due to the nature of the different financial products and the use thereof by
retail investors. Leverage products are products that are traded much more frequently
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and actively than investment products and therefore their trades must have a much
higher correlation with the overall market. Investors who trade leverage products
monitor the market very closely and react to market movements immediately. In
contrast, investment products are bought and usually stay in the investors’ account for a
longer amount of time.

4.4.3. Order Types
The different use of order types also has an influence on the multivariate regression
results. Due to the nature of limit orders, covariance with market returns should be
extremely high since limit sell orders are being executed when market returns are
positive, and limit buy orders are being executed when market returns are negative.
Therefore, the coefficients of buy_call_ratio and sell_put_ratio should be negative, and
the coefficients of sell_call_ratio and buy_put_ratio should be positive, leading to an
overall high adjusted R².
The results in Panel B of Table 4.3 confirm this hypothesis. A high ratio of call buy
orders (and put sell orders) is related to lower market returns (negative coefficient),
whereas a high ratio of call sell orders (and put buy orders) is related to higher market
returns (positive coefficient).
Adjusted R² values are highest when using sentiment values based on limit orders alone.
This is due to the automatic execution of limit orders that are in the order book for a
longer period of time and get executed because the market is moving below (above)
their buy (sell) limit price.

4.4.4. Order Volume Groups
The difference in the correlation between sentiment measures based on order volume
and those based on the number of executed orders could arise from a few orders with a
high volume that somehow distort the overall sentiment. Orders above 100,000€ could
originate from few wealthy individuals or semi-professional traders that are still
regarded as retail investors but distort the overall retail investor sentiment measure.
To investigate this issue, orders are sorted into four categories according to their Euro
volume: orders below 1,000€, orders between 1,000€ and 10,000€, orders between
10,000€ and 100,000€, and orders above 100,000€. Panels C of Table 4.2 and Table 4.3
present the regression results.
Results for orders below 100,000€ have high R² values whereas results for orders above
100,000€ only lead to R² values of about 0.257.
This result has two important implications: First, sentiment measures including large
orders may be distorted because few large orders have a comparatively high influence
on the measure. Second, creating the sentiment index using the number of executed
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orders is much less susceptible to distortions by large orders. A very large order would
be counted as just one order regardless of its volume.

4.4.5. Submitted Orders
The measurement of executed orders is a natural candidate for a sentiment index since
executed orders indicate that retail investors are willing to trade and invest real money
depending on their expectation of the market. However, as the analysis of executed limit
orders shows, order executions may happen based on orders that have been submitted a
long time ago, and therefore sentiment is not measured accurately.
One idea to improve the sentiment measurement is to distinguish market and limit
orders and base the sentiment measurement solely on market orders. This method has
the advantage that real transactions are included and that these transactions express the
actual market sentiment without delay. Another idea to overcome the time-ofsubmission and time-of-execution gap is to use the time-of-submission timestamp in the
sentiment measurement.
This demands that all submitted orders have to be included in the index since it is
unknown at the time of submission whether the order will be executed at some point in
time in the future. Furthermore, if the sentiment index is based on the volume of
submitted orders, the order volume is calculated using different methods depending on
the order type: For market orders, submitted order volume is equal to the executed order
volume determined by the execution price since it is assumed that market orders are
executed shortly after order submission. For limit orders, order volume is equal to the
product of the order limit times the size of the order. It is possible that the submitted
order is not equal to the executed order volume since the execution price may differ
from the order limit. It is also possible that the order will never be executed and that the
execution volume is therefore zero.
Summary statistics of submitted orders can be found in Appendix A. Panel D of Table
4.3 shows regression results for sentiment ratios based on the number of submitted
orders. Regression results for the volume of submitted orders can be found in Panel D
of Table 4.2.
The following observations can be made: First, submitted orders in leverage products
lead to high R² values, i.e. correlate with the market returns almost as good as executed
market orders in leverage products. Second, sentiment based on submitted orders in
investment products does not correlate well with market returns and thus the model has
a low R² value. Third, coefficients based on submitted order volume are almost all
statistically insignificant and models have generally low R² values.
The first conclusion is that sentiment measures based on submitted orders in leverage
products are almost similar in quality than sentiment measures based on executed
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market orders in leverage products. This result is intuitive since both measures express
the sentiment that retail investors have at the moment of order submission – in contrast
to executed limit orders which may just be executed due to market movements.
The second conclusion is that leverage products are a much better instrument to capture
actual short-term investor sentiment. Investment products are often submitted without
reference to the market, and therefore are relatively independent from market
movements.
Lastly, a measure based on submitted order volume is not a good indicator of investor
sentiment since order volumes that are measured may not reflect the true values that
investors were willing to risk since limits could be far from the current market prices
and an execution therefore highly unlikely.

4.4.6. Leverage
The separation of the different product categories makes it possible to look at the
influence of risk on sentiment. In particular, the delta for each warrant can be
calculated, and all executed orders can be sorted according to their delta18. The delta of
a stock option is defined as the rate of change of the option price with respect to the
price of the underlying asset (Hull 2006, p.344). The delta is often regarded as a
measure of the sensitivity of the option price and therefore a proxy for risk of the
derivative.
The delta for call options is always between 0 and 1 whereas the delta for put options
ranges between 0 and -1. Delta values are calculated using the standard Black-Scholes
formula and warrants’ implicit volatilities which are calculated using the transaction
price and the value of the underlying index level.
All trades are sorted according to their delta into 10 categories using absolute delta
values (0.1, 0.2, 0.3, etc.) as break points. The percentages in Table 4.4 illustrate that
most of the executed warrant orders have an absolute delta value between 0.2 and 0.4.
That means retail investors neither prefer low-delta warrants (i.e. deep out of the money
options) nor high-delta warrants (i.e. deep in the money options). Instead, they choose
near-the-money warrants which makes intuitively sense because this is the delta-region
where warrants are cheapest. This finding is also further confirmation that EUWAX
investors are generally uninformed investors who prefer the liquidity and cost
advantages of near-the-money warrants over the leverage advantages of out-of-themoney warrants as would informed investors do (Jayaraman, Frye, and Sabherwal
2001).

18

For the delta calculation a subsample of the data set is used that contains all executed warrant orders
from January 2004 to March 2008 because of missing data for the rest of the sample period.

Construction of the Euwax Sentiment Index

89

Table 4.4 reports the number of executed orders for call and put warrants by absolute
delta (left column). The relative values do not change substantially when distinguishing
between buy and sell orders (not reported).
Table 4.4: Leverage
This table presents statistics and results on the influence of leverage on the regression. The left part of the
table shows the number of orders in call and put warrants in absolute as well as relative terms. The right
part of the table presents regression results for the different delta groups. All regression coefficients are
statistically significant below the 1% level (***).
number of call orders

number of put orders

Buy Call
Ratio

Sell Call
Ratio

Buy Put
Ratio

Sell Put
Ratio

adj. R²

Executed orders by absolute delta values
0.1

97,991

(10.4%)

108,405

(14.2%)

-0.0297

0.0291

0.0181

-0.0139

0.3938

0.2

125,300

(13.3%)

131,452

(17.3%)

-0.0286

0.0399

0.0159

-0.0201

0.5440

0.3

132,916

(14.1%)

157,963

(20.7%)

-0.0301

0.0421

0.0149

-0.0214

0.5458

0.4

135,809

(14.4%)

148,128

(19.5%)

-0.0292

0.0391

0.0144

-0.0204

0.5412

0.5

143,375

(15.2%)

102,471

(13.5%)

-0.0200

0.0275

0.0183

-0.0268

0.4960

0.6

129,124

(13.7%)

50,490

(6.6%)

-0.0159

0.0202

0.0239

-0.0286

0.4611

0.7

83,791

(8.9%)

30,987

(4.1%)

-0.0125

0.0154

0.0203

-0.0284

0.3721

0.8

43,208

(4.6%)

19,211

(2.5%)

-0.0126

0.0116

0.0202

-0.0234

0.2973

0.9

28,405

(3.0%)

9,122

(1.2%)

-0.0095

0.0091

0.0170

-0.0181

0.2357

1

22,261

(2.4%)

3,174

(0.4%)

-0.0067

0.0066

0.0125

-0.0165

0.1455

When combining put and call options according to delta group, separate order ratios for
each delta group can be calculated and the multivariate regression can be performed.
The right part of Table 4.4 shows the results.
The highest adjusted R² value of 0.5458 is reached by using only trades including
warrants that had an absolute delta value between 0.2 and 0.3, i.e. out of the money
options. Generally, warrants with an absolute delta in the range from 0.1 to 0.4 all have
similarly high R² values meaning that trades in these instruments correlate best with
market returns. The reason for this is that retail investors who trade near-the-money
warrants closely monitor market movements and react very quickly when the market is
moving in either direction.

4.5. Comparison with other Sentiment Measures
As part of the evaluation of the sentiment index, index levels and first differences (Δ)
are being compared to the sentiment measures reported in Chapter 3 which can be
distinguished into direct and indirect sentiment measures. In general, as reported in
Chapter 3, an overall high correlation among these indicators can be observed, although
a high-to-low frequency conversion may possibly disguise higher correlations.
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However, as already argued in Chapter 3, high correlation with other sentiment
indicators is an indicator for sentiment quality, but not a necessary or sufficient
condition. Findings in this section should therefore be valued with caution.
A total of 9 different sentiment measures developed in this chapter are used in the
respective tables: Sentiment measures based on all executed orders (col. 1), all executed
limit orders (col. 2), all executed market orders (col. 3), executed orders in investment
products (col. 4), executed orders in leverage products (col. 5), executed market orders
in leverage products (col. 6), all submitted orders (col. 7), submitted orders in
investment products (col. 8), and submitted orders in leverage products (col. 9). For
reasons of simplicity, all sentiment measures developed in this chapter will be referred
to as “Euwax Sentiment measures”.
Correlation coefficients are calculated on the levels of sentiment measures (exceptions,
when first differences are used, are marked with a Δ). Statistical significance is
indicated by *** (p<0.01), ** (p<0.05), and * (p<0.1).

4.5.1. Indirect Sentiment Measures
Daily measures
Table 4.5 presents correlations between daily indirect measures of sentiment and the
Euwax Sentiment measures. Generally speaking, there is a high correlation between the
sentiment measures developed in this chapter and the daily direct sentiment measures
used in practice.
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Table 4.5: Daily sentiment correlation
This table presents correlations between daily indirect measures of sentiment (vertical axis) and the
Euwax Sentiment measures represented by nine measures based on executed and submitted orders. A Δ in
front of a sentiment measure means that first differences are used. The superscripts ***, **, and * denote
statistical significance at the 1%, 5%, and 10% level, respectively.
Executed Orders by Order Type

Executed Orders by Product Type
Leverage
Leverage
Market

Submitted Orders
All

Investment

Leverage

-0.744***

-0.546***

-0.061**

-0.569***

-0.154***

-0.145***

-0.135***

-0.030

-0.138***

0.317***

0.264***

0.169***

-0.031

0.208***

0.032

0.295***

0.241***

0.246***

0.041

0.269***

0.096***

0.201***

0.180***

0.089***

-0.008

0.099***

All

Limit

Market

Investment

ADV-DEC DAX

-0.801***

-0.807***

-0.719***

-0.225***

-0.809***

ADV-DEC DJIA

-0.148***

-0.153***

-0.131***

-0.014

Put/Call Total

0.308***

0.329***

0.241***

-0.001

Put/Call Equity

0.285***

0.312***

0.213***

Put/Call Index

0.202***

0.207***

0.179***

TRIN NYSE

-0.008

-0.017

0.006

-0.016

-0.009

0.004

0.027

0.001

0.026

TRIN NASDAQ

0.258***

0.320***

0.174***

-0.030

0.274***

0.206***

0.145***

-0.093***

0.165***

VDAX

0.044

0.093***

-0.031

-0.329***

0.079***

0.037

0.078***

-0.238***

0.108***

Δ VDAX

0.401***

0.419***

0.346***

0.062**

0.416***

0.381***

0.257***

-0.046

0.287***

VIX

0.037

0.089***

-0.041

-0.391***

0.075***

0.032

0.040

-0.259***

0.080***

Δ VIX

0.261***

0.335***

0.177***

0.018

0.275***

0.203***

0.118***

-0.055*

0.135***

ISEE All

0.026

0.005

0.068**

0.130***

0.024

0.063**

0.035

0.103***

-0.002

ISEE Equity

-0.081**

-0.126***

-0.002

0.090**

-0.097***

-0.039

-0.166***

-0.016

-0.179***

ISEE Index

0.053

0.074**

0.002

-0.194***

0.070*

0.040

0.033

-0.142***

0.056

The Advance-Decline measure (ADV-DEC DAX) and the Euwax Sentiment measures
are negatively correlated to a very high extent: The correlation coefficient amounts to a
highly significant -74.4% (using market orders in leverage products). This finding is
consistent with the negative correlation to market returns documented in this chapter
because the ADV-DEC DAX measure must be positively correlated to DAX returns by
construction. The advance-decline measure for the Dow Jones Industrial Average Index
is also negatively correlated but to a much lower extent.
The construction of the Euwax Sentiment Index based on puts and calls should lead to a
high correlation with regular put/call ratios from futures and options exchanges. We
document a large and positive correlation coefficient, especially when using the total
put/call ratio and all Euwax orders in leverage products (31.7%). Since a high put/call
ratio expresses negative sentiment and a high Euwax Sentiment Index positive
sentiment, the positive correlation coefficient means that the two indicators measure
contrarian opinions: The put/call ratio is usually regarded as the institutional sentiment
indicator whereas the Euwax Sentiment Index is constructed to represent retail investor
sentiment. This relation suggests that retail investor sentiment may be contrary to that of
institutional investors.
Correlation between Euwax Sentiment and the TRIN Nasdaq measure is positive:
Correlation coefficients of 27.4% are documented for the leverage product measure.
Annual correlations reveal that in some years, coefficients may be as high as 38% (not
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reported). At first sight, the TRIN NYSE measure is not related to Euwax Sentiment,
although annual correlations reveal that the correlation coefficient can be as high as
43.1% (in the year 2006 – not reported).
Regarding the relation to volatility, Euwax Sentiment measures are found to be
positively correlated to changes (first differences) in the VDAX: The correlation
coefficient between the Euwax Sentiment and changes in the VDAX amount to a highly
significant 38.1%. This result is especially driven by orders in leverage products
because investors are more likely to buy leverage products when volatility increases
because option prices are lower. In addition, sentiment measures on orders in
investment products are negatively correlated to VDAX levels (-32.9%). This can be
interpreted that retail investors buying investment certificates are more likely to buy
when volatility is on a low level. A further interpretation, however, would be more than
speculative.
Although it is based on a similar idea, there is no obvious relation between the ISEE
Sentiment Index and the Euwax Sentiment Index. Coefficients are generally very low
and mostly insignificant.

4.5.2. Direct Sentiment Measures
In order to assess the correlation among levels as well as changes of sentiment
measures, Euwax Sentiment levels are compared to survey levels, and Euwax Sentiment
changes are compared to changes of survey measures. Table 4.6 reports correlation
coefficients for levels (Panel A) as well as changes (Panel B) of the Euwax Sentiment
measures.
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Table 4.6: Weekly sentiment correlation
This table presents correlations between weekly direct measures of sentiment (vertical axis) and the
Euwax Sentiment measures represented by nine measures based on executed and submitted orders. For
Panel A, sentiment levels are used for the correlation analysis. For Panel B, first differences are used. The
superscripts ***, **, and * denote statistical significance at the 1%, 5%, and 10% level, respectively.
Panel A: Levels
Executed Orders by Order Type

Executed Orders by Product Type
Leverage
Investment Leverage
Market

Submitted Orders

All

Limit

Market

Sentix 1M/P

-0.587***

-0.194***

-0.110*

-0.035

-0.158**

-0.512***

-0.495***

-0.086

Sentix 1M/I

-0.568***

-0.082

-0.043

-0.021

-0.058

-0.509***

-0.489***

-0.101

-0.477***

Sentix 6M/P

0.071

-0.113*

0.035

0.203***

-0.069

0.088

0.039

0.161***

0.040

Sentix 6M/I

0.076

-0.063

0.070

0.275***

-0.023

0.112*

-0.010

0.120*

-0.001

Bull Bear DAX

-0.197***

0.157**

0.180***

0.212***

0.160**

-0.167***

-0.094

0.112*

-0.102

Bull Bear TecDAX

-0.259***

-0.019

0.018

0.215***

-0.020

-0.207***

-0.104*

0.158**

-0.143**

AAII Bull Ratio

0.056

-0.085

0.034

0.151**

-0.050

0.107*

0.187***

0.107*

0.135**

All

Investment Leverage
-0.487***

Panel B: Differences
Executed Orders by Order Type

Executed Orders by Product Type
Leverage
Market

Investment Leverage

Submitted Orders

All

Limit

Market

All

Investment Leverage

Δ Sentix 1M/P

-0.756***

0.257***

0.261***

0.223***

0.272***

-0.730***

-0.535***

0.088

-0.528***

Δ Sentix 1M/I

-0.695***

0.297***

0.310***

0.260***

0.316***

-0.682***

-0.484***

0.125**

-0.482***

Δ Sentix 6M/P

0.247***

-0.158**

-0.125**

-0.058

-0.141**

0.229***

0.147**

-0.021

0.141**

Δ Sentix 6M/I

0.201***

-0.051

-0.041

-0.046

-0.051

0.203***

0.162***

-0.044

0.160***

Δ Bull Bear DAX

-0.407***

0.259***

0.234***

0.212***

0.243***

-0.384***

-0.288***

0.104*

-0.292***

Δ Bull Bear TecDAX

-0.375***

0.140**

0.078

0.075

0.109*

-0.337***

-0.248***

0.022

-0.270***

Δ AAII Bull Ratio

0.076

0.093

0.075

-0.088

0.071

0.070

0.107*

-0.123**

0.120*

Weekly measures
Euwax Sentiment measures are negatively correlated to Sentix survey measures: Levels
between the measures show correlation coefficients of up to -58.7%, and differences
show correlation coefficients of up to -75.6%. Results for private and institutional
investors, as distinguished by the Sentix survey, are almost identical.
The Bull Bear Index on the DAX shows a similar picture: Changes in survey values and
changes in the Euwax Sentiment Index are negatively correlated (-40.7% for all
orders/products and -38.4% for market orders in leverage products). Both the Sentix and
the Bull Bear Survey therefore seem to have the same relation to sentiment picked up by
the Euwax Sentiment measure.
Changes in the six-month Sentix survey are positively related to Euwax Sentiment
measures: The 24.7% (20.1%) correlation between Euwax Sentiment and the private
(institutional) investor survey differences could possibly indicate that moods as picked
up by the Euwax Sentiment are similar to those expressed by the 6-month survey.
Lastly, there is no apparent relation between Euwax Sentiment measures and the U.S.
AAII survey among private investors.
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Table 4.7: Monthly sentiment correlation
This table presents correlations between monthly direct measures of sentiment (vertical axis) and the
Euwax Sentiment measures represented by nine measures based on executed and submitted orders. For
Panel A, sentiment levels are used for the correlation analysis. In Panel B, first differences are used. The
superscripts ***, **, and * denote statistical significance at the 1%, 5%, and 10% level, respectively.
Panel A: Levels
Executed Orders by Order Type
Market

Executed Orders by Product Type
Leverage
Investment Leverage
Market

Submitted Orders

All

Limit

All

Investment Leverage

G-Mind

-0.088

-0.002

-0.162

-0.140

0.001

-0.007

0.279**

0.005

0.319**

G-Mind Stocks

-0.028

-0.127

0.103

0.481***

-0.070

0.045

0.208

0.313**

0.150

G-Mind Bonds

-0.083

0.066

-0.248*

-0.547***

0.004

-0.117

-0.038

-0.409***

0.081

Michigan ICS

0.000

-0.119

0.163

0.497***

-0.068

0.058

0.100

0.262**

-0.001

Michigan ICE

0.023

-0.066

0.152

0.467***

-0.026

0.081

0.190

0.260**

0.093

CCI

-0.017

-0.169

0.175

0.463***

-0.116

0.013

-0.138

0.177

-0.219*

UBS/Gallup

0.029

0.017

0.039

0.178

0.018

0.024

0.271*

-0.011

0.230

Panel B: Differences
Executed Orders by Order Type

Executed Orders by Product Type
Leverage
Market

Investment Leverage

Submitted Orders

All

Limit

Market

Δ G-Mind

-0.259**

-0.285**

-0.219*

0.016

-0.272**

-0.241*

-0.023

-0.013

-0.009

Δ G-Mind Stocks

-0.210

-0.228*

-0.188

0.109

-0.234*

-0.231*

-0.039

0.017

-0.029

Δ G-Mind Bonds

0.059

0.051

0.086

-0.049

0.073

0.112

0.078

-0.018

0.089

Δ Michigan ICS

-0.037

-0.053

-0.015

-0.025

-0.040

-0.016

-0.076

-0.053

-0.096

Δ Michigan ICE

0.028

0.008

0.052

0.028

0.026

0.052

-0.047

-0.017

-0.067

Δ CCI

0.044

-0.004

0.091

0.060

0.006

0.031

-0.028

-0.045

-0.059

Δ UBS/Gallup

0.075

0.004

0.145

0.104

0.061

0.123

-0.018

-0.026

-0.037

All

Investment Leverage

Monthly Measures
Correlation of Euwax Sentiment measures (calculated on a monthly frequency, i.e.
using monthly periods instead of daily) and monthly surveys is rather poor: Table 4.7
presents correlation coefficients for levels (Panel A) as well as changes (Panel B) in
sentiment survey measures.
There is no clear picture of a correlation between Euwax Sentiment and the G-Mind
measures: Differences seem to be negatively correlated but the Euwax Sentiment from
submitted orders seem to have a positive relation to the G-Mind.
However, Euwax Sentiment measures based on investment products do correlate with
most of the monthly surveys: Investment products sentiment is positively correlated to
the G-Mind Stocks Index and the Michigan and CCI sentiment surveys, and negatively
related to the G-Mind Bonds Index. The submitted order data leads to the same results.
These findings indicate that retail sentiment expressed by buy and sell orders on
investment certificates correlates well with the monthly consumer sentiment surveys in
Germany (G-Mind) and the U.S. (ICS, ICE, CCI). Due to their lower frequency, these
surveys rather represent a medium-term to long-term sentiment on general market
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conditions which obviously correlates well with the views of retail investors in
investment certificates on the DAX.

