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Abstract
This thesis examines how investors in different industries on the British Equity Market
incorporate new information surrounding the Brexit referendum, under the framework of the
Efficient Market Hypothesis. By employing an event study on three different events surrounding
the Brexit referendum the thesis finds significant abnormal returns and unexpected turnover
ratio, using both parametric and non-parametric tests, for only one event: the publication of the
referendum outcome. This supports the notion of market inefficiency at a semi-strong form
around this event. The investors’ response to this event was continued price movements in
opposite directions depending on industry. For the other two events, the official announcement
of the referendum and the official triggering of the referendum, evidence of market inefficiency
was not found. A cross-sectional analysis provides additional supporting evidence of significant
increased trading activity only around the announcement of the results of the referendum.
Evidence of the Sequential Information Arrival Hypothesis and lack of consensus among
investors offers reasons for the observed market inefficiency along with behavioural
explanations such as overreacting to surprising information, Herding behaviour, Cognitive
Dissonance Theory and Selective Exposure, and Anchoring.
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1. Introductory Chapter
1.1 Introduction
On the 23rd of June, 2016, a majority of 51.9% of the people of the United Kingdom voted in
favour of the United Kingdom European Union membership referendum, expressing their desire
for the UK to leave the European Union. The upcoming withdrawal is commonly referred to as
“Brexit” – a portmanteau of Britain and exit – and has caused quite the stir in the UK and
Europe, and on a global level. In response to the outcome of the referendum, the London Stock
Exchange FTSE100 fell nearly 11%, the pound dropped to a 30-year low, and the global equity
market lost more than 2 trillion dollars in value in the fallout (Burdekin, Hughson & Gu, 2018).
Such a heavy response in the financial markets reflects the surprising outcome, as most
predictions expected a close call, but in favour of the REMAIN-camp. Instead of continuing the
previous established relationship, the now required procedure is expected to affect international
trade and the geopolitical climate, as Britain prepares for a post-EU future. Since there has
never before been a country withdrawal its membership of the EU (or any of its political
predecessors), no precedent is established to predict how exactly the relationship between both
parties will take shape after the two-year negotiation period. The event has caused much
uncertainty about the future, and the market has adjusted to this new information, as the one
thing investors can count on is that it will most certainly be different from the status quo.
Many studies have been published on the issue of how financial markets respond to news, and
how this new information is incorporated in the valuation of securities. When examining the
market response to new information, it is common to test for the Efficient Market Hypothesis
(Fama, 1970). In theory, with the introduction of new information, prices quickly adjust to
incorporate this information, and according to the No Trade Theorem no additional trading
activity would be required, as all investors agree on the impact of the new information (Beaver,
1968; Foster, 1973). In practice however, increased trading activity is observed. Foster (1973)
states investors adjust their portfolios for several reasons like consumption-timing and change
in risk preference. This trading can be referred to as fundamental trading. Many event studies
have found an increase in trading activity around events holding “information content” that
cannot be explained by fundamental trading (Hendershott, Livdan & Schürhoff, 2015; Yuan
2015). Therefore, the excess volume can be defined as unexpected trading activity. Therefore,
unexpected trading volume around information events can be an indication of lack of agreement
among investors (Beaver, 1968; Foster 1973). Previous literature attributes this to two main
drivers; the informedness effect, which results from asymmetric information among investors
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(Karpoff, 1987), and the consensus effect, meaning heterogeneity in the interpretation of
information (Harris & Raviv, 1993).
Current literature on Brexit is scarce, as most reports focus on the economical future for
different divorce terms. The separation will have a different effect on different industries, as
some are expected to fare better without the EU and others expect to see a decline as costs
rise due to trade tariffs and reduced labour mobility (Ramiah, Pham & Moosa, 2017). A strong
reaction on the financial markets was investigated by for example Krause, Noth, & Tonzer
(2016), Oehler, Horn & Wendt (2017), and Smales (2017) who all find that increased
uncertainty about the referendum outcome leads to lower returns for firms with high degrees of
internationalization and a higher volatility in the market in general. Additionally, Wu, Wheatley &
Sornette (2017) argue that the markets did not incorporate new information efficiently as the
British Pound exchange rate did not adjust quick enough to keep up with election results in
favour of Brexit.

1.2 Research Questions, Contribution, and Scope
The observations of other authors stated above lead us to question the capabilities of investors
to accurately incorporate new information in an efficient manner, specifically considering Brexit.
Therefore, this thesis aims to answer the primary problem statement:
“How do investors in different industries on the British Stock Market incorporate new
information surrounding different events of the Brexit referendum process, under the
framework of the Efficient Market Hypothesis?”

The following sub-questions aim to answer different aspects of this research question that are
grounded in existing literature.

-

Do individual investors display homogenous responses?

-

To what extent is potential market inefficiency surrounding the events affected by the
flow of information through the market?

-

To what extent is potential market inefficiency surrounding the events affected by lack of
consensus among investors?

-

To what extent can behavioural interpretations explain whether differences between
event characteristics result in different degrees of market efficiency?
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-

To what extent can the analysis of the response to Brexit be applied in other similar
political developments?

This thesis contributes to the current knowledge on market efficiency in two different aspects.
First by investigating the Brexit case; a relatively recent event that has no direct precedent yet a
large impact on the global economic environment. Limited research has already been published
on the event, but this thesis distinguishes itself by comparing multiple events surrounding the
referendum, as well as their impact on different sectors in the British economy rather than the
market as a whole. Secondly, this thesis contributes to the existing literature examining both the
average reaction of the market, as well as the aggregate response of individual investors. To do
so, different theories on market efficiency and information incorporation are combined and
examined in one analysis. This especially is an important factor for understanding the dynamics
behind market movements in the fallout of surprising new information in periods with increased
uncertainty.
Because this thesis is an exploratory study, we have chosen to limit our investigation to the
British equity market of the London Stock Exchange. The stock market represents the most
natural financial security, as stock prices are directly derived from expectations on future firm
performance, which in turn is directly affected directly by any new information about Brexit
proceedings. Other types of financial instruments and securities are interesting for further
research, but will not be considered in this study. Additionally, our focus is solely on the London
Stock Exchange, which represents the British economy. The effect of Brexit on the global
markets is a topic for further research.
Unfortunately, the Brexit process will not be completed at the time of submission of this thesis,
as the negotiations on the terms of separation are officially ongoing and the deadline is not until
March 29th, 2019, almost a year after submission. Even though the EU has declared an “all or
nothing” position on when the deal will be officially finalised, it is considerable that premature
information on potential agreements will reach the market before this day. Therefore, we have
chosen to limit the period under investigation and only gather market data up to and including
30-04-2017. This date includes the last event of our study, and allows us view the short-term
impact of Brexit. The three events included in this study cover the first part of the Brexit
process; the entire period up to the start of official negotiations, which we consider the final
“point of no return”. Any new potential events regarding Brexit that result from the negotiation
process in the time after this cut-off date will not be analysed in this thesis.
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1.3 Structure
To answer the previously stated research questions, the thesis will adhere to the following
structure:
First, we will provide a framework of background information, and present an overview of the
concepts and theories that form the foundations of this thesis. This framework is accompanied
with several insights from previous literature on the testing of market efficiency and unexpected
volume, as well as already published studies on the impact of Brexit on the economy and the
financial market.
The third chapter will introduce the empirical study this thesis is built upon. This includes a
structured plan of the event study methodology applied, as well as a presentation and
description of the data used. Additionally, this chapter covers the detailed methodology
necessary to answer the sub-questions separately.
Next, we will present the results of the empirical study regarding our separate sub-questions,
and provide observational subconclusions on these findings.
In the fifth chapter, we will analyse and further discuss our findings with respect to the main
research question as we combine the answers to our sub-questions.
We will end with a discussion of limitations of our research and our findings, and provide
suggestions for further research in the final chapter before the completing conclusion.
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2. Concepts, Theory, and Previous Literature
A large body of scientific studies analyse stock performance, especially in attempting to predict
future price movements. Niederhoffer (1971) is one of the first to address the response of
financial markets to major news events with an empirical study. He states that “After studying
the relation between world events and stock prices from a variety of viewpoints for more than
three years, I am convinced that world events are a strong and compelling influence on stock
prices.” (Niederhoffer, 1971, page 215). His study analysed price movements surrounding
different major world events drawn from newspaper headlines during 1950-1960 and found a
pattern suggesting that large changes were substantially more likely to follow these events
opposed to randomly selected days, especially on the first and second day following the event.
This chapter starts with a discussion of the concepts and theories surrounding financial markets
and information incorporation that are applied in this thesis. An overview of existing literature on
the impact of Brexit on the UK economy and financial markets follows, as well as a survey of
literature on abnormal returns and valuation models, and a discussion of prior research into
unexpected trading volume.

2.1 Concepts and Theory
The following section will introduce several established theories that focus on how information
affects the financial market, from both a traditional and a behavioural perspective. With regards
to security prices and returns, we will address how investors incorporate information in their
valuations and the role uncertainty plays in determining the risk premium, specifically focussing
on the source of the uncertainty. Furthermore, we will discuss how investor activity indicated by
trading volume captures the aggregate opinion on prices of all traders in the market, and why
these opinions may differ between individuals based on information availability and divergent
probability beliefs.