4.5.3. Review of Results
In this section, other sentiment time series have been compared to the Euwax Sentiment
measures. The results can be grouped into two categories: Comparison with indirect
daily sentiment measures on the one hand, and direct weekly and monthly sentiment
measures on the other hand.
The indirect sentiment measures show a generally high correlation with the Euwax
Sentiment because the Euwax Sentiment measures are also indirect indicators based on
market data. The reasons for the high correlation, though, differ throughout all the
examples: First, the negative correlation with the advance-decline measures stems from
Euwax investors acting as contrarians. Second, the positive correlation with put/call
ratios expresses the difference between retail and institutional sentiment. Third, the
positive correlation between the TRIN measure and the Euwax measure means that both
indicators measure a similar sentiment. Fourth, the positive correlation with the
volatility changes in VDAX/VIX is largely due to option pricing considerations.
The comparison with direct sentiment measures reveals that there are highly significant
correlations between survey measures and the Euwax Sentiment measures, and that the
results differ between weekly and monthly indicators. Correlations are larger for higherfrequency measures and lower, or insignificant, for lower-frequency measures. Changes
of Euwax Sentiment and the German weekly survey measures are highly negatively
correlated. This may suggest that investors react to the same signal, i.e. at the same
time, but in a contrary way. Related research about the Sentix, however, concludes that
the private investor surveys have to be regarded as a contrary indicator for investment
decisions. Therefore, if Euwax investors act contrary to the Sentix investors, chances
are that the Euwax investors are actually right in their investment decision.
To sum up, significant correlations between the Euwax Sentiment measures and
existing indicators can be observed though the respective reasons may differ and results
should be interpreted accordingly. However, it is shown that most of the sentiment
measures have common sources or react to the same signals. A further investigation
regarding causality, interdependencies, and sensitivities remains to be subject to future
research.

4.6. Conclusion
In this chapter, the development of the Euwax Sentiment Index, a measure of retail
investor sentiment at the European Warrant Exchange, is presented.
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A unique data set consisting of more than 36.5 million retail investor orders provides a
history of 5 years. The data set has several key advantages over comparable order data
sets and is especially suited for sentiment extraction: First, it consists exclusively of
retail investor orders. Second, the trade direction is determined exactly and does not
have to be inferred from the data. Third, investors are able to express negative
sentiment. Fourth, the differentiation of order types is possible. Fifth, not only does it
consist of executed orders but also includes submitted orders.
The historical order data is used to run multivariate regression models to assess the
impact of the various components of the retail investor order flow on market returns:
First, leverage products explain more of the return variance than investment products.
Second, the number of executed orders has higher explanatory power than the volume
of executed orders. Third, executed limit orders show the expected behavior, i.e. are
negatively correlated to market returns. An important result is, however, that market
orders in leverage products are also negatively correlated. Fourth, a sentiment measure
based on submitted orders in leverage products leads to similar results as executed
market orders. As a guideline for sentiment index development based on retail investor
orders, it is therefore recommended to include only executed market orders in leverage
products on the DAX to get the highest possible explanatory power.
The comparison of the developed sentiment measures with existing sentiment indicators
used in practice shows that in the majority of cases there is a significant correlation
between measures although the exact causality for this correlation cannot be
determined. It is likely that a large correlation points to similar underlying factors that
finally determine sentiment even though the sign of the correlation may differ. A further
investigation is subject to future research.
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5 Retail Investor Herding
„Institutions are herding animals. We watch the same indicators and listen to the same
prognostications. Like lemmings, we tend to move in the same direction at the same
time. And that, naturally, exacerbates price movements.”
Wall Street Journal, October 17, 1989
Investor herding plays an important role in behavioral finance models. The quotation
above is taken from Lakonishok, Shleifer, and Vishny (1992, p. 25). It exemplifies that
the effect of herding on price discovery can be large when several large investors
attempt to buy or sell a given stock at the same time. The herding behavior of
institutional investors has seen a lot of attention in the last twenty years. Individual
herding behavior, however, has been neglected.
Using the data set on retail investor orders to the European Warrant Exchange at Boerse
Stuttgart, a measure of retail investor herding on an aggregated market level is being
constructed. The level of herding differs in bearish and bullish market conditions, and
retail investors are more prone to herding when they are optimistic than when they are
pessimistic. High levels of herding can be found even on an individual broker level
although there are differences between different types of brokers. In addition to marketwide herding, retail investors also herd into and out of single underlyings: Excess
herding in those is substantial and significant.
This chapter is organized as follows: Section 5.1 gives an introduction to herding
behavior in financial markets and relates it to the EMH. Section 5.2 presents definitions
of herding, found in related research, and discusses empirical findings. In section 5.3,
the herding measures are introduced and evidence of market-wide herding is presented.
Section 5.4 extends the analysis by distinguishing different broker types. Finally,
section 5.5 presents evidence of stock-level herding and compares the results to findings
in the empirical herding literature. Section 5.6 concludes.

5.1. Introduction
The EMH holds that at any given time an asset’s price fully reflects all available
relevant information about the asset and the wider market conditions in which it exists
(Fama 1970). Investors are assumed to be rational and trade based on fundamental
information. Any mispricing due to those who trade on other factors, such as noise or
behavioral biases, will only be transitory because at an aggregate level the irrational
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trades will cancel each other out. In case they do not, arbitrage will bring asset prices
back in line with their true values. In other words, the EMH rests on two assumptions:
uncorrelated trades and unlimited arbitrage opportunities. While much empirical
support has been found for EMH, there is a growing body of evidence that trades are not
uncorrelated. Ample evidence has been found that investor trades tend to cluster and
investors tend to move in and out of securities in tandem with one another. If these
correlated trades represent the collective reaction of market participants to a relevant
information signal the outcome would in fact be efficient and cause swift price
adjustment. However, trades that are correlated due to other factors, such as
psychological biases, feedback trading or fads, may cause and exacerbate mispricing.
Limits to arbitrage, in the form of high transaction costs and/or lack of liquidity, may
prevent this mispricing from being corrected resulting in volatility and instability over
time.
Past studies have found mixed evidence of herding among different investor classes,
usually either institutional or retail investors. While some evidence has been found that
investors tend to follow each other in and out of stocks, few studies have been able to
measure whether this herding survives aggregation to the market level. This chapter
examines retail investor herding at the aggregate as well as the cross-sectional level and
aims to find out whether herding is more prevalent in certain market conditions, i.e.
bullish and bearish periods, and whether there is a higher degree of herding when
investors are optimistic or when they are pessimistic.

5.2. Related Work
5.2.1. Definitions of Herding
Herding defined in its most simple terms refers to a group of investors trading on the
same side of the market at a certain time. Lakonishok, Shleifer and Vishny (1992)
define herding as “buying (selling) simultaneously the same stocks as others buy (sell)”.
Other definitions refer to herding as “the extent to which the group either predominantly
buys or predominantly sells the same stock at the same time” (Grinblatt, Titman, and
Wermers 1995) or identify investors as herding when “following each other into (or out
of) the same securities over some period of time” (Sias 2004).
The literature is rich in theoretical models outlining the rationale behind herding and
culminates in two main hypotheses about who herds and why. The information
asymmetry hypothesis proposes that the costs (both time and monetary) of gathering
information makes it prudent and perhaps even rational for traders to assume that the
crowd knows more than they do and as a result they base their trading decisions on the
actions of the majority. Under this hypothesis, individual investors are expected to
exhibit a greater tendency to herd than institutional investors as the latter have access to
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better information and superior methods of processing it, eliminating the need to mimic
their supposedly better informed peers. Psychological biases such as conformity may
amplify existing herding among individuals.
An alternative perspective is that herding is likely to be more prevalent among
institutions, such as mutual funds, rather than individual investors due to the following
reasons: Firstly, institutional investors’ trades are more visible to their peers, thus there
is more scope for mimicking among this class of investors. Since individual investors
do not have to disclose their holding positions like institutional investors do, it might be
more difficult for individuals to observe each others’ trades. Secondly, certain
institutional investors such as fund managers are evaluated based on their performance
relative to other fund managers. In such a case it pays to stay with the crowd as
individual funds are less conspicuous when wrong in the crowd than wrong alone.
These two seemingly contrasting lines of reasoning however are not irreconcilable. It is
possible that both types of investors herd to a considerable extent but that herding is
more detectable in the case of institutional investors due to the large volume of their
trades and better availability of data. Data on individual trading flows is typically more
difficult to access and individual investors’ actions may not have as great an impact on
the market as the large trades of institutional investors, thus even if they herd it may be
difficult to observe it empirically.
Regardless of which type of investor has a greater tendency to herd, empirically
measuring the degree of herding in a market or among a particular group of investors
presents considerable methodological challenges. Investigating herding on a large scale
in equity markets is difficult because the “buyer for every seller argument” leads to a
net trade equal to zero. In addition, while herding by definition would manifest in some
form of correlated trading, it remains a challenge to isolate the effect of intentional
herding. It is only possible to infer investors’ motives from their trades, and these trades
could be influenced by a variety of factors including common information. A test of
intentional herding would require factoring out these information effects. As such,
evidence of intentional herding could be hidden in the results of general correlated
trading.
Despite the challenges, much progress has been made to broaden our understanding of
this phenomenon. The next section outlines a selection of the major works investigating
herding among different market participants.

5.2.2. Empirical Findings
Early research sought evidence of herding in the trades of institutional investors, as this
class of investors tends to make large trades that ‘move the market’ and consequently
has the greatest potential to destabilize prices if herding based on factors other than
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common information is indeed prevalent. One of the earliest works is that of Kraus and
Stoll (1972) which seeks evidence of what was initially termed ‘parallel trading’ among
institutional investors such as mutual funds and banks. Operating under the definition of
herding as the state in which a large number of investors are predominantly on the same
side of the market in a security at a given time, Kraus and Stoll measure herding as an
order imbalance by netting the purchases and sales of each stock in their sample every
month. They create two order imbalance measures: the absolute value of the net dollar
imbalance for each stock-month, and the absolute percentage net imbalance which is the
former measure expressed as a percentage of gross trading volume in that stock-month.
Both these measures are unsigned, that is to say they do not consider the direction of
herding – whether it is predominantly buy herding or sell herding – only its magnitude.
Kraus and Stoll then subtract from their herding measures the level of order imbalance
that can be attributed to chance, calculated by means of simulations. They find that the
two figures do not differ significantly and conclude that institutional investors in their
sample do not tend to trade in parallel with one another.
Lakonishok, Shleifer and Vishny (1992) – henceforth LSV – adapt the standard order
imbalance measure to construct a herding measure that expresses the order imbalance
for a given stock during a certain quarter relative to a certain baseline expected herding
level which is calculated based on the number of purchasing institutional investors
relative to the number active in that period. Unlike Kraus and Stoll, LSV’s herding
measure is based on the number of buyers and sellers active during a given quarter
rather than the monetary value of their trades. One could argue that using the number of
traders creates a more appropriate measure of herding as institutional investors’ trades
tend to be large in volume telling little about whether an instance of particular herding is
due to a large number of traders or simply a single large trade. LSV calculate herding
measures for each stock-quarter in their sample of 769 equity funds and then take the
mean herding measure over all stock-quarters as their herding measure. They find low
herding measures for their overall sample as well as across subsamples based on past
performance and industry type and only partial evidence of herding in smaller stocks.
The corresponding lack of impact on stock prices leads them to conclude that
institutional investors are heterogeneous and follow distinct trading strategies the results
of which cancel each other out and leave stock prices in equilibrium.
One limitation of the LSV herding measure is that it considers correlated trading in one
time period only and does not allow for observation of herding patterns over time. As
such, it does not measure whether herding in one stock persists and whether there is a
cascading effect in that increased interest in one stock causes more and more investors
to flock to it. Nevertheless it is arguably the most popular herding measure and has been
reproduced in several studies at both the institutional and individual investor level, most
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notably Grinblatt, Titman and Wermers (1995), Dorn, Huberman and Sengmueller
(2008), and Barber, Odean and Zhu (2009b).
Grinblatt, Titman and Wermers analyze the methods by which institutional investors
pick stocks for their portfolios. They consider whether the managers of mutual funds
choose stocks based on the stocks’ past performance (momentum trading) and/or
whether they choose the same stocks their peers tend to favor (herding). They modify
LSV’s herding measure to create a signed measure that takes into account the type of
herding – buy or sell – and measures the extent to which a mutual fund’s trading
behavior is with or against the majority in a certain period. This measure is then
combined with the fund’s rebalancing activity every period resulting in a measure of
how the fund rebalances its portfolio based on the excess buying/selling of all funds in
the sample during that period. Their results indicate that herding is prevalent among
mutual fund managers.
While Grinblatt, Titman and Wermers provide new insights into the decision-making
process of institutional investors, their measure too is a static measure of correlated
trading that does not isolate intentional herding. Using a different approach, Sias (2004)
explores whether an institutional investor’s tendency to purchase a stock in one quarter
persists in subsequent quarters. He defines a measure that distinguishes between
spurious herding and intentional herding, and asserts that one is unlikely to find
evidence of herding unless herding is measured across periods. In contrast to LSV’s
static herding measure, Sias computes a dynamic measure of herding intensity in a stock
over time by regressing his herding measure, based on order imbalance, against its
lagged values thereby getting a sense of whether herding persists over time. He finds
evidence of herding and then deepens his analysis by distinguishing between herding
investors who follow each other's trades and those who follow their own trades.
Overall, the evidence of herding – both intentional and unintentional – is sporadic at the
institutional level. As mentioned previously, herding at the individual level has been
seldom considered because early research assumed that herding at the institutional level
would have a greater impact on prices. While this may be true, it is important to
consider the effects individual investors can have at the aggregate level. Previous
research has outlined the extent to which noise traders can potentially push prices away
from fundamentals due to their correlated trading and the limited presence of arbitrage
as a force to counter such mispricing (De Long et al. 1990).
While there has been much debate about the tendency of individual investors to herd
and their reasons for doing so (Shiller (1984), Shleifer and Summers (1990), Shleifer
and Vishny (1997)), Jackson (2003) is among the first who specifically tests for
individual herding. He uses an order imbalance measure based on net flows into or out
of the equity market to explore the patterns in the trades of Australian investors trading
through different types of brokers. By calculating weekly net order flows first on an
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aggregate market level and then at a cross-sectional level for each stock in his sample
and then regressing these imbalance measures against their lagged values, past stock
returns and past volatility as explanatory variables, he finds systematic correlations in
the trades of individual investors at both levels. He further finds that these correlations
hold for both the number of trades and the volume of trades and the relationship is
consistent over his observation period.
In a similar vein, Kumar and Lee (2006) investigate the correlation among individual
investor trades in the U.S. market and relate the effects of herding to the movement of
market returns. Like Jackson, Kumar and Lee proxy herding with an order imbalance
measure and focus purely on correlated trades without adjusting for any expected level
of herding. They use data from a large U.S. discount broker which contains information
on the stock trades and portfolio positions of over 60,000 individual investors and
define the buy-sell imbalance as the difference in a stock's daily bought and sold
volume as a fraction of the total buying and selling activity for that stock on that day.
This daily sentiment figure is aggregated over a month, yielding a measure of whether
investors were net buyers or net sellers of that stock in that particular month. This
measure is used to construct equally-weighted stock portfolios, allowing Kumar and
Lee to detect shifts in sentiment over groups of stocks. After randomly forming
portfolios of various sizes over the sample period and determining the correlations
between them, Kumar and Lee find that the average correlation between such portfolios
is positive. This result even holds when the same test is reproduced for subsets of
investors instead of portfolios of stocks. In other words, there is strong evidence of
systematic correlation in the trading activities of individual investors. They further find
that their herding metric has a positive relationship with future returns; when investors
are bullish the stocks have higher returns and vice versa.
Dorn, Huberman and Sengmueller (2008) shed light on the influence of order types in
their analysis of the correlated trades of German retail investors. They apply the LSV
herding measure at daily, weekly, monthly and quarterly time horizons to retail
investors trading through a large German discount broker. Their results vary
considerably from LSV and other studies of herding in that their herding measure is
considerably higher than those found in prior studies. They find the strength of the
correlated trading increases as the time horizon increases. What sets their study apart
from others is that their data allows them to distinguish between market orders and limit
orders to control for the possibility that automatically executed limit orders distort the
results by inflating their herding measure.

5.2.3. Discussion
The studies reviewed so far provide mixed evidence of herding. The main gaps in the
literature are the lack of focus on aggregate herding. The study presented in this chapter
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sheds light on herding in the market for securitized derivatives – an area that has seen
scant attention in the literature19. The focus of this work lies on retail investors in the
German securitized derivatives market which is among the largest retail markets in the
world in terms of traded volume and number of orders. The data allows combining the
advantages of the work of Jackson (2003) and Dorn, Huberman and Sengmueller (2008)
by addressing a number of the methodological limitations in the current literature on
herding at the individual level.
Firstly, the clear focus on the securitized derivatives market permits the exclusive study
of retail investors. Secondly, due to the nature of the data set, executed market orders
and limit orders can be separated exactly. This allows for addressing the effect of
automatically executed limit orders due to price changes, giving a more accurate
assessment of herding. Finally, since the focus of this study is the market for securitized
derivatives where the majority of trades are between retail investors and market makers,
the argument that aggregate trades sum to zero can be bypassed and herding can be
explored at the wider market level. In addition, a unique view on optimistic and
pessimistic herding is provided by including call as well as put options in the herding
measure – in addition to buys and sells.
In addition, the understanding of herding in the literature is extended from the
individual stock level to the market level: Measures such as the LSV herding measure
do not capture market-wide herding, i.e. herding behavior of the population across all
stocks (see Oehler 1988 for a similar discussion with respect to investment funds).
Detecting herding in single stocks does not answer the question whether individual
investors tend to have the same opinion about the market as a whole and therefore move
into or out of the market at the same time. The LSV type of herding can be described as
“stock-picking” or “excess” herding whereas the latter approach can be described as
“market-wide” herding. In this chapter, market-wide herding is investigated in sections
5.3 and 5.4 and stock-level herding in section 5.5.
The data, however, does not include order flow that can be traced to individual
investors’ accounts which makes it impossible to distinguish between intentional
herding and spurious herding. In light of the empirical challenges outlined in the
previous section and the various definitions of herding in the literature, herding is
regarded as the tendency of retail investors to simultaneously move into or out of the
market at the same time. Whether this behavior is intended or solely at random cannot
be empirically explored with the available data. However, a high level of herding
among retail investors stresses the importance of retail investors in the price formation
process. Rather than a wide dispersion of retail orders (and hence retail orders
19

Schmitz, Glaser and Weber (2007) also study retail investor trades in bank-issued warrants in Germany
and construct an indicator of the relative degree of bullishness/bearishness over time and analyze the
relationship between their indicator and stock returns.
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cancelling each other out), a highly correlated behavior would have high impact on the
market.

5.3. Evidence of Market-wide Herding
The analysis begins by searching for evidence of herding at the market level. As
described in Section 5.2, the vast majority of studies test whether certain subgroups of
investors tend to herd in and out of a group of stocks. Few studies consider whether the
evidence of this correlated trading aggregates to the market level. It is reasonable to
expect that if noise traders can potentially have a significant impact on prices their
trades would be correlated to an extent large enough to be detectable at the aggregate
level. The data used by previous studies limits the ability to test for aggregate herding
because the main focus on equity and bond markets, where investors trade amongst
each other, results in the situation where for every buyer there is a seller and aggregate
trades will sum to zero. The focus on the securitized derivatives market and its specific
market model allows for test of herding at the aggregate level because in this market
trades are predominantly between investors and issuers making the market in their
respective products.

5.3.1. Data
To measure market-wide herding, all orders in securitized derivatives which derive their
value from the DAX, the German market benchmark, are taken into account. Many
retail investors use products like these to invest in the whole market without having to
buy single stocks. Since more than 90% of the trading volume in index derivatives
comprises products on the DAX, this index is chosen to test for market-wide herding.
Since the data set used in this chapter equals the data set from Chapter 4, no additional
summary statistics are presented in this section.

5.3.2. Herding Measure Construction
The basis of the herding measure is the entirety of all executed retail investor orders as
described in chapter 4. Each trade can be categorized as optimistic or as pessimistic. In
contrast to other studies, there is not only a buy/sell component but also a put/call
component in the herding measure which is a clear advantage of the measure.
Optimistic trades are executed buy orders in call products and sell orders in put
products. Pessimistic trades, on the other hand, are executed sell orders in call products
and buy orders in put products.
Herding is expressed as the imbalance of optimistic and pessimistic transactions during
a predefined herding period, e.g. one day or one week. This imbalance can be measured
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either on the basis of the number of trades in each category or on the basis of the Euro
denominated order volume.
Furthermore, two different herding measures are constructed to analyze different effects
on herding: signed vs. unsigned herding. Unsigned herding captures the total level of
herding independent of whether investors exhibited optimistic or pessimistic herding
behavior. Signed herding allows for distinguishing between optimistic and pessimistic
herding but cannot be used when calculating averages to determine the overall level of
herding. The signed (SMH) and unsigned (UMH) market level herding measures for
herding period t are as follows:
SMH
UMH

E
abs SMH

(5.1)
(5.2)
(5.3)

where

is the ratio of optimistic investors as measured in formula 5.3: In it,

all sell orders in put products,
all sell
represents all buy orders in call products,
orders in call products, and
all buy orders in put products in period t. As already
noted, t can be daily, weekly, or monthly, though longer herding periods usually lead to
lower herding measures. The investor ratio can be measured in two ways: a) order
volume in Euro and b) number of executed orders in that period.
The SMH measures the ratio of optimistic investors to all investors minus the expected
ratio which is set to 50% following the consideration that optimistic and pessimistic
investors should be equally represented in case of no herding. The UMH is simply the
absolute value of the SMH.
UMH and SMH are distinguished analogously to Grinblatt, Titman, and Wermers
(1995) who also distinguish between an unsigned and a signed herding measure which
separates buy and sell herding. The major difference is, though, that Grinblatt, Titman,
and Wermers (1995) calculate one measure for each stock which indicates whether a
fund is following a crowd or trading against the crowd. Therefore, the average
proportion of buyers and sellers in a given stock is subtracted to determine the relation
to the other funds. However, since the herding measure is not based on different stocks
but the whole market, the average or expected level of herding does not need to be
adjusted for.
In other words, following the discussion in section 5.2.3, the focus of this section is to
determine the average level of herding among retail investors in certain periods, and
relate it to optimistic and pessimistic behavior.
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5.3.3. Results
Influence of order types on the herding measure
Summary statistics of market-wide herding using DAX securitized derivatives are
presented in Table 5.1. Panel A presents statistics for the herding measure based on the
number of executed orders, panel B based on the volume of executed orders. The
columns show means and medians for the unsigned market herding measure (UMH),
the signed market herding measure (SMH), and the signed herding measure for both
optimistic and pessimistic trades. Results for all order types, market as well as limit
orders are presented by different rows. Herding period is daily, comprising all executed
orders from January 2004 to December 2008.
Table 5.1: Signed and unsigned market herding measures
This table presents summary statistics on the unsigned market herding measure (UMH) and the signed
market herding measure (SMH). Numbers in Panel A are calculated using the number of executed orders,
whereas numbers in Panel B are calculated using executed order volume. For the signed market herding
measure, optimistic and pessimistic herding are distinguished. Herding period is daily, comprising all
executed orders from January 2004 to December 2008.
UMH

SMH

all
mean

all
median

mean

optimistic
median

mean

median

pessimistic
mean

median

Panel A: Number of executed orders
all order types

10.3%

9.1%

1.2%

1.3%

10.8%

9.5%

-9.9%

-8.7%

market orders

7.6%

6.2%

1.9%

2.2%

8.2%

7.1%

-6.9%

-5.5%

16.8%

15.3%

-0.1%

-0.1%

16.8%

15.2%

-16.8%

-15.5%

limit orders

Panel B: Volume of executed orders
all order types

9.7%

8.3%

2.9%

2.9%

10.5%

9.3%

-8.6%

-6.9%

market orders

8.6%

7.3%

3.9%

4.2%

9.5%

8.1%

-7.0%

-5.5%

15.6%

13.9%

0.2%

0.0%

15.8%

13.8%

-15.4%

-14.1%

limit orders

A substantial level of market-wide herding can be observed: The average UMH which
captures the level of herding disregarding optimistic and pessimistic herding is 10.3%
for the number based measure and 9.7% for the volume based measure. This value can
be interpreted as follows: Under the assumption that the benchmark is virtually the
equal distribution, i.e. on average roughly 50% of all trades (transaction volume) are
optimistic and 50% are pessimistic, a UMH value of 10.3% means that on average
60.3% of all trades (transaction volume) are on the same side of the market (either
optimistic or pessimistic) in the observed herding periods.
The SMH indicates that daily optimistic and pessimistic herding almost level out when
averaging over the whole period of five years: The average number based SMH is 1.2%
and the average volume based SMH is 2.9%.
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It is worthwhile to pay respect to the use of different order types when analyzing the
level and the sign of herding. As Dorn, Huberman and Sengmueller (2008) note, the
execution of stale limit orders in the order book could possibly lead to biased results and
a wrong level of herding. For this purpose, market orders (and marketable limit orders
as explained in section 4.2) and limit orders that are not executed immediately are
distinguished and reported separately in Table 5.1. There is a much higher level of
unsigned herding in limit orders than in market orders which is a result of optimistic
(pessimistic) limit orders being executed when the market moves downward (upward).
This is in line with the observations by Dorn, Huberman, and Sengmueller. However,
the herding level for all order types is still substantial although a part of the market
order herding vanishes because of stale limit orders. The reason why the UMH value for
“all order types” is lower than either the value for “market orders” or “limit orders” is
that market and limit orders usually work in different directions and the aggregate effect
on the herding measure is lowered.
As noted in the preceding section, optimistic and pessimistic herding are distinguished
to analyze whether herding is a result of optimistic investors or pessimistic investors
being on the same side of the market in a given period. The last four columns of Table
5.1 present mean and median optimistic and pessimistic SMH values. Absolute herding
levels are not significantly different when distinguishing between optimistic and
pessimistic investors. The only significant difference can be observed in the herding
level of market orders: Investors using market orders herd to a much greater extent
when they are optimistic than when they are pessimistic.
Influence of bullish and bearish market periods on the herding measure
The first half of this section highlights the differences between herding measures, the
use of order types, and the behavior of optimistic and pessimistic investors. In the
second part it is analyzed whether the level of herding can be explained by the overall
market situation, i.e. by bullish and bearish market periods.
In the absence of a generally accepted method of classifying bull and bear markets, the
approach of Fabozzi and Francis (1977) is adopted who propose two methods: Up and
Down Markets (UD) and Substantial Up and Down Months (SUD). Under the UD
method, months in which the monthly market return is positive are classified as bull
markets and those experiencing negative returns are taken as bear markets. The
drawback of this method is that all months under observation will be classified as either
bull or bear months even if the magnitude of returns is small. The second method, SUD,
addresses this issue by classifying a month as a bullish period if the absolute value of
the market return in that month is greater than one half of the standard deviation of
returns over the sample period.
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The latter criterion is applied as it better reflects the general definition of bullish/bearish
periods as being characterized by substantial up/down trends in market return rather
than merely up/down trends as with the first criterion. Although the authors concede
that the choice of half a standard deviation is arbitrary, the method incorporates a simple
rule-of-thumb that helps us exclude months with small returns and consider only
months with substantial movements.
In contrast to Fabozzi and Francis, the method is applied to weeks instead of months20
and all weeks in the sample are characterized as bullish, neutral, and bearish. A weekly
classification of market sentiment better captures the relatively high volatility in the
sample. In addition, the weekly frequency is a better match for the daily herding
measure calculation.
Having decomposed the sample into bullish, bearish, and neutral periods, the question is
how the herding levels differ under these market environments. Table 5.2 provides a
summary of the mean and median unsigned and signed daily herding measures under
different subsamples. As in the analysis before, results are presented for different order
types to explore the effect of automatically executed limit orders.21
Table 5.2: Signed and unsigned market herding measures by market period
This table presents means and medians of the unsigned and signed market herding measures,
differentiated by order type and market period, i.e. bullish, neutral, or bearish. Results for the SMH are
further broken down into optimistic and pessimistic herding. The calculation is based on the number of
executed orders.
UMH

SMH

all
mean

all
median

mean

optimistic
median

mean

median

pessimistic
mean

median

all order types
bull

10.4%

8.6%

-6.5%

-6.5%

6.7%

5.7%

-11.9%

-11.1%

9.8%

8.7%

2.0%

2.4%

10.4%

9.0%

-9.0%

-8.2%

11.6%

11.2%

9.0%

10.0%

13.4%

13.3%

-5.6%

-4.5%

bull

7.3%

5.8%

-3.7%

-3.5%

5.3%

4.4%

-8.4%

-6.7%

neutral

7.2%

5.9%

2.7%

2.7%

8.1%

6.7%

-5.9%

-4.5%

bear

8.9%

8.1%

7.2%

8.0%

9.8%

9.6%

-4.7%

-4.8%

bull

17.3%

15.9%

-11.7%

-12.5%

10.9%

8.8%

-19.5%

-19.6%

neutral

15.8%

14.6%

0.7%

1.3%

15.9%

14.5%

-15.6%

-14.7%

bear

18.5%

17.6%

12.5%

14.3%

20.6%

20.6%

-12.0%

-11.0%

neutral
bear
market orders

limit orders

20

As a robustness check, the method is also applied to months and each month is classified as bullish or
bearish as proposed by Fabozzi and Francis (1977). The results are qualitatively similar though herding
values are a bit smaller.
21
Since the number based measure and the volume based measure seem to deliver the same results, from
now the number based herding measure is calculated only.
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Looking first at the UMH, it is clear from the results that there is a higher level of
herding during bearish periods than in bullish periods. This result is robust across both
market and limit orders. Retail investor trades seem to cluster more when the market is
facing a downturn. There are two possible explanations for this observation. First,
investors may trade in the same direction due to panic. In such a case more selling in
general might be observed than buying. Alternatively, the general decline in the market
index could be seen as an opportunity for bargain hunting. Such investors would be
following a contrarian strategy.
The SMH sheds more light on these explanations. It indicates whether the order
imbalance tilts towards optimistic herding or pessimistic herding. The positive sign of
the overall SMH during bearish periods indicates that optimistic trades dominated these
periods. As with the UMH, the results are robust across both order types. It appears
from the results that investors are contrarian.
The last four columns of Table 5.2 provide further insights into the motivation of retail
investor trades by classifying trades into optimistic and pessimistic and presenting
average and median SMH values for the different subsamples. In all three subsamples –
all order types, market orders, and limit orders – pessimistic herding is higher in bull
markets than in bear markets, and optimistic herding is higher in bear markets than in
bull markets. This result holds for the mean as well as the median herding measure. For
limit orders, this result is expected since limit orders are executed automatically. It is
interesting to observe, however, that this result holds for market orders as well. Retail
investors indeed act as contrarians and exhibit a higher tendency towards positive
herding in bear markets and negative herding in bull markets.

5.3.4. Review of Results
A high level of market-wide herding in stock market index certificates can be observed.
In order to assess the influence of optimistic vs. pessimistic investors, market vs. limit
orders, and bull vs. bear markets on herding levels, the sample is divided in different
subsamples. The main results are that herding levels are substantially higher in bear
than in bull markets, and that a contrarian behavior leads to generally higher herding
levels.

5.4. Market-wide herding on a broker level
The preceding section has shown that substantial market-wide herding can be found in
instruments on a market index. It is worthwhile to break the order flow data further
down on a broker level to investigate whether herding is a market-wide phenomenon
that is only observable on an aggregate basis or a phenomenon that can be observed for
order flows coming from different brokers. In addition, it can be analyzed whether the
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flows of different types of brokers are correlated or whether there are substantial
differences. These differences could be due to different clienteles that show distinct
trading patterns.

5.4.1. Data
Sample data with a broker ID for each order reaches from January 2007 to December
2008. This sub sample includes the 22 brokers with the largest order volume in the
sample period. The goal is to calculate a herding measure for each single broker. Table
5.3 shows descriptive statistics of daily herding measures for each of the 22 brokers in
the sample.
Table 5.3: Daily herding measures on a broker level
This table presents means and medians for the unsigned and signed market herding measures separately
for each of the 22 brokers in the sample. Additionally, the far right column reports the number of orders
submitted by each broker in the sample.
UMH
Broker Type Broker #
online

private

public

prop

mean

SMH

median

mean

median

min

max

# of orders

1

4.6%

3.6%

-0.6%

-0.5%

-20.3%

16.7%

228,620

2

4.8%

4.0%

-0.7%

-0.2%

-27.7%

17.0%

277,554

3

5.8%

4.7%

-0.6%

-0.4%

-26.8%

27.7%

643,622

4

6.0%

4.9%

-1.4%

-1.3%

-25.5%

19.4%

122,872

5

7.3%

6.3%

-0.1%

0.1%

-29.5%

20.1%

236,972

6

6.1%

5.0%

0.6%

1.0%

-22.7%

24.7%

149,124

7

6.8%

5.9%

-0.2%

0.1%

-30.8%

27.5%

167,570

8

7.3%

6.2%

0.1%

0.8%

-33.8%

25.1%

224,666

9

7.4%

6.3%

-0.4%

0.2%

-29.4%

24.1%

160,230

10

7.9%

6.9%

0.3%

0.5%

-35.4%

26.2%

238,776

11

9.2%

8.1%

0.0%

0.0%

-32.1%

27.5%

168,704

12

7.9%

7.3%

1.3%

1.8%

-33.5%

24.6%

315,860

13

8.0%

7.1%

1.2%

1.4%

-34.6%

25.7%

166,446

14

8.5%

7.4%

1.6%

2.3%

-28.2%

28.3%

168,260

15

9.3%

8.0%

0.1%

0.6%

-32.1%

32.6%

67,812

16

9.4%

8.3%

1.2%

2.2%

-35.6%

30.2%

312,446

17

9.4%

8.2%

1.0%

1.6%

-40.3%

31.5%

59,624

18

10.0%

8.7%

-0.3%

0.0%

-32.5%

35.2%

21,492

19

10.6%

9.8%

1.5%

1.6%

-31.5%

33.2%

133,772

20

6.6%

5.3%

-0.4%

0.0%

-31.4%

26.2%

77,656

21

7.8%

6.4%

-1.5%

-1.2%

-38.9%

23.3%

28,368

22

10.0%

7.7%

0.2%

0.0%

-41.9%

50.0%

23,062
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Substantial herding can be detected in the order flows of all brokers though herding
levels differ across brokers. Average UMH values vary from 4.6% to 10.6%. Herding
levels have almost the same range as the values in section 5.3 where aggregate order
flow is investigated. The total number of executed orders for each broker is reported to
acknowledge the fact that there are brokers of different size in our sample.

5.4.2. Results
All brokers in the sub sample are sorted into 4 categories: The first category (“online”)
comprises all brokers that only have online customers and no branches. The second
category (“private”) includes all private banks with branches. It is unknown, however,
how much of their order flow is generated online or in branches but it is assumed that
the majority of the flow is generated through investment advisors offline. The third
category (“public”) comprises banks that belong to the cooperative and the savings bank
sector. These institutions have a long tradition in Germany and are assumed to have
rather conservative clients. The last category (“prop”) comprises brokers with mostly
semi-professional, proprietary traders. These traders are considered to be retail clients
although their trading behavior differs from those of the other investors in that they also
use arbitrage trading strategies.
Table 5.4 presents descriptive statistics for order flows categorized by broker type. The
level of herding, expressed by the UMH mean and median, differs across broker types.
The level of herding is lowest for proprietary brokers and highest for public brokers.
Prop traders obviously follow very different trading strategies than individual investors
– such as the customers of a savings bank – leading to a much lower herding measure.
Table 5.4: Daily herding measures by broker type
This table presents means and medians for the unsigned and signed market herding measures separately
for the four broker types. Measures are calculated using the number of executed orders.
UMH
Broker Type

Mean

SMH
Median

Mean

Median

Min

Max

online

5.4%

4.3%

-0.6%

-0.1%

-23.6%

17.9%

private

6.8%

5.7%

0.2%

0.4%

-29.8%

25.5%

public

8.3%

7.3%

1.2%

1.8%

-32.4%

26.2%

prop

5.2%

4.5%

-0.3%

0.4%

-23.6%

20.4%

To test the correlation of herding measures across brokers the pairwise correlations
between the daily SMH time series of all brokers are calculated and presented as a heat
map of correlation coefficients in Figure 5.1. All correlations are statistically significant
at the 5% level. UMH correlation is not presented because the UMH time series of two
different brokers could have a high correlation although clients trade in different
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directions. Using the SMH allows for an examination of the degree to which investors
from different brokers move together in and out of the market at the same time.
In the heat map, all brokers are sorted into the four categories and within each category
according to their time series’ average correlation coefficient with those of the other
brokers.
public
private
online
prop
Broker # 16 12 14 13 17 15 19 18 8 11 9 10 7 6 5 3 2 1 4 21 22 20
0.9 0.9 0.9 0.8 0.8 0.8 0.8 0.9 0.9 0.9 0.9 0.9 0.8 0.9 0.9 0.7 0.6 0.5 0.4 0.2 0.2
16
12 0.9

0.9 0.9 0.8 0.8 0.8 0.7 0.9 0.9 0.8 0.9 0.9 0.8 0.9 0.8 0.7 0.6 0.4 0.4 0.2 0.2

public

14 0.9 0.9

0.9 0.8 0.8 0.8 0.7 0.9 0.9 0.9 0.9 0.8 0.8 0.9 0.8 0.7 0.6 0.4 0.4 0.2 0.2

13 0.9 0.9 0.9

0.8 0.8 0.8 0.8 0.9 0.9 0.8 0.9 0.8 0.7 0.8 0.8 0.7 0.6 0.4 0.4 0.2 0.2

17 0.8 0.8 0.8 0.8

0.7 0.7 0.6 0.8 0.8 0.8 0.8 0.8 0.7 0.8 0.8 0.7 0.7 0.5 0.4 0.2 0.2

15 0.8 0.8 0.8 0.8 0.7

0.7 0.7 0.8 0.8 0.7 0.7 0.8 0.7 0.7 0.7 0.6 0.5 0.3 0.3 0.2 0.2

19 0.8 0.8 0.8 0.8 0.7 0.7

0.6 0.7 0.8 0.7 0.7 0.7 0.6 0.7 0.7 0.6 0.5 0.3 0.3 0.2 0.1

18 0.8 0.7 0.7 0.8 0.6 0.7 0.6

0.7 0.7 0.7 0.7 0.7 0.6 0.7 0.7 0.6 0.5 0.4 0.4 0.2 0.1

8 0.9 0.9 0.9 0.9 0.8 0.8 0.7 0.7

0.9 0.9 0.9 0.9 0.8 0.9 0.9 0.8 0.7 0.5 0.5 0.2 0.2

private

11 0.9 0.9 0.9 0.9 0.8 0.8 0.8 0.7 0.9

0.9 0.9 0.9 0.8 0.9 0.8 0.7 0.6 0.5 0.4 0.2 0.2

9 0.9 0.8 0.9 0.8 0.8 0.7 0.7 0.7 0.9 0.9

0.8 0.8 0.7 0.9 0.9 0.8 0.7 0.5 0.5 0.2 0.2

10 0.9 0.9 0.9 0.9 0.8 0.7 0.7 0.7 0.9 0.9 0.8

0.8 0.7 0.8 0.8 0.7 0.6 0.5 0.4 0.2 0.2

7 0.9 0.9 0.8 0.8 0.8 0.8 0.7 0.7 0.9 0.9 0.8 0.8

0.7 0.8 0.8 0.7 0.6 0.5 0.5 0.2 0.2

6 0.8 0.8 0.8 0.7 0.7 0.7 0.6 0.6 0.8 0.8 0.7 0.7 0.7

0.8 0.7 0.7 0.6 0.5 0.4 0.2 0.2

online

5 0.9 0.9 0.9 0.8 0.8 0.7 0.7 0.7 0.9 0.9 0.9 0.8 0.8 0.8

0.9 0.8 0.8 0.6 0.5 0.3 0.2

3 0.9 0.8 0.8 0.8 0.8 0.7 0.7 0.7 0.9 0.8 0.9 0.8 0.8 0.7 0.9

0.8 0.7 0.6 0.5 0.2 0.2

2 0.7 0.7 0.7 0.7 0.7 0.6 0.6 0.6 0.8 0.7 0.8 0.7 0.7 0.7 0.8 0.8

0.8 0.6 0.6 0.2 0.3

1 0.6 0.6 0.6 0.6 0.7 0.5 0.5 0.5 0.7 0.6 0.7 0.6 0.6 0.6 0.8 0.7 0.8

0.6 0.5 0.2 0.2

prop

4 0.5 0.4 0.4 0.4 0.5 0.3 0.3 0.4 0.5 0.5 0.5 0.5 0.5 0.5 0.6 0.6 0.6 0.6

0.5 0.2 0.2

21 0.4 0.4 0.4 0.4 0.4 0.3 0.3 0.4 0.5 0.4 0.5 0.4 0.5 0.4 0.5 0.5 0.6 0.5 0.5

0.2 0.2

22 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.3 0.2 0.2 0.2 0.2 0.2

0.1

20 0.2 0.2 0.2 0.2 0.2 0.2 0.1 0.1 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.3 0.2 0.2 0.2 0.1

Figure 5.1: Pairwise broker correlation
This figure shows a heat map of pairwise broker correlation coefficients. Within each broker category,
single brokers are sorted by average correlation, i.e. the brokers with the highest average correlation are
ranked first.