2.1.1 Efficient Market Hypothesis
One of the central theories in finance and economics is the theory of efficient markets. The
emergence of efficient market theories can be traced back to the 16th century (Sewell, 2011),
and was pioneering by the theoretical contribution of Bachelier in 1900 and Cowle’s empirical
research in 1933 (Campbell, Lo & MacKinlay, 1997).
However, modern literature of efficient market that caused the theory to gain popularity was by
Fama (1970), who presented the Efficient Market Hypothesis. The fundamental idea of this
theory is that a market behaves efficiently if the stock prices fully reflects all information
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available to traders, and that new information will be incorporated in the price rapidly after it
becomes known (Fama, 1991).
The notion that the stock prices should fully reflect all available information suggests that the
expected error 𝐸(𝜀𝑡+1 ) = 𝑃𝑡+1 − 𝐸𝑡 (𝑃𝑡+1 ), meaning the difference between the actual price and
the expected price, should on average be zero. Thus, the error should be uncorrelated with the
available information at time t, which is known as orthogonality property. This property
combined with the statement that new information should be rapidly incorporated in the price,
imply that an efficient market is competitive such that arbitrage opportunities should not be
possible (Cuthbertson & Nitzsche, 2004; Berk & DeMarzo, 2014).
The sufficient assumptions underlying the Efficient Market Hypothesis are that 1) the
transaction costs of selling or buying a security are zero, 2) information is available to all traders
free of cost, and 3) all market participants have a homogeneous opinion on the impact of the
information on the price. These assumptions are not necessary to have an efficient market, they
are merely sufficient, but a violation of these assumptions suggests a potential source of market
inefficiency (Fama, 1970).
Fama (1970) defines three forms of efficient markets, dependent on the information set that
affects the expectations of investors on future firm performance:
Weak form: In this form, the information set that the stock prices fully reflect consist only of all
historical prices.
Semi-strong form: The semi-strong form is based on the assumption that stock prices fully
reflect all publicly available information. This includes all historical prices, but also any other
publicly available information that may affect expectations on future firm performance, such as
for example the macroeconomic state of the economy or firm specific details from press
releases.
Strong form: The last form is the strong form, where the stock prices account for all information
that can possibly affect future performance. This form does not differentiate between whether
the information is publicly available, or consists of insider information such as for example
unconfirmed upcoming mergers.
Testing for the weak form efficiency, evidence supporting the hypothesis should display prices
following a random walk. This means that the movement of the prices does not follow any
measurable trend or pattern. Testing the semi-strong form looks at the speed of the adjustment
of the prices after new publicly available information have been released. Here, an efficient
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market is one where the new information is quickly reflected in the prices. Finally, the strong
form efficiency tests that no individual or group has access to information that can earn them
profit, as all information possibly known is already incorporated in the price and thus every
investor should agree on this price being the true value of the security. The empirical testing of
the Efficient Market Hypothesis usually concentrates on the semi-strong form (Fama, 1970).

2.1.2 Normal Returns vs. Abnormal Returns
With the term normal returns we refer to what Fama (1970) described as the equilibrium
expected return. The equilibrium expected return on a specific stock is dependent on expected
future firm performance, and the risk involved with owning the right to these future payoffs.
There are different theories on how to define and calculate this. In general however, it can be
described with the following formula;
𝐸(𝑃𝑡+1 |𝜓𝑡 ) = (1 + 𝐸(𝑅𝑡+1 |𝜓𝑡 )) ∗ 𝑃𝑡
Where P serve as the price of the stock and R the returns, 𝜓𝑡 represented the information set
available at time t.
So independent of which model used to determine the expected normal returns at time t+1, it
should be determined based on all available information at time t. According to Fama (1970),
this represents a fair game; the actual return at time t+1 minus the expected normal returns at
time t+1 (referred to as abnormal returns) is expected on average to be zero. Therefore, it
becomes impossible to earn a profit trading only on the information set available at time t.
Abnormal returns should therefore only exist when new information reaches the market
between time t and t+1. The expected abnormal return should then again be zero for time t+2,
as the price is expected to fully reflect the new information at time t+1, and it should not be
possible to earn profit on trading on that new information anymore.

2.1.3 Stock Valuation, Risk Premium, and Uncertainty
The price of a stock in an efficient market should, as stated by Fama (1970), reflect all available
information. Determining the value of the stock can be done by assessing the expected future
cash flow of owning the stock. The fundamental value of a stock equals the present value of the
expected future dividends (D), discounted by a constant rate (Berk & DeMarzo, 2014).
∞