It is important to note that the level of correlation is generally very high: The average of
the pairwise correlation coefficients across all broker types is 0.64. This value is mostly
driven by the high correlation between public and private brokers’ order flow. Order
flow of proprietary brokers generally does not correlate well with the flow of any of the
other broker types.
Panel A of Table 5.5 shows the average pairwise correlation between signed market
herding measure time series within and between each broker type. All single
correlations are statistically different from zero on a 1% significance level (using
t-tests).
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Table 5.5: Correlation between broker types
This table presents correlation coefficients between SMH time series of the four broker types.
Correlations are performed on the signed market herding measures using the number of executed orders.
Panel A reports average pairwise correlation coefficients within and between brokers of different types.
Panel B reports correlation coefficients between aggregate signed market herding measures of different
broker types. All correlation coefficients are statistically significant on a 1% level.

Panel A: Average pairwise broker correlation
Broker type

public

private

online

prop

public

0.80

private

0.80

0.82

online

0.64

0.71

0.73

prop

0.25

0.28

0.32

0.16

online

prop

Panel B: Correlation between aggregated broker types
Broker type

public

private

public

1.00

private

0.96

1.00

online

0.84

0.89

1.00

prop

0.32

0.37

0.44

1.00

For public, private, and online brokers, the average pairwise correlation of signed
herding measures within their broker type is higher than the average pairwise
correlation of herding measures of different broker types. For proprietary brokers the
opposite pattern can be observed: Their herding measure time series have a higher
correlation with those of other brokers than among themselves but are well below the
measures from the other broker types. This supports the assumption that semiprofessional traders follow different trading strategies that are not even correlated
within their own category.
When aggregating all order flow within each broker type, time series correlation
coefficients of signed herding measures for each broker type can be calculated. Panel B
of Table 5.5 shows the results. Again, SMH time series of private and public brokers
show the highest correlation whereas the time series of the proprietary brokers exhibit a
substantially lower correlation with the other broker types’ time series.

5.4.3. Review of Results
This section analyzes the flows of 22 different brokers in four distinct categories and
calculated the herding measures for each of them. Across all brokers a substantial
herding of retail investors can be observed though differing in the level of herding: The
level is highest among public brokers with a rather conservative clientele and lowest
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among online brokers that neither give investment advice nor operate any branches.
Proprietary brokers do not seem to fit into the same schema as they exhibit very
different trading patterns.

5.5. Stock-Level Herding
The preceding sections have shown that there is a substantial level of retail investor
herding on the market as well as the broker level. Subject of investigation are all orders
in DAX products. Trading on a well-known financial instrument like the DAX may lead
to a higher degree of herding because of its higher visibility and stronger correlated
reactions by retail investors.
To analyze whether there is retail investor herding in single stock underlyings, herding
measures introduced in section 5.3.2 are calculated using all orders in securitized
derivatives based on a sample of 244 stocks. Results are presented for different order
types, different product types, and different market capitalizations of the underlying
companies. Finally, findings of this section are compared with the findings of
Lakonishok, Shleifer and Vishny (1992) and other related work.

5.5.1. Data
In the data base, 37% of all customer orders comprise securitized derivatives with
individual stocks as underlying value (see Table 4.1 on page 77, Panel C). The
underlying stocks include companies from different European countries, from the U.S
and Asian countries. Table 5.6 presents summary statistics by the underlying
companies’ geographical origin. Both executed and submitted orders are considered.
The sample includes orders in the period of January 2004 to December 2008.
The calculation of an order flow herding measure demands that there is a minimum
amount of trading in related instruments otherwise such a measure cannot be calculated.
Therefore, all underlying stocks are filtered by employing the following methodology:
All underlyings are sorted according to the average number of executed orders per
month. As a rule of thumb, an average trading amount of 3 executed orders per day is
demanded resulting in 60 executed orders per month (assuming 20 trading days per
month). This filter is applied to all underlyings and results in 244 stocks comprising
about 97% of all executed trades on stocks in the data base.
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Table 5.6: Summary statistics by geographical origin of company
This table presents summary statistics on the number of underlying sample stocks and the number of
executed and submitted orders by geographical origin of the company. German stocks are excluded from
the category Europe. Panel A presents statistics on executed orders. Panel B presents statistics on
submitted orders. Sample period is from January 2004 to December 2008.
Origin of company
Germany

Europe

N. America

Asia

S. America

Total

121

71

42

9

1

244

No. companies

Panel A: Number of executed orders
all trades
all products

6,851,733

778,066

393,834

60,411

4,771

8,088,815

leverage

5,296,019

546,333

374,460

57,969

4,732

6,279,513

investment

1,533,550

230,132

19,332

2,442

39

1,785,495

all products

4,367,022

492,990

233,516

40,187

2,415

5,136,130

leverage

3,040,019

301,483

218,883

38,267

2,380

3,601,032

investment

1,313,821

190,514

14,606

1,920

35

1,520,896

all products

1,956,916

228,205

122,878

15,989

1,798

2,325,786

leverage

1,754,813

191,997

118,890

15,561

1,797

2,083,058

194,881

35,688

3,978

428

1

234,976

all products

527,795

56,871

37,440

4,235

558

626,899

leverage

501,187

52,853

36,687

4,141

555

595,423

24,848

3,930

748

94

3

29,623

12,077,191

1,390,663

757,281

99,268

9,541

14,333,944

leverage

9,958,261

1,072,730

728,041

95,213

9,469

11,863,714

investment

2,082,735

315,285

29,145

4,055

72

2,431,292

market orders

limit orders

investment
stop orders

investment

Panel B: Number of submitted orders
all trades
all products

Market Capitalization
The 244 stocks in the sample are chosen regardless of market capitalization. However,
summary statistics for the stocks by market capitalization are provided to show that the
sample is not tilted towards companies with either high or low market capitalizations.
Barber, Odean and Zhu (2009a) identify small, medium, and large firms using NYSE
breakpoints. NYSE breakpoints are percentiles of all NYSE listed firm’s market
capitalizations and therefore are a good representation of the whole market. Small firms
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are those in their sample below the 30th percentile of NYSE market cap, while large
firms are those above the 70th percentile.
Kaniel, Saar, and Titman (2008) define small, medium, and large capitalization stocks
as stocks below the 40th percentile, between the 40th and the 70th percentiles, and above
the 70th percentile, respectively. In contrast to Barber, Odean, and Zhu, they do not use
an external source such as the NYSE breakpoints to validate their classification.
For the purpose of this study, the market capitalization of each stock in the sample is
calculated at the beginning of each year (2004 to 2009), and the respective averages of
the whole 5-year-period are computed. As breakpoints, 2 billion and 20 billion Euros
are used. Small firms are defined as firms with an average market capitalization below 2
billion Euros, medium firms between 2 billion and 20 billion Euros, and large firms
above 20 billion Euros. Table 5.7 shows median and mean values for market
capitalizations in the respective categories. The classification almost divides the sample
into three equally-sized groups of about 80 stocks.
Table 5.7: Summary statistics on market capitalization
This table presents the breakpoints for the market cap classification as well as the number of companies in
the sample assigned to each group. The two columns on the right report the median and the mean market
capitalization for each group.

Small cap
Medium cap
Large cap

Market capitalization
(in million €)

No. companies in
sample

< 2,000

80

710

827

2,000 - 20,000

81

6,682

8,385

> 20,000

83

50,072

66,625

Median

Mean

Market capitalization statistics are used to test whether there are any differences in retail
investor herding between small capitalization stocks and large capitalization stocks.

5.5.2. Herding Measure
The herding measure used in this section is very similar to the one used in Lakonishok,
Shleifer, and Vishny (1992). The LSV measure,
, is defined as
∑

∑ ∑

|

|

where Nt is the number of stocks traded during period t, the buyers ratio

(5.3)
is the

number of net buyers of stock j during period t divided by the number of active traders
of j during t, and the period-average buyers ratio
is the number of net buyers
aggregated across all stocks during period t divided by the number of all active traders
during t.
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Subtracting the term
controls for general shifts into or out of stocks that affects
all stocks alike – for example due to an economic crisis or a stock market boom. The
term
|
| is an adjustment factor that accounts for the statistical fact that
the absolute value of

is greater than zero even if there is no herding at all.
| using the binomial

For this reason, LSV calculate the expected value of |

distribution and subtract this term from the empirically determined term

.

For any stock, however, the adjustment factor declines as the number of active traders
in that stock rises.
The message of the LSV measure can be illustrated by an example as follows: Suppose
there are 100 active traders of a stock during a certain period, and 60 of them are net
buyers, i.e. during the period they buy more than they sell. As a result, the buyers ratio
for this stock is 0.6. For all stocks traded in the same period, there are 1000 traders
dividing into 500 net buyers and 500 net sellers resulting in a period-average buyers
ratio of 0.5. The LSV measure for stock j in period t is then |0.6-0.5|=0.1 which means
that 10% of all traders more than indicated by the period average are on the same side of
the market.
The concept of the LSV measure cannot directly be transferred to this work’s data set
because there is a major difference in the data: Since all orders are anonymous, i.e. it is
not possible to determine whether two orders have originated from the same individual
(though it is possible to determine the broker), a measure that is based on the number of
individuals cannot be computed. Instead, the modified measure is based on the number
of orders rather than the number of investors. Therefore, the measures should be equal if
every order for each instrument is submitted by a different investor. Since this is not
realistic there will be differences between the measures. However, the greater the
dispersion of orders among retail investors, the smaller is the expected difference. In
addition, there is no need for an adjustment factor in our measure due to the different
calculation basis.
The herding measure used in this section is calculated as follows:
∑ ∑

∑
∑

(5.4)

·

(5.5)

∑

where Nt is the number of stocks with at least 5 executed orders in period t. This
restriction on the minimum number of transactions per stock and time period ensures
that a meaningful herding measure can be calculated.

is the ratio of optimistic

investors as defined in section 5.3.2 for stock j and period t.

is the average
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optimistic investor ratio based on all stocks with the minimum number of orders in
period t. It is weighted by the number of orders.

5.5.3. Results
The herding measure
is calculated for different time periods (daily, weekly,
monthly, and quarterly), different product types (all product types, leverage products,
investment products), and different order types (all order types, market orders, limit
orders). Table 5.8 presents the results.
Table 5.8: Modified LSV herding measure by product and order type
This table presents summary statistics for the
measure. Statistics are reported for different time
periods, different product types, and different order types.
all
Daily
Mean
Median
Std. Dev.
Observations
Weekly
Mean
Median
Std. Dev.
Observations
Monthly
Mean
Median
Std. Dev.
Observations
Quarterly
Mean
Median
Std. Dev.
Observations

All Order Types
leverage investment

all

Market Orders
leverage investment

all

Limit Orders
leverage investment

17.0%
14.3%
12.9%
147,591

17.5%
14.8%
13.1%
131,798

17.5%
14.6%
13.7%
56,882

16.9%
14.0%
13.1%
118,854

17.5%
14.7%
13.3%
100,531

17.2%
14.3%
13.6%
51,134

21.8%
19.2%
15.4%
79,978

22.1%
19.6%
15.5%
74,481

20.5%
16.9%
15.6%
13,472

14.1%
11.4%
11.2%
46,377

14.3%
11.7%
11.3%
44,311

17.6%
14.7%
13.9%
24,699

14.5%
11.6%
11.7%
42,809

14.7%
11.8%
11.8%
39,535

17.6%
14.7%
13.9%
22,491

17.9%
15.5%
13.0%
35,938

18.1%
15.7%
13.1%
33,981

19.1%
16.1%
14.6%
10,274

11.0%
8.5%
9.3%
11,796

10.7%
8.3%
9.2%
11,689

16.9%
14.1%
13.5%
8,597

11.6%
8.9%
10.0%
11,599

11.4%
8.7%
10.0%
11,397

17.1%
14.0%
13.7%
8,098

13.6%
11.2%
10.6%
11,190

13.6%
11.3%
10.7%
10,961

17.7%
15.0%
13.6%
5,304

8.7%
6.6%
7.8%
4,023

8.0%
6.0%
7.5%
3,998

15.3%
12.6%
12.4%
3,393

9.3%
7.2%
8.4%
4,000

8.5%
6.2%
8.2%
3,973

15.8%
12.9%
12.9%
3,289

10.3%
8.2%
8.7%
3,954

10.3%
8.2%
8.7%
3,930

16.1%
13.2%
12.8%
2,648

Results include the mean, the median, the standard deviation and the number of
observations. Note that the number of observations is a measure of the number of stockperiod-measures

with at least 5 trades in the respective underlying. For this reason,

numbers of sub categories do not add up to 100%.
The average daily herding measure on a stock level is 17% which means that on average
17% of all trades more than expected are on the same side of the market every day. This
means that there is substantial herding also on the stock level.
Herding measures are lower for longer time periods: For example, the average quarterly
herding measure on a stock level is 8.7% indicating that the longer time period
smoothes the higher daily herding values and brings them back to a more moderate
level. For a given quarter, trades on different days and on different sides are more likely
to cancel each other out so the quarterly herding measure is not affected.
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Herding in investment products is higher than in leverage products: In each quarter, of
all trades in investment products, 15.3% more than the average are on the same side of
the market whereas the value is 8.0% for leverage products. This is a result of different
time horizons of the products: Leverage products are flow products that are bought and
sold within days whereas investment products are instruments that are likely to be held
for months or even years.
Herding measured by limit orders is higher than by market orders. This is due to the
automatic execution of limit orders as a result of market movements. The interesting
part of the comparison, however, is the finding that herding measured by market orders
is substantial and almost as high as the herding measured by limit orders: The average
daily herding measure using market orders is 17.5% and the average quarterly herding
measure equals 8.5%. These results prove that the herding found in the data is not only
an artifact of the execution of stale limit orders.
Table 5.9 provides another view on the data. As a robustness check, herding measures
are presented not only by product type but also by size of the underlying company.
Market capitalization of each stock is determined at the beginning of each year (2004 to
2009) and the respective averages of the whole 5-year-period are computed. 2 billion
and 20 billion Euros are used as the size breakpoints as explained in section 5.5.1.
Table 5.9: Modified LSV herding measure by firm size
This table presents summary statistics for the
measure. Statistics are reported for different time
periods, different product types, and different firm sizes.
all
Daily
Mean
Median
Std. Dev.
Observations
Weekly
Mean
Median
Std. Dev.
Observations
Monthly
Mean
Median
Std. Dev.
Observations
Quarterly
Mean
Median
Std. Dev.
Observations

Small Caps
leverage investment

all

Mid Caps
leverage investment

all

Large Caps
leverage investment

18.2%
15.6%
13.4%
37,597

18.8%
16.2%
13.6%
34,376

21.8%
19.9%
14.9%
6,389

16.4%
13.8%
12.4%
54,938

16.9%
14.3%
12.6%
51,078

18.5%
16.0%
13.7%
22,673

16.9%
13.9%
13.1%
55,056

17.3%
14.3%
13.3%
46,344

15.7%
12.6%
13.0%
27,820

14.7%
12.1%
11.4%
12,348

15.0%
12.6%
11.6%
11,922

20.1%
17.7%
14.5%
5,447

13.2%
10.8%
10.6%
15,949

13.4%
11.0%
10.6%
15,555

17.6%
15.0%
13.7%
9,371

14.4%
11.5%
11.5%
18,080

14.6%
11.7%
11.7%
16,834

16.3%
13.1%
13.5%
9,881

11.1%
8.7%
9.5%
3,161

11.2%
8.9%
9.5%
3,123

18.8%
15.8%
14.0%
2,354

10.3%
7.9%
9.0%
4,040

10.0%
7.7%
8.8%
4,023

16.3%
13.7%
13.0%
2,951

11.4%
9.0%
9.4%
4,595

11.0%
8.7%
9.3%
4,543

16.2%
13.1%
13.3%
3,292

8.8%
6.7%
8.1%
1,088

8.6%
6.6%
8.2%
1,079

16.4%
14.1%
12.4%
945

8.1%
6.1%
7.4%
1,372

7.4%
5.6%
7.1%
1,370

15.0%
12.3%
12.4%
1,124

9.2%
7.0%
8.0%
1,563

8.0%
6.0%
7.2%
1,549

14.7%
11.8%
12.4%
1,324

On a daily basis, average herding in small stocks is higher than average herding in large
stocks. This difference is statistically significant as a t-test on the time series means
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involving all instruments shows (p-value < 0.0001). On a weekly basis, herding in
smaller stocks is still higher than herding in large stocks though not as significant. The
t-test on the weekly time series averages shows that the time series are different with a
p-value of 0.048, i.e. at the 5% level. When looking at longer periods, this difference
reverses: For monthly and quarterly time series, herding is higher in large stocks than in
small stocks. However, differences in the weekly and quarterly time series are not
statistically significant.
On a quarterly level, this result is seemingly contrary to the result reported in
Lakonishok, Shleifer, and Vishny (1992): They find greater herding in small stocks and
argue that intentional herding should indeed be higher in small stocks since
institutionals follow each other’s actions more closely when public information is not
widely available.
On a daily level, however, the significant difference between the small and large cap
time series can be explained similarly: Since small capitalization stocks usually receive
less attention than large capitalization stocks, investors are more likely to react similarly
and simultaneously to the same news and price movements. On a daily basis, this
behavior leads to a higher herding measure. For large capitalization stocks, information
is widely available and opinions of retail investors are more likely to be different and so
trades can cancel each other out.

5.5.4. Review of Results
Overall, the magnitudes of our modified herding measure values are similar to those
reported by other recent studies (see Table 5.10 for a comparison):
Grinblatt, Titman, and Wermers (1995) find an overall fund herding measure of 0.84
meaning that a fund that traded 10 percent of its portfolio each quarter bought stocks
that had about 8.4 percent excessive buying by all funds, or sold stocks that had about
8.4 percent excessive selling. This is equivalent to the value found in quarterly herding
(8.7%) in the Euwax data set.
Dorn, Huberman, and Sengmueller (2008) calculate LSV measures for a German
discount broker, and their monthly results come very close to those for the discount
broker in the study by Barber, Odean, and Zhu (2009b). They do find, however, that
herding in the more liquid stocks of the DAX30 is almost twice as high as herding in all
stocks taken together – a finding that cannot be confirmed. However, the herding levels
found for large cap stocks in the Euwax data set closely match the findings of Dorn,
Huberman, and Sengmueller: Both studies show an 11.4% herding level. This close
match confirms the findings for large cap stocks.
Barber, Odean and Zhu (2009b) calculate monthly LSV herding measures and find that
they are reliably positive for both their datasets (a retail broker and a discount broker).
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They find that herding measure values at the retail brokerage are more than double of
those at the discount brokerage. Their values (6.8% and 12.8%, respectively) are similar
to the monthly Euwax herding measure (11%) considering that the data incorporates
discount brokers as well as traditional retail brokerages. Barber, Odean and Zhu also
differentiate firms of different sizes but do not find a consistent difference in the results
when distinguishing firms by market capitalization. This finding is in line with the
monthly results reported in this section.
Table 5.10: Comparison of LSV measures across studies
In this table, average monthly herding measures found in different studies are compared to each other.
The bottom line reports average monthly UHM values based on the number of executed orders.

Study
Barber, Odean, and Zhu (2009b)
Discount Broker
Retail Broker

all sizes

small

medium

large

6.8%
12.8%

7.6%
11.4%

6.6%
13.1%

5.4%
12.5%

Dorn, Huberman, and Sengmueller (2008)
DAX30 stocks

6.4%

n/a

n/a

n/a
11.4%

Grinblatt, Titman, and Wermers (1995)

8.4%

n/a

n/a

n/a

this study

11.0%

11.1%

10.3%

11.4%

To sum up, herding in single underlyings by retail investors is high and substantial. In
addition, although there are methodological differences, the herding measure developed
in this section is comparable to other herding measures in the relevant literature, and
they are similar in value. The magnitude of herding does not change when controlling
for firm size (market capitalization). Herding is higher for limit orders than for market
orders due to the automatic execution of limit orders.

5.6. Conclusion
In this chapter, retail investor herding in securitized derivatives is examined using order
data from the European Warrant Exchange. A herding measure is constructed that
allows for the detection of retail investor herding on a market-wide level as well as a
stock-level.
The results show that substantial retail investor herding exists on the market level and
that the degree of herding is closely related to the use of limit and market orders as well
as overall market conditions. Bearish periods are characterized by an overall injection of
capital by retail investors. The level of herding in bear markets is generally higher than
in bull markets. This result holds for limit as well as market orders. Pessimistic herding
is higher in bull markets than in bear markets, and optimistic herding is higher in bear
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markets than in bull markets. Together, these results support the hypothesis that retail
investors are contrarian. Mechanical execution of limit orders alone cannot explain this
phenomenon.
By measuring herding on a broker level, the question is answered whether herding is an
aggregate phenomenon or whether it can be observed for the order flows of individual
brokers. Substantial herding of retail investors is observed across all brokers: The level
is highest among public brokers with a rather conservative clientele and lowest among
online brokers that neither give investment advice nor operate any branches. Proprietary
brokers do not seem to fit into the same schema as they exhibit very different trading
patterns.
In addition to market-wide herding, the results show that retail investors also herd into
and out of single underlyings: Excess herding is substantial and significant, meaning
that retail investors choose the same underlying securities with a probability that is
higher than expected by chance. This result is neither fully explained by the use of limit
orders, nor by retail investors’ focus on small firms. On a daily basis, however, herding
is higher in small firms than in large firms meaning that small firms tend get the
attention of retail investors at the same time.
To put these results into the larger context of retail investor behavior and price
formation, it has to be concluded that retail investor trading is highly correlated and as a
whole, retail investors may have the potential to actually affect stock prices.

The Predictive Power of Retail Investor Sentiment

123

6 The Predictive Power of
Retail Investor Sentiment
“In general, the contrarian behavior we document of individual investors on the NYSE
seems important for understanding short-horizon return predictability.”
Kaniel, Saar, and Titman (2008), p. 306
The contrarian behavior of individual investors, as documented in the previous chapter,
may present a link to stock return predictability as suggested by Kaniel, Saar, and
Titman. They find that individual investors are contrarians implicitly providing liquidity
to other market participants and that their behavior may predict returns.
The central goal of this chapter is to determine whether it is possible to successfully use
sentiment data – the Euwax Sentiment measures in particular – in trading strategies to
generate abnormal returns, i.e. returns in excess of known risk factors and above market
returns. In this chapter, a trading strategy involving single underlyings is being
developed that consists of buying high sentiment stocks and selling low sentiment
stocks resulting in a zero-cost portfolio. In the course of the chapter, the influence of
product and order types is being discussed as well as the difference between using
executed and submitted orders.
The results show that the returns of the zero-cost portfolio are significantly positive
even after controlling for market returns and momentum. Controlling for firm size
reveals that sentiment only predicts returns for small firms whereas there is no
predictive quality for medium and large capitalization firms. This is in line with
theoretical results of small investor research.
The chapter is structured as follows: In section 0, related work with respect to order
imbalance measures is presented and discussed in detail. Section 6.2 provides an
overview of the data set. Section 6.3 is the main section of this chapter. It contains the
description of the methodology, the results as well as the description of control
variables. Section 6.4 adds some robustness checks. Section 6.5 concludes this chapter.
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6.1. Related Work
There is a growing body of literature that examines the dynamic relationship between
investor sentiment and contemporaneous as well as future stock returns. These studies
typically use indirect sentiment measures such as order flow data, put/call ratios, and
buy/sell imbalances, and relate them to stock returns.
Jackson (2003) analyzes a unique dataset of individual investor trades in Australia and
examines whether the investment decisions of individual investors aggregate in a
systematic way. He finds that the aggregation assumption holds across 56 unrelated
brokerage firms, across sub-periods, and across subsets of stocks. Regarding the
relationship between individual investor trading and future stock returns, he finds that
net trades (buy minus sell volume) of full-service brokerage clients positively and
significantly forecast future short-term market and cross-sectional returns. Similar to
Jackson (2003), Barber, Odean, and Zhu (2009b) show that the trading of individual
investors at a large discount brokerage and a large retail brokerage is systematically
correlated. Using another brokerage data set from the U.S., Kumar and Lee (2006) show
that retail investor trades are systematically correlated and retail investors buy and sell
stocks in concert. Moreover, they find that monthly changes in retail sentiment induce
co-movement in stock returns.
Baker and Stein (2004) use trading volume as a measure of liquidity which can also be
interpreted as a measure of investor sentiment. They identify short-selling as a problem
and assume that investors generally only invest when they are optimistic and thereby
assume that investors reduce liquidity as they become more pessimistic. In their data,
they find a negative relation between annual turnover and subsequent annual stock
returns suggesting that irrational investors overreact and cause stock prices to revert.
Pan and Poteshman (2006) analyze option trading data and construct open-buy put-call
ratios from option volume initiated by buyers to open new positions. When comparing
the predictability of the other option volume types (open sell, close buy, close sell) they
find that they do predict the correct direction but to a much lower extent than the open
buy volume. Using this non-publicly available put-call ratio and publicly observable
option volume, Pan and Poteshman examine the predictability of option trading for
future stock price movements. They find that the open-buy put-call ratio positively
predicts future stock prices on a weekly horizon.
Kaniel, Saar, and Titman (2008) examine individual investors’ trading behavior using a
unique dataset from the New York Stock Exchange that contains the aggregate volume
of executed buy and sell orders of individual investors over four years. Very similar to
the methodology applied in this work, they define individual investors’ net trading as
the difference between buy and sell volume. They find that the trades of individual
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investors can indeed be used to systematically forecast stock returns and show that
statistically significant positive payoffs can be realized using this information.
In a similar study, Barber, Odean, and Zhu (2009a) use TAQ/ISSM data to investigate
the effect of order imbalance of individual investors. Like several previous studies, they
document strong herding by individual investors. Over shorter periods, they find that
stocks heavily bought by individual investors in one week earn strong returns in the
subsequent week, while stocks heavily sold in one week perform poorly in the
subsequent week. Over longer periods, however, Barber, Odean, and Zhu document that
stocks with small-trade selling pressures outperform those with buying pressures,
indicating a negative relationship between investor sentiment and stock returns at longer
horizons.
Using the same data set, Hvidkjaer (2008) shows that stocks with intense sell-initiated
small-trade volume, measured over several months, outperform stocks with intense buyinitiated small-trade volume. His findings support the role of retail investor sentiment as
a contrary indicator for long-term stock price movements and positively relate to those
of Barber, Odean, and Zhu. In a paper similar in spirit, Frazzini and Lamont (2008)
study the effect of mutual fund flows on stock returns and find that stocks favored by
retail investors tend to underperform in subsequent years.
Using the dataset of a large German discount broker, Dorn, Huberman, and Sengmueller
(2008) show that retail investors tend to be on the same side of the market in a given
stock. They argue that aggregated market orders lead returns whereas aggregated limit
orders appear to be negative feedback trades. They point out that the distinction
between market and limit orders is crucial for understanding the relation between
individual investor trading and returns.
Schmitz, Glaser, and Weber (2007) identify warrant trades as an effective measure of
sentiment. Their data is collected from a German discount broker and includes the
portfolio data of a large number of investors. They calculate a simple sentiment measure
using investors’ warrants holdings. Investors that only hold calls (puts) are classified as
optimistic (pessimistic), and investors that hold both are classified as neutral.
Discussion
The evidence on the relationship between individual investor trading seems to differ
depending on three dimensions that distinguish the different studies: (i) the horizon of
the relationship, (ii) the underlying data set (trades, transactions, instruments, etc.), and
(iii) the method of aggregating the data.
Concerning the horizon, all of the studies above document a positive relation of
individual investor sentiment and future stock returns on a daily or weekly level,
whereas many of the studies find a negative relation on much longer horizons, i.e.
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months and years. Of course, the availability of high-frequency data has improved
considerably in the last couple of years so that short-horizon relations were difficult to
detect in earlier studies.
The underlying data sets also differ in a couple of important dimensions: First, there are
two major sources for transaction data: exchange data with executed transactions for a
whole market, and brokerage data with trades and portfolio information on an individual
account level. The brokerage data has the advantage that trading decisions can be traced
to individual accounts, and individual portfolios can be reconstructed. The exchange
data usually does not contain information about individuals but contains trades from
multiple brokerages and therefore allows for the distinction of different order flows. A
second dimension is the differentiation of trade direction: Some of the papers rely on
algorithms such as the one proposed by Lee and Ready (1991) to infer buyer- or sellerinitiated trades, others use unique data sets where the trade direction is part of the data.
The third dimension is the problem of disentanglement. Disentanglement is the act of
separating institutional transactions from retail investor transactions. Some studies use
retail brokerage data sets where all trades are supposed to come from retail investors,
others rely on the small-trade volume or low-market-capitalization stocks. Fourth, the
country of origin may be of importance since investors in Taiwan may act differently
from those in the U.S. or in Germany. A fifth aspect concerns whether it is possible for
retail investors to express negative sentiment. A retail investor has two practical
alternatives in the equity market when trying to express a negative investor sentiment.
They have the option to sell stock currently held, or if they already hold nothing they
can decide not to buy. The option to sell stock short is practically impossible due to
margin requirements, short-sell restrictions, and levels of investor knowledge. This
severely limits a retail investor’s ability to express a negative sentiment, and so an
important part of the whole picture may be missing.
The aggregation methodology across the literature has similarities but differs in certain
aspects: Studies based on market data usually use order flow data of executed
transactions and aggregate them creating measures of imbalance for buy and sell
decisions, put and call volumes, small trades and large trades, etc. There are many
possible ways to construct a sentiment measure out of order flow data, and many of
them are highly correlated.
In this chapter, most of the weaknesses mentioned above are addressed and avoided by
using a data set that (i) consists of retail investor orders only, (ii) captures orders from
different brokerages, (iii) includes the explicit trade direction due to the market model
and (iv) allows for the expression of negative sentiment through put options.
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6.2. Data and Methodology
In addition to market-wide retail investor sentiment as explored in chapter 4 there is the
possibility to calculate retail investor sentiment individually for single stocks. A large
number of covered warrants and investment certificates is based on single stocks as
underlyings. Sentiment measures for individual stocks have the advantage that they can
be compared across all stocks and thereby sorted by value. At one point in time, it is
possible to sort all stocks according to their sentiment value. This methodology has the
advantage that only extreme values with unambiguous interpretation are used whereas
values with no clear conclusion can be omitted.

6.2.1. Data Set
In the data base, 37% of all customer orders comprise securitized derivatives with
individual stocks as underlying value (see Table 4.1 on page 77, Panel C). The
underlying stocks comprise global companies with a focus on European and especially
German companies. This is not surprising since EUWAX and most of its customers are
based in Germany. Trading intensity and frequency vary across all instruments. While
there are on average more than 10,000 executed orders per month on underlyings such
as Allianz, Daimler, and Deutsche Telekom, there are also stocks that do not receive
such a high attention. There are stocks in the data base with less than 10 executed orders
in related derivative instruments during the whole time period of five years.
The calculation of a sentiment measure based on executed or submitted orders demands
that there is a minimum amount of trading in related instruments otherwise such a
measure cannot be calculated. Therefore, all underlying stocks are filtered by employing
the following methodology22: All underlyings are sorted according to the average
number of executed orders per month. As a rule of thumb, an average trading amount of
3 executed orders per day is demanded resulting in 60 executed orders per month
(assuming 20 trading days per month). This filter is applied to all underlyings and
results in 244 stocks comprising about 97% of all executed trades on stocks in the data
base.
Summary statistics on the number of executed and submitted orders are presented in
Table 5.6 on page 115. About half of the stocks that serve as underlyings for the
derivatives in the sample are German stocks, almost 30% are other European stocks,
and the rest is from North and South America as well as Asia. In addition, the number
of all executed as well as submitted orders by geographical region as well as product
and order type is shown. The overall relation of executed to submitted orders by product
type is shown in Table A.2 in the appendix (Panel C).

22

The same methodology as in section 5.5.1 is used.
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The 244 stocks in the sample are chosen regardless of market capitalization. Summary
statistics by market capitalization are provided in Table 5.7 on page 115 to show that
the sample is not tilted towards companies with either high or low market
capitalizations. As explained in section 5.5.1, small firms are defined as firms with an
average market capitalization below 2 billion Euros, medium firms between 2 billion
and 20 billion Euros, and large firms above 20 billion Euros. The classification divides
the sample in three almost equally-sized groups of about 80 stocks.
Market capitalization statistics are used later in this chapter to test whether there are any
differences between small capitalization stocks and large capitalization stocks in how
retail investor sentiment predicts returns.

6.2.2. Methodology
In this section a portfolio trading strategy23 is implemented that consists of buying
stocks when their respective sentiment measures are high and selling stocks when
sentiment measures are low. The idea behind this portfolio methodology is to focus on
stocks with extreme (positive and negative) sentiment values and disregard the stocks
with sentiment values in between.
Two portfolios are constructed: One portfolio, the high sentiment portfolio, includes the
highest decile of stocks that have the highest sentiment values on the portfolio
formation day. The other portfolio, the low sentiment portfolio, includes the lowest
decile of stocks with the lowest sentiment values. Throughout this section, sentiment
values based on the number of executed orders are used for portfolio construction
(instead of the volume based sentiment values) as Chapter 4 has shown that this
measures yields better results. Robustness checks later in this chapter come to the same
conclusion.
The returns of a long-short strategy that involves buying the high sentiment portfolio
and selling the low sentiment portfolio are calculated, henceforth referred to as the highlow sentiment portfolio.
Two periods in general are differentiated: the portfolio formation period and the
portfolio holding period. The portfolio formation period comprises all trading days over
which sentiment values are being aggregated. For example, a portfolio formation period
of one means that sentiment values are calculated based on the last trading day whereas
a portfolio formation period of five means that sentiment values are derived from all
trades in the last five trading days. The portfolio holding period determines how long
the respective portfolios are being held. Returns are then cumulated using the sum of
logarithmic returns of the single holding days after portfolio formation.
23

Jackson (2003), Pan and Poteshman (2006), Kaniel, Saar, and Titman (2008), Dorn, Huberman, and
Sengmueller (2008), and Barber, Odean, and Zhu (2009a) use similar portfolio construction
methodologies.
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Day t=0 is regarded as the last day of the portfolio formation period which means that
t=1 would be the first day of the portfolio holding period. Returns for day 1 would be
calculated using the end-of-day logreturns from day 0 to day 1. To illustrate this,
consider the following example for a one-day portfolio formation and a one-day
portfolio holding period: On Monday (t=0), shortly before the end of the trading day,
sentiment values for all stocks are being calculated and sorted, and high and low
sentiment portfolios are being formed. All stocks are being bought just before the end of
trading and held for exactly one day and finally sold on Tuesday (t=1) right before the
end of trading. The return of the portfolio is expressed as the average of all logreturns
calculated using the respective closing prices of all stocks in the portfolio.
Not all stocks in the sample are being considered for inclusion in the portfolios. To be
eligible for the portfolio formation procedure, underlying instruments must have at least
3 executed orders per day during the portfolio formation period on average. This
prevents stocks from getting high sentiment ranks when there are only 1 or 2 orders per
day.24

6.3. Results
This section presents the results of the cross-sectional portfolio formation analysis.
Sentiment deciles are used to capture only extreme sentiment. Sentiment measures
based on the number of executed orders are chosen to be invariant against extremely
high volumes, outliers, and potential errors in the data set. In addition, the following
sections use a one-day portfolio formation period (i.e. portfolios are formed on day t=0).
Variations of this are considered in additional robustness checks.
Other parameters, such as product type or order type, are varied throughout the rest of
this section to investigate the different effects of these parameters on the results.
Additional robustness checks are reported in section 6.4.

6.3.1. Pre- and Post Portfolio Formation Returns
Product type
Table 6.1 shows daily average portfolio logreturns for five days before and five days
after the portfolio formation day. As explained in the previous section, portfolios are
formed according to sentiment values in t=0, and their returns are observed for days
t=-5 to t=5. Returns are expressed in basis points.