𝑃𝑡 = 𝐸𝑡 [∑(
𝑖=1

1
)𝑖 𝐷 ]
1 + 𝑅𝑟 𝑡+𝑖
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The discount rate is here represented by the investor’s required rate of return, 𝑅𝑟 . This return is
determined by the investor to be sufficient to compensate for the inability to invest these specific
funds in another security at the same time, and the risk related to holding the stock as its future
cash flows are subject to uncertainty. Therefore, the discount rate is represented by the sum of
the risk-free rate and a specific risk premium. The price calculated is equal to the fundamental
value given the rational expectations for all investors (Cuthbertson & Nitzsche, 2004).
These models consist of many assumptions. What is the expected dividend?, should a growth
rate be incorporated, if so what should it be?, is the firm engaging in risky investments?, etc.
Therefore, it is not necessary that all investors’ assessments of the stock price are the same;
some investors may value the stock differently. Then the price is settled by supply and demand.
Knowing some might be willing to sell the stock at a much lower price than another investor
would buy it at, should lead buyers and sellers to revise their valuation. Ultimately, the price
would reach an equilibrium. In this way, information and different valuations and views form the
investors are averaged in the stock market and reflected in the price (Berk & DeMarzo, 2014).
In the above presented model of determine the stock price, it assumes that the required rate of
return for the investors is constant over time. The required return used to discount the expected
future dividends depends on different aspects; the risk-free rate and the risk premium. Within
the risk premium the investors assess how risky they perceive the market and how riskaverse/neutral/loving they are (Cuthbertson & Nitzsche, 2004). If for example, they do not
perceive the market as risky and they are risk-neutral, the expected future dividends should
simply be discounted with the risk-free rate.
When news enters the financial market, it can affect either the systematic risk or the
unsystematic risk. The unsystematic risk, also called idiosyncratic risk, is a firm or sector
specific risk. This type of risk can be minimised by a perfectly diversified portfolio. The investors’
risk premiums are consequently not affected by the unsystematic component of the financial
risk. The systematic risk on the other hand, often referred to as the market risk, is perfectly
correlated among all the assets, and cannot be reduced by diversification of investors’ portfolio.
Market risk often originates from economy-wide uncertainty, such as the threat of natural
disasters, or political unrest related to election cycles and political transitions (Pastor &
Veronesi, 2011). In democratic political systems, national elections may cause a redistribution
of political power, leading to a potential change in government policy direction. This results in
ambiguity on the future state of the environment in which firms operate. Examples of policy
changes that highly affect firm performance are tax regulation, government spending, monetary
policy, international trade and exchange rate policy, and military actions (Pastor & Veronesi,
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2012; Segal et al., 2015; Baker, Bloom & Davis 2016; Abaidoo, 2017). Uncertainty about these
issues can affect firm performance and growth through indecision, as corporations delay hiring
and investments in large projects and households delay consumption, preferring wait for more
stable information on the future (Bernanke, 1983; Davis, 2016). If investors are not diversified
internationally, national macro-economic change will affect their portfolio equally. Therefore,
investors incorporate this uncertainty as systematic risk in their risk premium and increased
uncertainty leads to an increased required rate of return (Beja, 1972; Cuthbertson & Nitzsche,
2004). The assumption of constant required rate of return therefore seems unsuitable for the
real world, where investors risk profile can differ over time and that uncertainty can change the
general risk in the market.

2.1.4 Trading Volume in Efficient Markets
If the Efficient Market Hypothesis presented by Fama (1970) is correct and all investors in the
market are strictly rational and homogeneous in their utility function, there would be no trading
activity. That is because under these assumptions, all investors agree on the price presented in
the market. Even with the introduction of new information, no trading activity would be required,
as all investors agree on the impact of the new information on the value of a stock. This change
in expected value is common knowledge (Aumann, 1976) and would be displayed in a change
in price of identical fashion at time t+1. The No Trade Theorem states there would be no need
for any investor to adjust his pre-information portfolio, because the change in desirability of the
stock perfectly offsets the change in price. In this case, there would be a price reaction, but no
reaction in trading volume (Beaver, 1968; Foster, 1973).
In a more realistic setting, trading activity can be observed and the assumption of
homogeneous utility functions for every investor is too strict. Karpoff (1986) emphasizes the
importance of the study on the relation between trading volume and stock returns. He argues
the relation provides insight in the structure of the financial market, underlines inferences drawn
in event studies and facilitates debate on the empirical distribution of speculative trading
behaviour. A range of different researches have focused on this relationship, finding two distinct
stylized facts: the correlation between trading volume and the absolute value of the stock price
change is positive and the correlation between trading volume and the stock price change is
also positive (Karpoff, 1987). These studies however, often lack the causal interpretations of a
dynamic relation (Gallant, Rossi & Tauchen, 1992).
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2.1.4.1 Origin of Trading Volume
Foster (1978) states that investors adjust their portfolios for several reasons, which can be
divided into two general sets. The first set includes reasons like consumption-timing, taxation,
change in risk preference and diversification. These reasons are non-informational. Instead they
are motivated by the trader’s need for liquidity (Benston & Hagerman, 1974; Branch & Freed,
1977; Petersen & Fialkowski, 1994). It is often referred to as liquidity trading or noise trading,
because it does not behave according to efficient market models (Bodie et al, 2014). As this
volume would occur regardless, it can be defined as expected, or fundamental trading activity.
Other transactions are initiated by traders who believe that the stated price is wrong. Many
event studies have found an increase in trading activity around events holding “information
content”. Beaver (1968) defines an event to have information content under two requirements.
The event must result in a change of expectations by an investor and this change must be
sufficiently large that it induces a change in behaviour. Ajinkya & Jain (1989), Bamber (1986)
and Chae (2005), amongst others, look at patterns around planned earnings announcements
and find that in the days prior to the event, trading volume increases. When looking at
unplanned events, such as acquisitions or news stories, Hendershott, Livdan & Schürhoff
(2015) and Yuan (2015) for example find similar results. This pattern of increased activity
around events containing information cannot be explained by the non-informational reasons
behind the fundamental trading activity as posed by Foster (1978). Therefore, this change in
volume can be defined as unexpected trading activity. This type of trading volume is sometimes
referred to as abnormal volume, drawing comparisons to the existing methodology for studies
related to abnormal returns. However, as explained before, returns are determined
endogenous, as they directly derived of the value of the underlying security, and this value
defines what is normal and what is abnormal. The level of trading volume observed is
exogenous, and can therefore not be classified as normal or abnormal through a direct
relationship with the value of the underlying security. Hence, this thesis will continue using the
term (un-)expected trading volume.
To explain this excess volume, the assumptions underlying the Efficient Market Hypothesis has
to be relaxed even further. If the No Trade Theorem requires agreement, then excess trading
activity is the result of lack of agreement. If an individual investor disagrees with the general
market and believes that the price in the market does not reflect the value of a stock properly,
then that investor would have incentives to trade. The greater the divergence between this
individual investor's beliefs on the correct price and the current price, the greater his incentive to
trade (Morse, 1980). Unexpected trading volume around information events can be an
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indication of lack of instant agreement between investors regarding the impact of new
information that affects the equilibrium price of a security (Beaver, 1968; Foster 1973).
Verrecchia (1981) argues that this inference can be justified, but is still ambiguous. Previous
literature indicates two separate drivers for lack of agreement amongst investors, with regards
to information; the informedness effect and the consensus effect (Holthausen & Verrecchia,
1990). The informedness effect focuses on the degree at which investors become more
knowledge and argues in line with asymmetric information, stating that some investors have
information that others have not (i.e. different values in a likelihood function) (Karpoff, 1987;
Chordia & Swaminathan, 2000). The consensus effect poses that disagreement is caused by
heterogeneity in how investors interpret information (i.e. different coefficients in a likelihood
function) (Harris & Raviv, 1993; Chordia, Subrahmanyam & Anshuman, 2001).

2.1.4.2 Informedness Effect
Many earlier studies credit divergence in asset valuation to asymmetric information (Akerlof,
1970; Beaver, 1968; Foster, 1973; Copeland, 1976; Morse, 1980, among others). In this case,
the price at time t reflects all publicly known information and there exists a semi-strong efficient
market. Grossman (1976) articulates this situation as private information prior to the event and
individual investors can be divided between two groups; informed investors and uninformed
investors. In this division, information asymmetry refers to the situation where informed
investors have material, firm-specific information related to future public announcements and
uninformed investors do not (Chae, 2005). For example, a specific investor may have private
information regarding the level of a firm’s annual earnings before the official earnings
announcement. This private information often comes from an insider position of the investor; the
investor has access to the information before it is made public. When insiders sell a stock
heavily, the price falls by an abnormal amount and vice versa for when they buy heavily (Pratt &
DeVere, 1970; Jaffe, 1974; Finnerty, 1976). This implies that insiders try to exploit their superior
information if they are aware price changing information is about to go public, increasing
unexpected trading activity (Kyle, 1985). This line of reason, however, would also require
trading volume to return to the fundamental level once the new information has reached the
public and does therefore not explain continued unexpected trading activity post-event.
Copeland (1976) first proposed the Sequential Information Arrival Hypothesis (SIAH), arguing
that not all investors instantly receive information after it has been made public. Instead,
information reach investors sequentially. It assumes a market in equilibrium as base state and
initially one single investor who observes the new information. Therefore, the new information is
not common knowledge instantaneously (Milgrom & Stockey, 1982). After interpretation and
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revision of his beliefs, he adjusts his demand function and trades accordingly to adjust his
position into the new optimal portfolio. With the transaction, a new temporary equilibrium price is
set where price and quantity match supply and new demand. Then the next investor becomes
informed and follows the same process of adjustment, resulting in a second new temporary
equilibrium. This process repeats itself until all investors in the market have become informed,
and have adjusted their positions, resulting in a series of transactions that aggregated into
increased unexpected trading volume. The SIAH assumes that the distribution of information
arrival is random, and it is therefore not possible to know who is informed and who is not. After
the last trader becomes informed and adjusts his position, the market reaches its final stable
equilibrium and returns to a stable level of fundamental liquidity trading (Copeland, 1976;
Jennings, Starks & Fellingham, 1981). Hong & Stein (1999) propose a similar theory, where
different investors observe different pieces of private information at different points in time. Their
gradual-information-diffusion model is mainly focused on returns, but offers an interesting
inclusion of different types of investors; those who are externally informed and those who trade
on internal price movements only (momentum). The latter are still speculative traders rather
than noise traders, but do offer an explanation of why not every investor is equally informed at
all times. Additionally, the intuition behind the model allows for uninformed investors to
gradually become informed (Hong, Lim & Stein, 2000).