24

Additional robustness checks (not reported) have shown that setting the minimum number of orders to
5 or 10 does not change the portfolio formation significantly.
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Table 6.1: Return statistics by product type
This table presents average portfolio logreturns for a 5-day pre- and post-portfolio-formation period. The
low sentiment portfolio includes stocks with the lowest sentiment values on the day of portfolio formation
(t=0). The high sentiment portfolio includes stocks with the highest sentiment on the day of portfolio
formation. The high-low excess portfolio is constructed by selling the low sentiment portfolio and buying
the high sentiment portfolio. The p-values in brackets show the statistical significance of a t-test that tests
whether the excess returns are different from zero. Results are shown for sentiment based on different
product types.
Return Day
-5

-4

-3

-2

-1

0

1

2

3

4

5

All products
Low Sentiment Portfolio Returns

12.4

14.6

14.0

19.1

29.8

56.9

-6.4

-6.3

-2.9

-3.8

-1.7

High Sentiment Portfolio Returns

-17.9

-17.6

-18.8

-25.8

-35.5

-55.9

3.8

2.5

0.9

4.8

1.8

-30.3

-32.2

-32.8

-44.8

-65.4 -112.7

10.2

8.8

3.7

8.7

3.5

High-Low Portfolio Excess Returns
p-value

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.088) (0.001) (0.086)

Leverage products
Low Sentiment Portfolio Returns

11.8

13.6

16.5

21.8

33.6

64.3

-6.8

-6.7

-5.4

-4.8

-1.9

High Sentiment Portfolio Returns

-20.5

-20.5

-22.8

-27.8

-40.1

-63.5

3.2

1.7

-2.2

1.8

2.1

High-Low Portfolio Excess Returns

-32.3

-34.1

-39.3

-49.6

-73.7 -127.8

10.0

8.4

3.2

6.6

4.0

p-value

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.001) (0.125) (0.012) (0.077)

Investment products
Low Sentiment Portfolio Returns

5.5

9.5

8.8

10.0

17.8

23.4

-1.5

-5.1

-1.5

-2.3

-1.4

High Sentiment Portfolio Returns

-8.9

-13.4

-15.3

-12.0

-19.1

-31.6

-1.2

1.7

-1.9

0.3

-3.8

-14.4

-22.9

-24.1

-22.0

-36.9

-55.1

0.3

6.8

-0.3

2.6

-2.5

High-Low Portfolio Excess Returns
p-value

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.463) (0.039) (0.466) (0.253) (0.231)

Using all product types, i.e. sentiment values based on leverage and investment
products, average low sentiment portfolio returns are negative for days t=1 to t=5
whereas high sentiment portfolio returns are positive for the first five trading days after
portfolio formation. Taken together, the high-low sentiment portfolio excess returns that
are the result of a long-short strategy using these two portfolios yield statistically and
economically significantly positive returns for at least the first five trading days after
portfolio formation. p-values indicate that the excess returns are significantly different
from zero.
Product types are differentiated in order to determine the driver behind the positive
excess returns. Using leverage products only, the same pattern can be observed: There
are highly negative low sentiment portfolio returns and highly positive high sentiment
portfolio returns that yield significantly positive excess returns. Sentiment portfolios
based on investment products do not exhibit these return patterns. This indicates that
any predictive power that may be a result of the sentiment portfolio construction can be
attributed to retail orders in leverage products.
The results suggest that on the day of portfolio formation (t=0) investors on average act
as contrarian traders being pessimistic about stocks that experience high returns and

The Predictive Power of Retail Investor Sentiment

131

being optimistic about stocks that experience low returns. In the case of the leverage
products sentiment portfolios, stocks in the low sentiment portfolio experience an
average daily return of 64.3 basis points whereas stocks in the high sentiment portfolio
yield a loss of about the same amount (-63.5 basis points).
One possible explanation for these results is the automatic execution of stale limit
orders that are in the order book for a long period and wait for their execution. Finally,
when the market experiences a down- or an upturn, they are being executed
automatically without any action by investors. It is therefore questionable to regard any
extremely positive or negative sentiment values as real and especially timely investor
sentiment (Linnainmaa (2009) elaborates on this).
Dorn, Huberman, and Sengmueller (2008) caution that “a failure to separate market and
limit orders would lead us to classify retail investors as contrarian” and that “the
mechanical correlation between limit order execution and returns masks the previously
undocumented relations between speculative trading and returns” (p. 888). In order to
determine whether the contrarian behavior is purely a result of limit order execution, the
differentiation between order types is investigated in detail, i.e. the differentiation
between limit and market orders.
Order type
For this purpose, each order is classified into two order types: limit orders which are not
executed immediately, and market orders which also comprise marketable limit orders
that are executed within 60 seconds of order submission (see section 4.2). There are two
reasons why this rule is applied to distinguish limit orders from marketable limit orders:
First, the data set does not include intraday reference prices that indicate whether a limit
order was executable at the time of submission. Second, due to the market model at
Boerse Stuttgart, even market orders may not be executed immediately but rather wait
some seconds before the quality liquidity provider starts the execution process.
As in the previous section, results are shown for sentiment portfolios based on the
different product types. Furthermore, Table 6.2 distinguishes between limit and market
orders. Panel A shows the portfolio returns for sentiment portfolios based on sentiment
that is constructed using limit orders only. The influence of limit orders can thereby be
isolated.
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Table 6.2: Return statistics by order and product type
This table presents average portfolio logreturns for a 5-day pre- and post-portfolio-formation period. The
low sentiment portfolio includes stocks with the lowest sentiment values on the day of portfolio formation
(t=0). The high sentiment portfolio includes stocks with the highest sentiment on the day of portfolio
formation. The high-low excess portfolio is constructed by selling the low sentiment portfolio and buying
the high sentiment portfolio. The p-values in brackets show the statistical significance of a t-test that tests
whether the excess returns are different from zero. Panel A presents results based on sentiment created
only from limit orders. Panel B presents results based on sentiment created from market orders.
Return Day

Panel A: Limit Orders
-5

-4

-3

-2

-1

0

1

2

3

4

5

All products
Low Sentiment Portfolio Returns

10.9

14.4

15.2

22.2

162.0

-0.7

-6.4

-4.5

-3.3

-2.8

High Sentiment Portfolio Returns

-13.0

-12.4

-13.2

-19.3

-48.1 -130.1

-6.1

5.7

1.1

-0.8

-1.0

-23.9

-26.8

-28.4

-41.6 -106.5 -292.1

-5.4

12.2

5.6

2.5

1.8

High-Low Portfolio Excess Returns
p-value

58.4

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.053) (0.000) (0.038) (0.218) (0.288)

Leverage products
Low Sentiment Portfolio Returns

10.1

13.3

14.8

22.8

58.7

165.4

-0.6

-8.0

-3.6

-3.9

-2.6

High Sentiment Portfolio Returns

-16.2

-12.5

-13.2

-20.8

-51.0 -131.6

-6.9

4.5

-1.6

-1.7

-0.1

High-Low Portfolio Excess Returns

-26.3

-25.8

-28.0

-43.6 -109.7 -297.0

-6.3

12.5

2.0

2.1

2.4

p-value

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.032) (0.000) (0.279) (0.257) (0.233)

Investment products
Low Sentiment Portfolio Returns

5.5

7.2

12.7

13.8

High Sentiment Portfolio Returns

-12.7

-17.4

-15.8

-18.2

-24.6

-28.5

High-Low Portfolio Excess Returns
p-value

40.4

92.5

2.2

-4.9

-9.5

-5.5

-5.0

-14.3

-38.0 -102.2

-1.5

5.2

-4.7

-5.9

5.6

-28.1

-78.4 -194.7

-3.7

10.1

4.8

-0.5

10.6

(0.004) (0.000) (0.000) (0.000) (0.000) (0.000) (0.294) (0.051) (0.196) (0.459) (0.020)
Return Day

Panel B: Market orders
-5

-4

-3

-2

-1

0

1

2

3

4

5

All products
Low Sentiment Portfolio Returns

8.9

10.4

12.1

15.3

21.4

30.3

-10.4

-5.4

-2.3

-4.3

0.0

High Sentiment Portfolio Returns

-13.5

-13.3

-15.6

-20.7

-26.5

-36.5

4.4

0.5

-0.5

2.2

0.4

-22.4

-23.7

-27.7

-36.0

-47.8

-66.8

14.9

5.9

1.8

6.5

0.3

High-Low Portfolio Excess Returns
p-value

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.017) (0.255) (0.012) (0.450)

Leverage products
Low Sentiment Portfolio Returns

9.6

9.6

11.0

19.3

24.0

36.2

-11.0

-6.9

-3.6

-6.2

-1.8

High Sentiment Portfolio Returns

-14.0

-14.9

-18.7

-22.4

-30.1

-45.0

7.8

-1.6

-3.7

1.1

0.9

High-Low Portfolio Excess Returns

-23.5

-24.5

-29.7

-41.8

-54.1

-81.2

18.8

5.3

-0.1

7.3

2.7

p-value

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.032) (0.491) (0.006) (0.188)

Investment products
Low Sentiment Portfolio Returns

7.1

9.8

6.1

8.7

15.8

16.0

0.7

-5.5

0.5

-0.9

-1.1

High Sentiment Portfolio Returns

-11.6

-11.9

-13.7

-15.8

-17.0

-15.7

-0.8

5.0

-2.6

2.3

-1.9

-18.6

-21.7

-19.8

-24.5

-32.8

-31.8

-1.5

10.5

-3.1

3.2

-0.8

High-Low Portfolio Excess Returns
p-value

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.344) (0.002) (0.174) (0.195) (0.410)

The portfolio construction based on limit orders shows the expected results: On the day
of portfolio formation, returns are positive for low sentiment stocks and negative for
high sentiment stocks. Low sentiment stocks experience an average increase of 162
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basis points, i.e. 1.62% on a single day whereas high sentiment stocks decline in value
by 130.1 basis points on average. This phenomenon can be observed across product
types although sentiment portfolios based on investment products alone exhibit lower
absolute return values. This can be explained by the different investment horizons of
leverage and investment products. Obviously, leverage product investors are more
sensitive to contemporary price changes than investors seeking a longer term
investment.
The results in panel A of Table 6.2 show that the influence of limit orders on sentiment
values makes retail investors look as if they indeed behaved as contrarians. However,
the same pattern can be observed in panel B of Table 6.2 when using sentiment
portfolios constructed from market orders: Investors tend to submit market buy orders
when stocks are declining in value on the same day and market sell orders when stock
prices are rising. This behavior is contrarian, and it is not due to the automatic execution
of limit orders.
Although portfolio returns on day t=0 suggest a contrarian behavior for market as well
as limit orders, there are two important differences. Firstly, portfolio returns based on
market order sentiment are not as high as portfolio returns based on limit order
sentiment. Secondly, and more importantly, returns on day t=1 are different. Using limit
orders for sentiment construction, portfolio returns for the low as well as the high
sentiment portfolio are both negative (-0.6 and -6.3 basis points for leverage products),
whereas portfolio returns for the high sentiment portfolio are positive (7.8 bp for
leverage products) when using market orders for sentiment construction.
The long-short strategy based on sentiment constructed from market orders in leverage
products would yield 18.8 basis points on the first day after portfolio formation (t=1)
and 5.3 basis points on the second. Both are statistically significant.
Executed vs. submitted orders
Since the automatic execution of limit orders is an important factor in the sentiment
construction and obviously influences the relation between sentiment and returns, the
difference between submitted orders and executed orders is investigated. Submitted
orders include all orders that have been submitted or changed and resubmitted,
separately by product type but regardless of order type. The distinction between
different order types is not necessary because the number of submitted market orders
should equal the number of executed market orders already analyzed. In addition, the
date of submission should equal the date of execution. Therefore, no distinction
regarding the order type is made. Table 6.3 shows the results by product type.
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Table 6.3: Return statistics for submitted orders
This table presents average portfolio logreturns for a 5-day pre- and post-portfolio-formation period.
Sentiment values used for portfolio formation are based on the number of submitted orders. The p-values
in brackets show the statistical significance of a t-test that tests whether the excess returns are different
from zero. Results are shown for sentiment based on different product types.
Submitted Orders

Return Day
-5

-4

-3

-2

-1

12.5

11.8

15.3

18.4

22.9

0

1

2

3

4

5

-8.3

-4.0

-3.1

-0.9

All products
Low Sentiment Portfolio Returns

9.8

1.7

High Sentiment Portfolio Returns

-19.4

-22.5

-21.5

-26.9

-30.6

-17.7

7.2

3.6

2.3

3.8

0.1

High-Low Portfolio Excess Returns

-32.0

-34.3

-36.9

-45.3

-53.6

-27.5

15.6

7.5

5.4

4.7

-1.6

p-value

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.013) (0.030) (0.254)

Leverage products
Low Sentiment Portfolio Returns

12.1

13.2

14.7

19.3

24.4

10.7

-9.3

-4.4

-5.6

-2.6

-0.1

High Sentiment Portfolio Returns

-21.5

-23.3

-22.5

-28.1

-34.9

-21.8

6.4

3.0

0.8

2.4

1.6

High-Low Portfolio Excess Returns

-33.6

-36.4

-37.3

-47.4

-59.3

-32.4

15.6

7.4

6.4

5.0

1.7

p-value

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.002) (0.006) (0.027) (0.253)

Investment products
Low Sentiment Portfolio Returns

1.7

6.0

9.3

9.7

8.2

0.0

-2.5

-3.7

-2.5

-1.7

-2.9

High Sentiment Portfolio Returns

-12.7

-12.8

-15.0

-13.8

-13.1

-7.7

2.4

2.2

-0.6

-2.4

-4.7

-14.4

-18.8

-24.2

-23.4

-21.4

-7.7

4.9

5.8

1.9

-0.7

-1.8

High-Low Portfolio Excess Returns
p-value

(0.000) (0.000) (0.000) (0.000) (0.000) (0.029) (0.068) (0.050) (0.278) (0.423) (0.295)

The most notable findings are the following: First, contrarian behavior can be observed
on day t=0 with sentiment data on submitted orders as well. Low sentiment portfolios
experience relatively high returns whereas high sentiment portfolios experience
relatively low returns. Second, in contrast to the results based on executed orders,
absolute returns on the day of portfolio formation are lower than on the day before
portfolio formation. Third, and most importantly, on the first four days after portfolio
formation, the high-low sentiment portfolio yields statistically and economically
significantly positive returns: On the first day, it yields 15.6 basis points, followed by
7.5 bp, 5.4 bp, and 4.7 bp. This result is primarily driven by leverage products: Portfolio
returns based on leverage product sentiment are even higher, yielding 15.6 bp, 7.4 bp,
6.4 bp, and 5.0 bp, all statistically significant at the 5% level.
To summarize, a portfolio of stocks that retail investors are optimistic about develops
well during the next four trading days, whereas a portfolio of stocks that retail investors
are pessimistic about experiences negative returns on the days after order submission.

6.3.2. Control Variables
In order to attribute any portfolio returns to retail investor sentiment, known effects
have to be controlled for and thereby excluded. For example, results have to be
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invariant against a generally rising or declining market, known momentum effects, or
effects resulting from different market capitalizations.
Market returns
Market returns are controlled for by subtracting proxies for market returns from the
high-low sentiment portfolio returns. On each trading day in the sample, we calculate
the equal-weighted average return of all stocks in the sample and use this as the first
benchmark. The second benchmark is simply the German market index DAX which
represents the returns of Germany’s blue chip stocks. While this benchmark is suited for
the sample as a control variable due to the high percentage of German stocks, the first
benchmark – the average sample returns – better accommodates the fact that about 50%
of all stocks in the sample are international.
Table 6.4: Controlling for market returns
This table presents portfolio return statistics as a result of controlling for market returns. Statistics are
restricted to sentiment based on leverage products. Panel A shows portfolio returns formed on the basis of
executed market orders in leverage products. Panel B shows portfolio returns formed on the basis of
submitted orders in leverage products. The average sample excess returns are calculated by subtracting
the average sample returns from the high-low portfolio returns. DAX excess returns are calculated
similarly. The p-values in brackets show the statistical significance of a t-test that tests whether the excess
returns are different from zero.
Return Day

Leverage Products
-5

-4

-3

-2

-1

0

1

2

3

4

5

Panel A: Executed market orders
High-low portfolio returns

-23.5

-24.5

-29.7

-41.8

-54.1

-81.2

18.8

5.3

-0.1

7.3

2.7

Average sample excess returns

-23.5

-24.4

-29.7

-41.7

-54.0

-81.3

18.7

5.2

-0.1

7.3

2.6

p-value
DAX excess returns
p-value

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.133) (0.490) (0.065) (0.295)
-25.3

-26.2

-31.4

-43.4

-55.7

-82.9

17.1

3.6

-1.8

5.6

1.0

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.230) (0.357) (0.122) (0.422)

Panel B: Submitted orders
High-low portfolio returns
Average sample excess returns
p-value
DAX excess returns
p-value

-33.6

-36.4

-37.3

-47.4

-59.3

-32.4

15.6

7.4

6.4

5.0

1.7

-33.3

-36.1

-37.0

-47.1

-59.0

-32.3

15.8

7.6

6.6

5.2

1.9

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.044) (0.072) (0.126) (0.340)
-35.1

-37.8

-38.7

-48.8

-60.7

-33.9

14.2

6.0

5.0

3.6

0.2

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.097) (0.139) (0.217) (0.478)

Table 6.4 presents the high-low portfolio returns using sentiment values based on
market orders in leverage products as well as the excess returns after subtracting the
equally-weighted average sample returns (line 2) and the DAX returns (line 3). Results
for executed market as well as submitted orders are shown.
Even after controlling for market returns, there are still statistically and economically
significantly positive excess returns: The portfolio excess returns based on executed
market orders are even higher when subtracting the average sample returns. Controlling
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for DAX returns yields a smaller excess return which is still statistically and
economically significant.
Momentum
Momentum is the empirically observed tendency for rising stock prices to rise further.
Jegadeesh and Titman (1993) find that strategies which buy stocks that have performed
well in the past and sell stocks that have performed poorly in the past generate
significantly positive returns. These results have been well accepted in the finance
literature, although the source of these “momentum profits” is still widely debated. It
can be argued that momentum returns provide strong evidence of market inefficiency,
but also that momentum returns are a compensation for additional risk factors.
Momentum in stock prices is controlled for by constructing momentum portfolios as
follows: On the portfolio formation day (t=0), the decile of stocks with the highest
returns forms the momentum portfolio and their equally-weighted return is then
subtracted from the high-low sentiment portfolio excess returns.
Table 6.5 presents the high-low sentiment portfolio returns, the corresponding
momentum returns, and the momentum excess returns, i.e. the sentiment returns minus
the momentum returns.
Table 6.5: Controlling for momentum
This table presents portfolio return statistics as a result of controlling for momentum returns. Statistics are
restricted to sentiment based on leverage products. Panel A shows portfolio returns formed on the basis of
executed market orders in leverage products. Panel B shows portfolio returns formed on the basis of
submitted orders in leverage products. Momentum returns are the average returns of a momentum
portfolio consisting of the sample stocks with the highest returns on the formation day. Momentum excess
returns are calculated by subtracting the sample momentum returns from the high-low sentiment portfolio
returns. p-values in brackets show the results of a t-test that tests whether excess returns are different
from 0.
Return Day

Leverage Products
-5

-4

-3

-2

-1

0

1

2

3

4

5

-23.5

-24.5

-29.7

-41.8

-54.1

-81.2

18.8

5.3

-0.1

7.3

2.7

-3.3

-4.9

-6.5

-9.4

-4.0

384.7

3.4

-2.6

-4.1

-5.6

-0.5

Panel A: Executed market orders
High-low portfolio returns
Momentum returns

(0.244) (0.175) (0.106) (0.028) (0.228) (0.000) (0.233) (0.294) (0.183) (0.103) (0.458)
Momentum excess returns

-20.2

-19.6

-23.2

-32.3

-50.1 -465.9

15.4

7.9

4.0

13.0

3.2

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.002) (0.069) (0.209) (0.004) (0.266)
Panel B: Submitted orders
High-low portfolio returns
Momentum returns

-33.6

-36.4

-37.3

-47.4

-59.3

-32.4

15.6

7.4

6.4

5.0

1.7

-3.3

-4.9

-6.5

-9.4

-4.0

384.7

3.4

-2.6

-4.1

-5.6

-0.5

(0.244) (0.175) (0.106) (0.028) (0.228) (0.000) (0.233) (0.294) (0.183) (0.103) (0.458)
Momentum excess returns

-30.3

-32.0

-30.4

-37.7

-56.1 -417.7

12.8

10.5

10.6

11.1

3.0

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.005) (0.021) (0.016) (0.010) (0.271)
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As expected, momentum returns on the day of portfolio formation are highly positive
since only the stocks with the highest returns are selected. Following the momentum
hypothesis, these stocks continue to perform well, at least on the following day (though
not statistically significant). After that, the selected stocks perform poorly on average.
Subtracting the momentum portfolio returns from the high-low sentiment portfolio
returns yields the momentum excess returns which are highly positive. On the first day
after portfolio formation (t=1), momentum excess portfolio returns of 15.4 basis points
(12.3 basis points) on the basis of executed market orders (submitted orders) in leverage
products can be observed. This is statistically significant. It can be concluded that
momentum is not a source of excess returns in the high-low sentiment portfolio.
Market Capitalization
The theory suggests that there are higher limits of arbitrage in small market
capitalization stocks than in large capitalization stocks and that the share of retail
investor trading is highest among smaller companies (see Chapter 2). If this is correct,
differences in prediction quality of retail investor sentiment on portfolio returns are
expected depending on market capitalization.
To investigate this issue, all 244 stocks are sorted into three market capitalization
subgroups (small caps, medium caps, and large caps), and the portfolio construction
methodology is applied for each of the three subgroups of stocks. In other words, all
stocks within a market capitalization subgroup are ranked according to sentiment
values, and the ten percent with the highest sentiment values are used to construct the
high sentiment portfolio, and the ten percent with the lowest sentiment values are used
to construct the low sentiment portfolio. The requirement for the minimum average
number of orders per stock and trading day is set to 3 as before. Average low and high
sentiment portfolio returns are calculated and the average high minus low sentiment
portfolio returns for executed market and submitted orders in leverage products are
presented in Table 6.6.
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Table 6.6: Controlling for market capitalization
This table presents portfolio return statistics by market capitalization of the underlying stocks. Statistics
are restricted to sentiment based on leverage products. Panel A presents statistics of high-low sentiment
portfolios formed on the basis of executed market orders in leverage products. Panel B presents statistics
of high-low excess portfolios formed on the basis of submitted orders in leverage products. p-values in
brackets show the results of a t-test that tests whether high-low sentiment excess returns are different
from zero.
Leverage Products

Return Day
-5

-4

-3

-2

-1

0

1

2

3

-27.2

-34.5

-51.0

-62.9

-69.5

41.8

16.3

4

5

Panel A: Executed market orders
Small Caps

-25.0

5.8

3.4

4.6

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.005) (0.171) (0.281) (0.217)
Medium Caps

-18.7

-25.2

-30.7

-40.2

-57.7

-90.6

13.0

3.7

0.6

2.7

5.5

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.005) (0.202) (0.450) (0.279) (0.131)
Large Caps

-19.9

-21.0

-23.2

-32.1

-47.6

-77.9

-0.9

0.2

-4.0

1.3

-3.5

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.418) (0.479) (0.152) (0.371) (0.209)
Panel B: Submitted orders
Small Caps

-40.0

-41.6

-47.7

-55.8

-72.4

-40.9

39.6

19.4

16.1

2.1

6.6

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.339) (0.108)
Medium Caps

-27.6

-35.4

-39.2

-51.8

-68.5

-36.1

8.8

2.5

1.6

4.0

-0.1

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.025) (0.281) (0.356) (0.180) (0.491)
Large Caps

-26.2

-23.3

-24.8

-33.8

-40.8

-28.4

6.5

5.8

0.7

8.2

-4.6

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.028) (0.045) (0.409) (0.004) (0.083)

The results in Table 6.6 confirm the theory for both executed market orders and
submitted orders: High-low sentiment portfolio returns for small capitalization stocks
are larger than those of medium and large capitalization stocks during the first days of
trading after portfolio formation. For executed orders, excess returns are 41.8 basis
points on the first trading day using small cap stocks, in contrast to 13.0 bp and -0.9 bp
for medium and large cap stocks, respectively. Submitted orders show the same pattern:
On the first trading day after portfolio formation, 39.6 basis points could be earned with
the high-low sentiment portfolio for small cap stocks, whereas returns for medium and
large cap stock portfolios are 8.8 bp and 6.5 bp, respectively.
The difference between executed market and submitted orders is very small: Statistical
significance is higher for submitted orders than executed market orders on the second
and third trading day meaning that sentiment measured at the time of order submission
regardless of execution is a better predictor for subsequent stock returns than sentiment
based on the execution of near-market orders.

Large caps

Medium caps

Small caps

All market caps

24.1

2

24.0

3

31.4

4

34.0

5
30.5

6
35.3

7
33.4

8
28.7

9
28.7

10
25.8

11
20.2

13

Holding Day

25.5

12
17.1

14
12.9

15
7.7

16
5.1

17
6.2

18
4.6

19
6.6

20

5.2

21

0.5

22

-0.2

23

-2.6

24

-1.1

25

58.1

63.9

67.3

71.9

82.8

83.2

83.5

80.2

87.4
81.0

73.6

73.9

70.6

65.2

57.9

59.1

65.0

68.3

67.9

72.9

70.0

68.7

73.0

69.8

16.7

17.3

20.0

25.5
21.6

17.9

11.5

4.9

2.8

2.1

0.7

-4.7

-5.0

-11.6

-16.8

-17.1

-14.5

-16.8

-18.9

-15.9

-20.7

-25.6

-31.4

-32.6

-0.7

-4.8

-3.4

-7.0

-15.4

-17.0

-15.7

-17.0

-25.6

-31.0

-23.5

-28.0

-31.6

-31.7

-37.1

-45.2

-50.7

-55.8

-54.2

-61.0

-66.6

-68.9

-70.7

-66.6

15.6

29.5

34.5

36.1

36.3

35.8

37.0

37.3

41.8

43.2

44.7
40.9

37.7

35.2

33.4

32.4

29.7

30.0

27.9

24.2

20.6

18.3

13.9

9.0

59.0

75.1

77.2

83.8

96.1

101.0

106.4

113.9

120.4

117.5

125.4

123.5

122.5

122.5

127.9

127.0

132.2 133.1

131.2

121.9

120.7

114.4

112.3

112.6

11.3

12.9

16.9

16.8

14.3

8.0

6.0

4.8

7.3

10.1

10.9

3.9

1.9

-1.5

-7.0

-6.2

-13.9

-18.0

-22.0

-24.0

-26.5

-31.0

-38.1

-46.1

12.3

13.1

21.3

16.7

10.4

8.4

10.9

12.0

9.0

8.9

3.7

-3.6

-7.4

-8.4

-10.9

-14.1

-14.6

-8.7

-8.9

-11.3

-17.7

-16.3

-18.4

-15.1

(0.028) (0.003) (0.008) (0.000) (0.008) (0.082) (0.144) (0.096) (0.083) (0.168) (0.184) (0.364) (0.375) (0.268) (0.246) (0.188) (0.135) (0.134) (0.259) (0.262) (0.225) (0.122) (0.144) (0.115) (0.165)

6.5

(0.025) (0.028) (0.047) (0.029) (0.042) (0.079) (0.220) (0.292) (0.339) (0.275) (0.213) (0.203) (0.389) (0.448) (0.458) (0.321) (0.346) (0.194) (0.137) (0.099) (0.085) (0.068) (0.043) (0.019) (0.007)

8.8

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

39.6

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.002) (0.002) (0.005) (0.015) (0.036) (0.057) (0.121) (0.227)

23.1

(0.418) (0.453) (0.257) (0.337) (0.222) (0.056) (0.051) (0.076) (0.070) (0.017) (0.009) (0.044) (0.026) (0.018) (0.018) (0.008) (0.002) (0.001) (0.001) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000)

-0.9

(0.005) (0.007) (0.018) (0.016) (0.007) (0.033) (0.086) (0.199) (0.362) (0.422) (0.443) (0.482) (0.384) (0.381) (0.251) (0.177) (0.179) (0.225) (0.200) (0.174) (0.219) (0.162) (0.117) (0.080) (0.079)

13.0

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.002) (0.006) (0.006) (0.003) (0.003) (0.004) (0.003) (0.006) (0.009) (0.006) (0.009)

41.8

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.001) (0.004) (0.005) (0.024) (0.054) (0.125) (0.252) (0.335) (0.306) (0.360) (0.305) (0.349) (0.487) (0.496) (0.428) (0.471)

18.8

Panel B: Submitted orders

Large caps

Medium caps

Small caps

All market caps

Panel A: Executed market orders

1

This table presents return statistics when portfolios are held over a period of up to 25 trading days. Statistics are presented for sentiment based on leverage orders only.
Panel A presents return statistics for portfolios constructed using executed market orders in leverage products. Panel B presents statistics for portfolios constructed using
submitted orders. Each row presents holding returns of a high-low sentiment portfolio formed in t=0. Return statistics are reported separately for all market caps, as well as
broken into three size groups. p-values are reported in brackets. Bold numbers mark the maximum return for each row.

Table 6.7: Portfolio holding return statistics
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6.3.3. Portfolio Holding Returns
Having established that there are significant excess returns for a portfolio strategy that
buys high sentiment stocks and sells low sentiment stocks, this section’s purpose is to
analyze the portfolio holding returns of this strategy over a period of up to 25 trading
days. The average cumulative returns of the high and the low sentiment portfolio as well
as the resulting high-low sentiment portfolio are investigated in detail. Since the last
section has shown that only sentiment based on leverage products has produced
statistically significant results, this section focuses on sentiment based on leverage
products only.
Table 6.7 reports portfolio holding return statistics for portfolios that are formed based
on executed market orders (Panel A) as well as submitted orders (Panel B) over a period
of up to 25 trading days.
The first lines of each Panel (all market caps) report average cumulative returns for the
high-low sentiment portfolio. For executed market orders, the maximum return is
reached on trading day 7 at 35.3 bp. For submitted orders, the maximum return is
44.7 bp on trading day 12. This difference suggests that the use of submitted orders
might identify high potential stocks earlier than the use of executed market orders.
Figure 6.1 depicts the portfolio returns graphically. The high sentiment portfolio yields
higher average returns than the low sentiment portfolio. The difference is the high-low
sentiment portfolio with returns that are significantly different from zero. Table 6.7
provides p-values of the appropriate t-tests. Figure 6.1 also shows that the positive
returns of the high-low sentiment portfolio are primarily caused by the negative returns
of the low sentiment portfolio. Although the high sentiment portfolio yields
significantly positive returns over the first five trading days, the cumulative returns
become negative afterwards. The low sentiment portfolio, on the other hand, starts with
negative returns and stays negative over the whole sample period of 25 trading days.
Together, these two portfolios form the high-low sentiment portfolio and cause its
returns to first increase and then revert to zero.
Figure 6.1 shows clearly that there is a pattern of reverting stock prices after initial
periods of intense buying as predicted by theory and found by many empirical studies.
However, a tendency of low-sentiment stock prices to revert cannot be found: Stock
prices continue to decrease within the observation period of 25 trading days.
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Holding returns in basis points

a) Executed market orders
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b) Submitted orders
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Figure 6.1: Portfolio holding returns
This figure presents average cumulative returns of portfolios that are held from the day of portfolio
formation to up to 25 trading days. Returns of the low sentiment portfolio are represented by the red
dotted line, those of the high sentiment portfolio by the green dashed line. The high-low sentiment
portfolio excess returns are represented by the black solid line. Graph a) shows the results for sentiment
on executed market orders in leverage products; graph b) shows the results for sentiment on submitted
orders in leverage products.

The previous section has also shown that controlling for market capitalization is
essential because portfolio excess returns depend on firm size. Table 6.7 also presents
portfolio return statistics separately for different firm size groups: small caps, medium
caps, and large caps. Again, the maximum return is marked by a bold number.
The results reveal that the significantly positive returns of the high-low sentiment
portfolio are primarily driven by small capitalization stocks: For executed market
orders, small cap portfolio returns are 87.4 bp in the maximum, whereas mid caps only
yield 25.5 bp. The large caps portfolio does not yield any positive returns for the highlow sentiment strategy. Figure 6.2 depicts portfolio holding returns by firm size
graphically.
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Holding returns in basis points

a) Executed market orders
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b) Submitted orders
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Figure 6.2: Portfolio holding returns by market capitalization
This figure presents average cumulative returns of high-low sentiment portfolios that are held from the
day of portfolio formation to up to 25 trading days. The black solid line shows results for the small cap
portfolio, the green dashed line for the medium cap portfolio, and the red dotted line for the large cap
portfolio. Graph a) shows the results for sentiment on executed market orders in leverage products; graph
b) shows the results for sentiment on submitted orders in leverage products.

Figure 6.2 shows very convincingly that the strategy of buying high sentiment stocks
and selling low sentiment stocks only works for small capitalization stocks. Returns for
mid and large caps are very low or even negative. In addition, the maximum return
point for this strategy on mid and large caps is reached within 4 or 5 trading days
whereas the strategy for small caps reaches its maximum return on the 10th or 19th
trading day (depending on the type of order used).
Figure 6.3 shows that – in comparison to the portfolios containing stocks of all sizes –
the portfolios containing only high sentiment small firms show a longer tendency to
yield significantly positive returns with a maximum on trading day 9, followed by
decreasing holding returns before turning negative after trading day 21 (using sentiment
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based on submitted orders). Again, the negative sentiment portfolio does not seem to
experience a reversion within the observation period of 25 trading days.

Holding returns in basis points

a) Executed market orders
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b) Submitted orders
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Figure 6.3: Portfolio holding returns for small caps
This figure presents average cumulative returns of portfolios consisting of small firms that are held from
the day of portfolio formation to up to 25 trading days. Returns of the low sentiment portfolio are
represented by the red dotted line, those of the high sentiment portfolio by the green dashed line. The
high-low sentiment portfolio excess returns are represented by the black solid line. Graph a) shows the
results for sentiment on executed market orders in leverage products; graph b) shows the results for
sentiment on submitted orders in leverage products.

To sum up, a trading strategy consisting of buying small high sentiment stocks and
selling small low sentiment stocks, with the sentiment based on all submitted orders in
leverage products, generate economically and statistically significant excess returns of
up to 133 basis points for a 19-day period.

6.4. Robustness Checks
Several robustness checks are performed to assess the overall robustness of the results
presented in the previous section.
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Portfolio formation
Whether deciles, quintiles, or terciles should be used when constructing the high and
low sentiment portfolios, cannot be unambiguously answered. Dorn, Huberman, and
Sengmueller (2008) use terciles, Kaniel, Saar, and Titman (2008) use both deciles and
quintiles, Pan and Poteshman (2006) and Barber, Odean, and Zhu (2009a) form
quintiles, and Hvidkjaer (2008) uses deciles. There is no guidance in the former
literature that would prefer any alternative.
However, the idea behind the portfolio formation technique is that only extreme
sentiment should be captured and that portfolio excess returns are higher the more
extreme the sentiment expression. Therefore, all portfolio calculations are performed
with deciles as well as quintiles. The intuitive hypothesis that excess returns are larger
when using more extreme sentiment can be confirmed. For example, excess returns for
a high-low sentiment portfolio strategy involving submitted orders on leverage products
are 12.97 basis points for quintiles compared to 15.65 basis points for deciles.
We can conclude that the choice of the portfolio quantile influences the magnitude of
the portfolio excess returns. In choosing it, however, the absolute number of stocks in
one portfolio must be considered resulting in a meaningful portfolio size.
Volume or trade based measure
Section 6.2.2 investigates the sentiment measure based on the number of executed
orders instead of the volume based measure. As discussed in chapter 4, the number
based sentiment and the volume based sentiment measures produce similar results with
the difference that the former is robust to very large trades from a few individuals. After
all, the number based measure is a better representation of the sentiment of retail
investors as a whole.
A comparison of portfolio formation results using the volume based sentiment and the
number based sentiment measure shows that the portfolio excess returns are not as large
for the volume based measure as the excess returns for the number based measure,
especially on the first day of the holding period. For example, instead of an excess
return of 12.97 basis points (using quintiles of submitted orders on leverage products)
for the number based measure, the value based measure yields an excess return of 10.85
basis points.
It can be shown that the volume based measure produces significantly positive excess
returns but also that these excess returns are smaller in magnitude than the ones yielded
when using the number based measure.
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Minimum number of orders
The minimum number of orders restriction is crucial for meaningful sentiment values.
Without it, extreme sentiment values could be constructed based on only one order
resulting in a sentiment of plus one or minus one. As mentioned in section 6.2.2,
additional tests using a minimum number of 5 or 10 orders per day and underlying show
that the results are not changed significantly.
Portfolio formation period
Hvidkjaer (2008) uses portfolio formation periods of different lengths (from 1 to 24
months) and presents portfolio returns for different holding periods (from 1 to 36
months). Both Kaniel, Saar, and Titman (2008) and Barber, Odean, and Zhu (2009a)
use a weekly formation period.
In the previous section, a portfolio formation period of one trading day is used in
combination with portfolio holding periods of up to 30 trading days. In robustness
checks, the formation period is increased to up to one week (5 trading days) to assess
the influence on excess portfolio returns. These tests show that portfolio excess returns
are highest when using a one-day portfolio formation period and are gradually lower
when using a longer formation period of up to 5 trading days. For example, on the first
trading day the excess returns of a strategy involving submitted orders on leverage
products are 15.65 basis points using a formation period of one trading day, gradually
declining to 11.66 basis points when using a formation period of five trading days.
In general, excess portfolio returns are highest when using the shortest formation period
of one trading day. However, excess returns are still substantial and significant when
using longer formation periods of up to five trading days.
Annual results
Another robustness check involves testing whether the results of section 6.3.3 are
constant over time. In order to investigate this issue, average portfolio returns for the
five different years in the sample are calculated and presented in Table 6.8. Only returns
for strategies involving executed market orders and submitted orders for leverage
products on small capitalization stocks are considered.
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Table 6.8: Annual portfolio holding returns
This table presents portfolio holding returns for a high-low sentiment portfolio of small capitalization
stocks using orders in leverage products for portfolio formation. Results are reported for each year of the
sample period separately. Panel A shows results for executed market orders; Panel B shows results for
submitted orders. p-values are reported in brackets.
Holding day
Year

1

2

3

4

5

6

7

8

9

10

52.7

55.1

53.5

41.6

77.7

64.8

55.7

44.8

65.0

Panel A: Executed market orders
High-low sentiment portfolio returns
2004

38.9

(0.027) (0.026) (0.040) (0.061) (0.131) (0.032) (0.075) (0.125) (0.182) (0.100)
2005

26.6

54.8

61.1

48.3

65.1

73.3

72.0

75.0

71.5

68.9

(0.012) (0.003) (0.003) (0.026) (0.010) (0.005) (0.015) (0.015) (0.024) (0.036)
2006

41.5

56.7

51.5

38.8

45.4

59.5

68.3

82.6

85.1

94.8

(0.003) (0.002) (0.007) (0.050) (0.039) (0.015) (0.013) (0.006) (0.007) (0.003)
2007

25.1

29.3

43.8

61.6

65.0

60.6

52.1

37.8

37.3

38.5

(0.008) (0.030) (0.009) (0.003) (0.004) (0.010) (0.030) (0.112) (0.126) (0.123)
2008

77.1

96.8

107.6

133.8

141.9

142.5

158.4

166.5

162.3

169.9

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.000)
Panel B: Submitted orders
High-low sentiment portfolio returns
2004

21.8

67.9

81.8

66.6

58.0

54.4

67.3

67.0

76.7

81.0

(0.055) (0.000) (0.000) (0.009) (0.030) (0.050) (0.028) (0.031) (0.023) (0.025)
2005

38.2

55.5

81.7

93.6

120.3

137.8

133.4

152.9

157.0

168.4

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
2006

38.4

43.6

46.9

42.6

44.3

61.5

62.5

74.3

76.1

77.3

(0.000) (0.001) (0.001) (0.008) (0.016) (0.003) (0.003) (0.001) (0.002) (0.002)
2007

31.8

36.7

53.1

63.4

64.4

56.8

49.2

22.4

14.5

20.0

(0.000) (0.002) (0.000) (0.000) (0.001) (0.009) (0.032) (0.204) (0.303) (0.247)
2008

68.0

90.8

111.7

119.9

132.8

171.5

193.5

217.2

246.9

256.7

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

The results indicate that in all five different annual periods excess returns are
significantly positive, at least for the first days of the holding period. Of course there are
differences in magnitude with the year 2008 being the period with the highest excess
returns and the year 2007 the one with the lowest – considering the maximum returns
are within the first 10 holding days.
Overall, these results confirm the robustness of the trading strategy involving the high
minus low sentiment portfolio formation to the specific time period.
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6.5. Conclusion
In this chapter, sentiment measures for different stocks are being developed based on
Euwax Sentiment measures for single underlyings. It is shown that a trading strategy
based on these sentiment measures is able to generate abnormal returns.
Related studies provide a mixed picture of whether retail sentiment data can be used to
predict returns. In most cases, this is clearly a shortcoming of the data set used. Data
sets usually differ in the following ways: origin of the data, exact identification of trade
direction, exact identification of retail trades, country of origin, and short-sale
restrictions. The unique data set used in this chapter tries to avoid known problems by
including only retail investor orders from different brokerages, the explicit trade
direction, and the possibility of expressing negative sentiment through put options. In
addition, order types, product types, and market capitalization of the underlying firms
are distinguished. Furthermore, the data set used in this work is the first data set using
submitted orders to create order imbalance measures.
The methodology applied in this chapter is especially useful for detecting differences
between extreme high sentiment and extreme low sentiment measurements. A high
sentiment portfolio is constructed using stocks with extreme positive sentiment
readings, and a low sentiment portfolio is constructed consisting of stocks with extreme
negative sentiment readings. The returns of a long-short strategy involving buying the
high sentiment portfolio and selling the low sentiment portfolio indicate that high
sentiment stocks perform better than low sentiment stocks, and that the trading strategy
yields abnormal returns.
Several filters are used on the data to assess the influence of distinguishing between
product and order type as well as using submitted or executed orders. In general,
sentiment based on market orders in leverage products has predictive power for the next
trading days’ returns whereas no such results can be found for sentiment based on limit
orders and investment certificates. Furthermore, sentiment based on submitted orders
shows the same predictive power, with even stronger returns on the first four trading
days after portfolio formation.
Results remain statistically and economically significant even when controlling for
market returns and momentum. However, controlling for market capitalization reveals
that only small firm sentiment has significant predictive power whereas sentiment based
on large firms does not produce significant results. This does not weaken the overall
results. Calculating three separate portfolios for small, medium, and large firms rather
controls for the SMB (small minus big) effect resulting in three high-low sentiment
portfolios that are not influenced by this effect. Moreover, the results are in line with
existing theory on noise trading and sentiment finding that small firm stocks are more
likely to be influenced by retail investor trades.
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7 Conclusion and Future Work
This chapter concludes this work. Section 7.1 reviews the research questions from
Chapter 1 and briefly summarizes the answers provided in the various chapters of this
work. Section 7.2 points out the key contributions, and section 7.3 completes this
chapter with an overview of open questions and avenues of future research.