2.1.4.3 Consensus Effect
Evidence suggests that there is a relationship between volume and price, stating that changes
in price are accompanied with changes in volume (Karpoff, 1986; 1987). Varian (1985) argues
that under the assumption of market efficiency, stock prices reflect all information available to
the market, including private information. Therefore, all investors should have the same
knowledge available to them, whether it is directly from information itself, or indirectly through
the stock price. As Tirole (1982) puts it, if one investor has private information that leads him to
belief the market price is incorrect, then other rational investors should not want to trade with
him, because they realise he must have superior information. This knowledge will quickly be
incorporated in the stock price to the point the investor with private information is no longer
willing to trade. In this case, the market returns to a situation of strong market efficiency, as
described by Fama (1970). As such, asymmetrical information cannot be a cause of divergence
in valuation, because investors could subtract the information from the price. This would again
lead to a situation of no trade. Considering that reasons to trade other than information are
caught by the fundamental trading volume as described before, Tirole (1982) states that excess
trading on the arrival of new information can only arise if individual investors have different
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interpretations of the same information. Varian (1985) uses Bayesian inference to explain how
informational events can adjust the opinion of an individual investor.
Bayes’ Theorem with regards to inference states that

𝑃(𝐻|𝐸) =

𝑃(𝐸|𝐻) 𝑃(𝐻)
𝑃(𝐸)

With relation to an informational event occurring, the Theorem can be used to adjust one’s
opinion on the likelihood of a specific change in value caused by the contents of this new
information. Here, H stands for any change in value whose probability may be affected by E, the
evidence that is presented in the new information entering the market. P(H) is the prior
probability; the estimated probability of H happening before the new information is acquired.
P(H|E) is the posterior probability; the adjusted estimate of the probability of H happening after
incorporating the new evidence. P(E|H) is the likelihood; the probability of observing the new
evidence given the observation of the specific change in value captured by H. P(E) is the
probability of the evidence being observed, regardless of whether a change in value occurs too
(Harsanyi, 1983).
As discussed before, the price of a stock is dependent on the present value of expected future
cashflows, which are dependent on the probability distribution of a range of different possible
cashflows. If this probability distribution changes, the price changes. Heterogeneity in investors’
beliefs about the probability of specific possible cashflows can result in a divergence in
valuation in different ways. If investors are heterogeneous in their estimation of the prior
probability, there will be divergence in the individual expectations of the new value of the stock
after the event, even if there is a homogeneous understanding of the contents of the new
information. If investors are heterogeneous in their estimation of the likelihood, there will be
divergence in the individual expectations of the new value of the stock after the event, even if
there is homogeneous understanding of the circumstances prior to the event.
Harsanyi (1983) argues that fully rational investors should have the same estimations of the
prior and the likelihood, because fully rational investors should all interpret the same information
in the same manner; the true manner. This suggests that the only plausible explanation for
heterogeneous investors’ opinions is the existence of irrational investors.