7.1. Conclusion
This section revisits the research questions as they are developed in the introduction of
this work and briefly summarizes the answers given in the chapters following the
introduction.
Research Question 1:
How can investor sentiment be measured and how are different sentiment
indicators related?
Investor sentiment measures can be categorized according to the way they are created:
Direct sentiment measures are surveys in which investors are asked directly about their
attitude towards the economic situation or the stock market in particular. Indirect
sentiment measures are usually created from financial variables and therefore measure
sentiment only indirectly. Meta-measures are sentiment measures that are neither based
on surveys nor pure financial data but involve meta-information about investor
sentiment.
To investigate the differences between existing sentiment measures, two methodologies
have been used: First, correlation of all sentiment indicators within a category as
determined for the first part of the question is calculated to evaluate these against each
other. In addition, correlation of all sentiment indicators between two categories is
calculated to check whether they all rest on the same sources. Second, all sentiment
indicators are compared to various contemporaneous market returns since sentiment
measures and market returns should be correlated.
In general, most of the measures, regardless of whether they are indirect or direct, have
a high pairwise correlation indicating that they indeed pick up the same sentiment
signal. Furthermore, most of the sentiment indicators correlate well with market returns,
with high-frequency indirect measures having the highest correlation and lowerfrequency indirect measures a lower correlation with the market.
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To conclude, there are many different measures of investor sentiment in research and
practice but their evaluation remains difficult. A high correlation among each other and
with market returns is a good indication that they react to the same underlying factor but
does not serve as a necessary or sufficient condition. Future research is needed to
identify this factor which will make it easier to construct new measures and evaluate
existing ones.
Research Question 2:
Can an index be created from retail order flow data to describe investor
sentiment?
This research question is being answered by developing a retail investor sentiment
index as a proof-of-concept using data that has not been used before for that purpose.
The Euwax Sentiment Index is based on executed retail investor orders in leverage
products on the DAX and includes only market orders.
The unique data set from Boerse Stuttgart has several advantages over previously used
data sets: First, it consists of retail investor orders only, i.e. there is no need for a trade
classification by trade size as it has to be done for other data sets. Second, orders can be
exactly classified as buy and sell orders without the need to infer the trade direction
using signing algorithms such as the one by Lee and Ready (1991). Third, the data set
allows for a more symmetric expression of retail sentiment since retail investors have
the opportunity to invest in puts to express negative sentiment. Fourth, in addition to
executed orders, the data set comprises submitted orders which provide further insights
into the dynamic relationship between order submission and execution.
The results can be summarized as follows: First, sentiment extracted from orders in
leverage products has a higher correlation with market returns than sentiment from
orders in investment products. Second, market orders better represent sentiment because
changes in sentiment are captured exactly when the order decision is made by the
investor. In contrast, limit orders are executed without the necessity of a simultaneous
order submission. Therefore, sentiment extracted from executed limit orders may
include orders that have been submitted much earlier and do not represent actual
sentiment. As an alternative to executed market orders, sentiment may also be extracted
from submitted orders to circumvent the problem of delayed order execution.
However, the regression results reveal that sentiment is negatively correlated to market
returns regardless of whether submitted orders, executed limit orders or executed
market orders are used to generate the sentiment measure. The results confirm that retail
investors act as contrarians, and that this is not just because their limit order trades lead
us to believe it as suggested by Linnainmaa (2009).
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The comparison with other existing sentiment measures shows that in the majority of
cases there is a significant correlation between sentiment measures. However, the exact
causality for this correlation cannot be determined. It is possible that different sentiment
measures are driven by the same factors, but that these factors influence sentiment in
different ways. For example, a large negative correlation between the Euwax Sentiment
and the weekly German investor sentiment surveys can be documented. The negative
correlation means that sentiment extracted from order flow data is contrary to that
extracted from investor surveys. On the other hand, there are large positive correlations
between Euwax Sentiment and other indirect measures of sentiment. It can be
concluded that most of the sentiment measures are related but the unambiguous
interpretation remains open and subject of future research.
Research Question 3:
Do retail investors herd?
The answer of this question needs an unambiguous definition of herding which does not
exist in the literature. For the purpose of this study, the definition by Lakonishok,
Shleifer, and Vishny (1992) is followed who define herding as “buying (selling)
simultaneously the same stocks as others buy (sell)” but extend the definition to assets
in general. Therefore, the order flow data from Boerse Stuttgart can be used to
determine the level of herding for retail investors.
Herding as defined above has two dimensions: choice of time and choice of assets. The
first dimension refers to retail investors (de-)investing in the market at the same time.
This tendency is also called market-level herding. Market-level herding is analyzed by
looking at aggregate retail investor order flow measures in securitized derivatives on the
DAX. The second dimension of herding refers to retail investors choosing the same
securities at the same time which is also called stock-level herding. Instead of the stocks
themselves, securitized derivatives on those stocks are analyzed to detect stock-level
herding.
On the market level, retail investors show a strong tendency of herding: More than 10%
of all investors than expected by chance are on the same side of the market each day.
This result holds across order types proving that this is not a result of automatic limit
order execution. Furthermore, it is shown that optimistic herding, i.e. herding when
most investors are optimistic about the market, is more prevalent in bear markets than in
bull markets, and that pessimistic herding is more prevalent in bull than in bear markets.
This finding supports the finding that retail investors act as contrarians. Moreover,
herding is higher in bear markets than in bull markets, indicating that retail investors are
collectively seeking investment opportunities in bear markets.
This finding is not a broker-specific phenomenon: The additional analysis shows that a
substantial amount of herding is detected across all brokers and all types of brokers
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although there are differences between broker types: Analyzing the order flows of 22
different brokers in four distinct categories reveals that the level of herding is highest
among public brokers with a rather conservative clientele and lowest among online
brokers that neither give investment advice nor operate any branches.
On the stock level, the level of herding is similar to that found on the market level, and
to those reported in other recent studies: Retail investors herd into and out of the same
assets (underlying stocks) at the same time.
With respect to the theory, the empirical evidence supports the hypothesis that retail
investors act in concert and that their trades are correlated. This is contrary to arguments
made by efficient markets proponents who argue that trades by uninformed investors
(noise traders) cancel each other out and therefore do not have the ability to influence
asset prices. Therefore, the correlated behavior of retail investors in the stock market
should be studied more closely. The development of a herding measure can be regarded
as a first step towards this goal.
Research Question 4:
Does sentiment predict returns?
In recent years, several studies using some sort of order imbalance measures have tried
to answer this question. However, the studies provide a mixed picture of whether retail
sentiment data can be used to predict returns. In most cases, this is a shortcoming of the
data set used. The data sets used by related work differ in many ways: There are
differences concerning the source of the data, its frequency and period, regional focus,
target group, and the construction of the imbalance measure.
In this work, a unique data set with executed and submitted retail investor orders on 244
underlying stocks is used to calculate sentiment measures for each stock. The
relationship between sentiment measures and the corresponding returns is analyzed to
evaluate whether sentiment positively predicts returns, i.e. high sentiment is followed
by positive returns, and low sentiment is followed by negative returns.
This is done with a portfolio construction methodology: A high sentiment portfolio is
constructed using stocks with extreme positive sentiment readings, and a low sentiment
portfolio is constructed consisting of stocks with extreme negative sentiment readings.
If high sentiment stocks perform better than low-sentiment stocks, a long-short trading
strategy involving buying the high sentiment portfolio and selling the low sentiment
portfolio should yield positive excess returns. This methodology is especially useful for
detecting differences between extreme high sentiment and extreme low sentiment
measurements. In addition, it provides a direct assessment of the economic significance,
i.e. the absolute excess returns of the trading strategy.
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The results reveal that sentiment – measured by retail investor market orders in leverage
products – indeed positively predicts stock returns. Submitted orders in leverage
products have the highest predictive power but only for small firms: The analysis of the
five year historical data set shows that holding the long-short portfolio for 10
consecutive days yields 120 basis points excess returns.
Overall, the results show that the average retail investor order flow does not represent
“dumb money” as suggested by market folklore – at least not for EUWAX investors.
The results shows that retail investors have a rather good feeling for market timing as
well as for picking stocks that do well in the short term.

7.2. Summary of Contributions
Reconciliation of empirical findings
The growing body of empirical research on order flow and prices demands a more
detailed analysis and a critical comparison of the related findings. Recent research
shows that findings concerning correlated trading and return predictability may be
different and even contradictory. The literature currently does not present a
reconciliation of all relevant studies25. Section 2.4 in Chapter 2 aims to close this gap
and presents a structured overview of recent findings and offers explanations for any
differences found.
Extensive overview and comparison of investor sentiment measures
Many investor sentiment measures have been developed and are currently used in
practice. There is a relatively large body of research covering single sentiment measures
and especially their relation to returns and volatility. An overview of current sentiment
measures and a correlation analysis, however, are missing26. Chapter 3 evaluates
existing direct and indirect sentiment measures and presents correlation coefficients
among them as well as correlation to contemporaneous market returns.
Construction of a new sentiment index
One of the main contributions of this work is the construction of a new sentiment index
based on a unique data set using retail investor orders to the European Warrant
Exchange in Chapter 4. Moreover, this work is among the first to use data on securitized
derivatives27. These products are especially suited for the creation of a retail investor
sentiment measure because retail investors have the possibility to express both positive
and negative market sentiment with the purchase of a single product.
25

Barber, Hvidkjaer, Odean, and Zhu (2006) only present a reconciliation of their own work.
Brown and Cliff (2004) present an overview of sentiment measures, but do not include important
German survey measures.
27
Schmitz, Glaser, and Weber (2007) use warrant data, a subset of the securitized derivatives data.
26
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Investigation of herding behavior of retail investors
Chapter 5 focuses on the herding behavior of retail investors using the same data set on
retail investor orders to EUWAX. There are not many studies about retail investor
herding28 as most of the related work is concerned with the herding of institutional
investors. In addition, two types of herding are distinguished: market-level herding and
stock-level herding whereas most other studies exclusively investigate stock-level
herding while omitting the fact that investors may move into and out of the market at
the same time.
Moreover, the herding analysis is broken down to a broker level and sheds light on the
question whether customers of different brokerages also show a different herding
behavior. The order flow data enriched with non-public broker IDs allows for a
classification into four distinct broker types that is typical for the German brokerage
landscape. There is currently no other research that investigates the retail investor
herding behavior of different German brokers.
Analysis of submitted retail investor orders
Recent research29 on order imbalance measures argues that the use of executed retail
investor orders may lead to wrong conclusions with respect to the contrarian behavior of
retail investors. This work alleviates these concerns by using submitted orders instead of
executed orders. This is the first study to use the order submission time for this purpose.
Development of a trading strategy
For evaluation purposes, a trading strategy is developed in Chapter 6 which consists of
buying high sentiment stocks and selling low sentiment stocks resulting in a zero-cost
portfolio that generates abnormal returns. While this methodology has also been used by
other recent empirical studies30, it provides several new aspects regarding the use of
different order types, the exact classification of buy and sell orders, the influence of
market capitalization, and the use of submitted instead of executed orders. No other
related work addresses all of these aspects and provides such a high degree of detail in
its analysis.

28

Dorn, Huberman, and Sengmueller (2008) explicitly calculate an individual investor herding measure.
Linnainmaa (2009) argues that individual investors have been falsely classified as contrarian.
30
Jackson (2003), Pan and Poteshman (2006), Kaniel, Saar, and Titman (2008), Dorn, Huberman, and
Sengmueller (2008), and Barber, Odean, and Zhu (2009a) use similar portfolio construction
methodologies.
29
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7.3. Future Work
While many issues have been addressed, there are still open questions which have
arisen in the process of this work and which provide possible future research directions
which are outlined briefly in this section.
Unified Investor Sentiment Theory
While this work focuses on the empirical investigation of retail investor sentiment, a
unified theory of investor sentiment that brings together theory and empiricism is still
missing. There have been some attempts to create a theory of investor sentiment but
these do not explain all empirical findings.
In particular, a theory should incorporate short-term as well as long-term considerations
since empirical research31 indicates that short-term effects differ from long-term effects.
These different patterns still have to be explained by market microstructure theory.
Individual retail investor behavior
While this work focuses on the aggregate behavior of retail investors, a detailed
investigation of individual investor behavior is needed to better understand the
motivation of retail investors for trading. Although the data set used in this work
presents valuable insights into retail investor behavior, its main drawback is the missing
link to individual account data.
Future work on individual account data32 – collected from large banks or brokers –
which allows to track executed or submitted orders to individual accounts should focus
on the motivation of retail investors to submit orders in particular stocks.
Moreover, individual account data offers the opportunity to investigate whether
individual investors profit from trading by actually examining the exact holding period
and account settlement data. In addition, individual retail investor account data allows
for the identification of high-performance investors who continuously make profitable
trading decisions and low-performance investors who usually make unprofitable
decisions. If the distinction between high- and low-performance investors is persistent,
then future research should be conducted to analyze the reason for this performance
difference.
Experimental evidence
One possibility to get more insights into the thinking and behavior of retail investors is
to conduct field or laboratory experiments. These experiments should be targeted
31

Barber, Hvidkjaer, Odean, and Zhu (2006) empirically show that the same analysis conducted on the
same data sets for a monthly frequency and a weekly frequency is able to result in opposite patterns.
32
Data sets including individual account data are used e.g. in Schmitz, Glaser, and Weber (2007), Dorn,
Huberman, and Sengmueller (2008), and Barber, Odean, and Zhu (2009b).
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towards finding evidence about their individual motivation to trade assets and the
timing of their trading decision.
Survey evidence
Some of the open research questions mentioned above could be addressed by
conducting surveys among retail investors. Surveys offer the possibility to directly ask
investors about their motivation to trade and about possible information sources they
have used to come to their concrete trading decision.
Explanation of contrarian and herding behavior
The empirical evidence in this work shows that retail investors – at least EUWAX
investors trading securitized derivatives – act as contrarians, i.e. they buy when the
market declines and sell when the market rises. However, the reason why retail
investors show a contrarian behavior remains opaque. Further research is needed to
figure out why investors think that they could earn abnormal returns by following a
contrarian strategy, and whether they actually succeed by doing so.
Closely related to the contrarian behavior, the exact reasons for the herding behavior of
retail investors remain to be subject of future research. While much has been done to
explain the herding behavior of institutional investors theoretically, retail investors have
not received such a great deal of attention. The question is whether they are following
each others’ trades (which is unlikely since their trades are generally not public) or
whether they are following the same signals.
Moreover, if following the same signals lead retail investors to act as contrarians, then
both research questions are closely related and must be considered together.
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Appendices
A Appendix to Chapter 4
Table A.1: Summary statistics on executed order volume
This table reports summary statistics about the volume of executed orders by derivative product group
(warrants, knock-outs, and investment certificates). Panel A groups the orders by option type and trade
direction, Panel B by order type, and Panel C by underlying type. The percentages in brackets provide
information about the relative use of the different order classes within each product group.
Panel A: Executed order volume (in million €) by option type
Warrants
Call

Put

Knock-outs

Investment certificates

Total

Buy

15,900

(37.9%)

24,226

(35.6%)

50,494

(49.7%)

90,620

(42.8%)

Sell

15,995

(38.1%)

25,417

(37.3%)

48,424

(47.6%)

89,836

(42.4%)

Buy

5,017

(12.0%)

8,923

(13.1%)

1,325

(1.3%)

15,265

(7.2%)

Sell

5,019

(12.0%)

9,487

(13.9%)

1,456

(1.4%)

15,962

(7.5%)

Total

41,931

68,053

101,699

211,683

Panel B: Executed order volume (in million €) by order type
Warrants

Knock-outs

Investment certificates

Total

Market Orders

24,619

(58.7%)

42,758

(62.8%)

79,733

(78.4%)

147,110

(69.5%)

Limit Orders

14,989

(35.7%)

17,330

(25.5%)

19,696

(19.4%)

52,015

(24.6%)

Stop Orders

2,323

(5.5%)

7,965

(11.7%)

2,270

(2.2%)

12,558

(5.9%)

Total

41,931

68,053

101,699

211,683

Panel C: Executed order volume (in million €) by underlying type
Warrants

Knock-outs

Investment certificates

Total

Stocks

20,407

(48.7%)

10,486

(15.4%)

41,111

(40.4%)

72,004

(34.0%)

Indices

17,152

(40.9%)

48,002

(70.5%)

52,629

(51.8%)

117,784

(55.6%)

Fixed Income

165

(0.4%)

758

(1.1%)

1,421

(1.4%)

2,344

(1.1%)

Currencies

2,138

(5.1%)

2,062

(3.0%)

106

(0.1%)

4,306

(2.0%)

Commodities

2,041

(4.9%)

2,062

(3.0%)

5,717

(5.6%)

9,820

(4.6%)

Other

28

(0.1%)

4,683

(6.9%)

714

(0.7%)

5,424

(2.6%)

Total

41,931

68,053

101,699

211,683
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Table A.2: Summary statistics on submitted orders
This table reports summary statistics on the number of submitted orders by derivative product group
(warrants, knock-outs, and investment certificates). Panel A groups the orders by option type and trade
direction, Panel B by order type, and Panel C by underlying type. Panel D provides information about the
execution status of submitted orders, i.e. whether they were filled or not. The percentages in brackets
provide information about the relative use of the different order classes within each product group.
Panel A: Submitted orders by option type
Warrants
Call

Put

Knock-outs

Investment certificates

Total

Buy

5,956,311

(41.2%)

4,841,590

(32.3%)

3,569,829

(50.0%)

14,367,730

(39.3%)

Sell

4,881,688

(33.7%)

5,011,605

(33.5%)

3,408,494

(47.8%)

13,301,787

(36.4%)

Buy

2,093,047

(14.5%)

2,481,306

(16.6%)

83,961

(1.2%)

4,658,314

(12.7%)

Sell

1,538,033

(10.6%)

2,643,003

(17.6%)

72,617

(1.0%)

4,253,653

(11.6%)

Total

14,469,079

14,977,504

7,134,901

36,581,484

Panel B: Submitted orders by order type
Warrants

Knock-outs

Investment certificates

Total

Market Orders

5,814,127

(40.2%)

6,610,997

(44.1%)

4,930,479

(69.1%)

17,355,603

(47.4%)

Limit Orders

7,802,032

(53.9%)

5,229,371

(34.9%)

1,811,306

(25.4%)

14,842,709

(40.6%)

Stop Orders

852,920

(5.9%)

3,137,136

(20.9%)

393,116

(5.5%)

4,383,172

(12.0%)

Total

14,469,079

14,977,504

7,134,901

36,581,484

Panel C: Submitted orders by underlying type
Warrants

Knock-outs

Investment certificates

Total

Stocks

8,186,319

(56.6%)

3,228,694

(21.6%)

2,983,092

(41.8%)

14,398,105

(39.4%)

Indices

4,960,704

(34.3%)

8,813,129

(58.8%)

3,352,323

(47.0%)

17,126,156

(46.8%)

Fixed Income

76,339

(0.5%)

247,922

(1.7%)

97,658

(1.4%)

421,919

(1.2%)

Currencies

626,141

(4.3%)

696,693

(4.7%)

12,749

(0.2%)

1,335,583

(3.7%)

Commodities

611,709

(4.2%)

1,604,189

(10.7%)

618,449

(8.7%)

2,834,347

(7.7%)

Other

7,867

(0.1%)

386,877

(2.6%)

70,630

(1.0%)

465,374

(1.3%)

Total

14,469,079

14,977,504

7,134,901

36,581,484

Panel D: Submitted orders by execution status
Warrants

Knock-outs

Investment certificates

Total

filled

8,177,580

(56.5%)

11,328,863

(75.6%)

5,985,030

(83.9%)

25,491,473

(69.7%)

not filled

6,291,499

(43.5%)

3,648,641

(24.4%)

1,149,871

(16.1%)

11,090,011

(30.3%)

Total

14,469,079

14,977,504

7,134,901

36,581,484
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