2.1.5 Irrational Investors with Behavioural Biases
Traditional financial models mostly rely on investors being fully rational, thus holding
homogeneous opinions about new information. Rationality in this aspect refers to two things. 1)
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if presented with new information, investors will update their beliefs correctly, in accordance to
Bayes’ law, resulting in a homogeneous new posterior probability for all investors, and 2) given
these correct beliefs, rational agents will make normatively acceptable decisions; they will
choose a strategy that optimises their subjective expected utility (Barberis & Thaler, 2003). The
assumption of humans being fully rational was challenged by Herbert Simon in 1957, in
response to consistent empirical evidence that did not support the notion. He proposed the
concept of bounded rationality, stating that the second half of the rationality assumption was
indeed true, but that humans do not update their beliefs correctly, because they are limited in
their ability to make fully rational decisions (Gigerenzer & Selten, 2002). This limitation is
caused by constraints in resources such as thinking capacity, availability of information, and
time to make a decision. Bound by these limitations, an agent with bounded rationality updates
his beliefs as well as he can, and then makes a decision that maximises his subjective expected
utility. In order to compensate for the limits in resources, individuals draw on cognitive beliefs as
shortcuts to make the most optimal decision as possible (Gigerenzer & Selten, 2002). Investors
draw from different psychological biases and heuristics when they have to process new
information to update their stock valuations and adjust their demand. Heterogeneous
application of these biases and heuristics causes heterogeneous beliefs about new information
among investors. The study of behavioural finance covers a range of biases and heuristics that
cause bounded rationality, which are discussed in great detail by Barberis & Thaler (2003) in a
inclusive Survey. We will only discuss a small set as to remain relevant to the topic of this
thesis.
One of these psychological biases is Conservatism, which is based on the idea that investors
update their beliefs only slowly when presented with new information, rather than instantly.
Conservatism states that when presented with new information, people have a tendency to
underweight that information and instead rely too much on prior, outdated beliefs (Barberis et
al., 1998). In regards to the Bayes law as presented in the previous section, this means that
investors do adjust their posterior probability in the right direction, however not instantly by the
right magnitude. This suggest that when information arrives, the Conservatism bias will cause
investors to underreact to that new information, and the price of a security will only gradually
convert to the correct value (Barberis et al. 1998). The underreaction is visualised in Figure 1.
Not all new information is the equal. A subset of news announcements are those where the
contents come as a surprise. For example negative earnings announcements where positive
earnings were expected, or the sudden departure of a key figure in an organization, or a switch
in political regime due to an unforeseen electoral victory of the opposition party. Any event that
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disconfirms, contradicts, or violates a prior expectation or belief can be considered a surprise,
and these events elicit a different response than events that are confirmative or only moderately
surprising. The magnitude of the surprise is related to the subjective difficulty of integrating it
with the old beliefs to update them according to the new information. A higher level of surprise
relates to a larger contrast between observed and expected outcome, and this inconsistency
results in an increased need to “make sense” of the new information (Meyer et al, 1997; Teigen
& Keren, 2003; Maguire et al., 2011). As cognitive resources are allocated to the new
information during the updating process, they are drawn away from other sources of
information, such as prior beliefs (Reisenzein et al., 2012). As a result, an investor weights the
surprising information more heavily when updating his beliefs. Like the Conservatism heuristic,
the investors do adjust their posterior probability estimate into the right direction, just not by the
right magnitude. In this case, too heavily. Therefore, any underreaction can be moderated by
surprise. However, for extremely surprising events, investors overweight the new information,
which can lead to an overreaction (Choi & Hui, 2014). This response is visualised in Figure 1.
The incorrect magnitude of the price increase or decrease caused by underreaction and
overreaction should gradually disappear as investors are able to better allocate their cognitive
resources over time and the weights to old and new information are restored to proper division.
As time passes, more attention to non-surprising news pushes the prices further towards the
actual rational valuation and the initial underreaction is eliminated. An overreaction to surprising
news is also reversed, as the urgency level of the initial surprise decreases and investors
spread their attention more equally over old and new information. This correction can be
observed in Figure 1. In some cases though, the limited information and high complexity of
news can result in Herd (or Group) Behaviour among investors (Sornette, 2003). Herd
behaviour refers to the tendency of individuals to copy the behaviour and actions of others, thus
acting more as a group. Shiller (2000) states that herding behaviour on the financial markets
often occurs as a result of an information cascade. In these situations investors disregard their
own private opinions and signals in favour of imitating the actions of others, often because they
are uncertain about the impact of the new information themselves and believe that others know
better (Sornette, 2003; Tvede, 2007). This herding behaviour can drastically extend any over- or
underreaction, as can be observed in Figure 1 as well.
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Figure 1. Overreaction and Underreaction (and Herd Behaviour) to Positive Change

(Figure is for illustrative purpose only)
Aside from herd behaviour, extended under- or overreaction can also be caused by what
Festinger (1957) defined as the Cognitive Dissonance Theory and the notion of Selective
Exposure. This theory states that information that violates an already performed action or
decision is often neglected by agents, as they try to mainly expose themselves to information
that confirms their existing beliefs (Tvede, 2007). Consequently, stock prices continue the trend,
rather than reverting to the actual rational valuation. The Anchoring and Adjustment heuristic
results in a similar postponement of correction. It describes how the decision making process of
an investor is influenced by a first impression and how they adjust their beliefs from this base
point, the anchor. When using a starting point like that, any further adjustments will be biased
towards the initial expectation (Barberis & Thaler, 2003). This can slow down the adjustment
process towards the actual rational value.

2.2 Previous Literature
Brexit is still a very recent event, and as the negotiation process has not ended by the
publication of this thesis, there is still only a limited body of research publicly available that
investigates its effect on the financial market. Therefore the first section will introduce Brexit in
more detail, identify the source of uncertainty that makes Brexit such a unique event, and
discuss the few existing studies that look at investor behaviour on the financial markets
surrounding the referendum. Additionally, a general perspective on market responses to
macroeconomic news and uncertainty will be presented. The following sections discuss several
studies with approaches for testing market efficiency and unexpected trading volume from a
more general perspective.
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2.2.1 On Brexit and the Effect of Macroeconomic News
2.2.1.1 How Brexit Affects the UK Economy
Since the EU has not previously experienced the withdrawal of one of its members, there is no
precedent on the terms of the separation. Additionally, the EU has stated it will only confirm a
deal once all aspects of the deal are agreed upon. As such, the exact outcome of the
negotiations that will set the new economic environment for the UK is still uncertain. However,
two different extreme scenarios have emerged; a soft or a hard Brexit (Emerson, 2016). In case
of a soft Brexit, the UK will (to a certain degree) remain part of the European Economic Area,
like Norway, Iceland, and Liechtenstein. As part of the single market, the UK will still enjoy the
free movement of goods, services, capital, and labour, and pay for this in the form of annual
contributions, but less per capita than under EU membership. It will lose all of the governing and
voting power it previously enjoyed and will have to take any decisions made in the group as-is.
A hard Brexit will see the UK completely leaving the European Economic Area. As a result, its
international trade is to be governed either by bilateral agreements with the EU (like Canada
and Turkey), or without any special agreements and thus completely under the rules of the
World Trade Organisation (like Russia and Brazil). In either of these cases, new trade
agreements have to be made, not only between the EU and the UK, but also between the UK
and the rest of the 163 members of the WTO, opening up the possibility for increased trade
restrictions and costs. These two sides are the extremes of a range of possibilities, which are
inspired by existing trade relationships between countries. Just prior to the referendum,
Parliament (HM Treasury, 2016) has modeled the UK economy under the tree aforementioned
models, with a long-term perspective in mind. The analysis shows that in each single case
openness and interconnectedness would be reduced, lowering trade and investment flows, and
ultimately leaving the UK poorer and with a lower GDP compared to the status quo, even if that
status quo means large payments to the EU. This analysis is supported by several studies on
the long-term and short-term effects, published by the National Institute of Economic and Social
Research (for example Ebell, Hurst & Warren, 2016; Baker et al., 2016). These reports indicate
an overall decline in the economy was to be expected as a result of the Brexit referendum,
when they were published in the runup to polling day. The characteristics responsible for this
general decrease, however, affect individual industries differently. KPMG Economic Insights
(2017) published a report comparing UK sectors in their vulnerability towards Brexit, indicating
access to the EU product market (exposure to export and import, in terms of regulations, tariffs,
and the pound exchange rate) and access to the EU labour market as possible restrictions.
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Two of the main concerns in the Banking, Financial Services and Insurance industries, if the
results of the referendum became in favour of a LEAVE, is the risk of leaving the European
single market and its passporting rights. The EU single market allows for free movement of
goods, capital, services and labour and the passporting rights that allows UK banks/financial
institutions or UK subsidiaries from non-EEA (European Economic Area) countries to perform
cross-border activity with the rest of the EEA (Woodford, 2016). A loss of access to the single
market could lead to lack of liquidity and increased cost and a loss of passporting rights could
potentially lead to non-EEA countries companies moving there UK subsidiaries to a new country
within the EEA. So the LEAVE-result of the referendum was expected to have a negative
impact on the Banking, Financial Services and Insurance industries (KPMG Economic Insights,
2017; Lawrence, 2016(1)).
Consequences of Brexit for the Pharmaceutical and Biotechnology industry involve this sector
most likely losing all R&D funding it currently receives from the EU. An exit from EU would
make clinical trials harder and more costly, as they would no longer be part of the EU Clinical
Trials regulations. This would also cause fewer trials performed in the UK by other EU
countries, as is the case prior to the referendum; the UK is among the preferred countries to
perform trials in. To continue the sale of pharmaceuticals to the EU, the approval process of
new medicine or devices would become more challenging, as UK would have to set up new
regulatory medicine authorities, and firms might have to apply for approval in both UK and EU
to retain market share (Velthuijsen, 2016). So the effect of potentially leaving the EU would be
expected to have a negative effect on the Pharma and Biotech industry.
If the UK leaves the EU there is a risk that they cannot negotiate a trading agreement that both
parties agree on, which would leave the UK to trade under the tariffs of World Trade
Organization (WTO). The implied tariffs imposed by the WTO vary significantly across countries
and products. The average implied tariff for UK export to EU countries is for pharmaceutical
product 0% so this industry is not expected to be affected by trade under the WTO, where
products like tobacco, flours, meat and dairy have implied tariffs between 27% and 49%
(Lawless & Morgenroth, 2016). This indicates that industries like the Tobacco, Agricultural and
Food Manufacturing would be expected to be negatively affected by the risk of trading under the
WTO, if the results of the referendum became a LEAVE (KPMG Economic Insights, 2017).
Leaving the EU could also put an end to the free movement of people between the EU and the
UK. This could affect sectors with high exposure to EU labour. Sectors that have a high
exposure to EU labour are for example Food and Drink Manufacturing, Pharmaceutical and
Biotech, Hotels and Restaurant, and Oil and Gas, and they are expected to be affected

23

negatively. Sectors such as Insurance, Real Estate, Shipping, Telecom and Leisure have low
exposure to EU labour (KPMG Economic Insights, 2017).
The Mining sector is rather neutral in its expectations towards Brexit, even in consideration of
LEAVE. Most of the firms listed on the LSE do not actually have any operations on UK soil,
Euromines president Mark Rachovides states in an interview with Mining Weekly (Solomons,
2017). These firms may feel the effects of Brexit as they have a large export exposure to the
EU, but Rachovides also points out it is unlikely EU-based consumers will be able to find
alternative suppliers quickly. The biggest threat according to him is on the R&D cooperation
between the EU and the UK. However, these long term issues are still very uncertain. In a
shorter perspective, the situation is unlikely to change. Due to the high export exposure,
deregulation of the market will not benefit the sector much, as firms will have to stick with EU
standards. Additionally, most environmental restrictions resulting from EU law have seen the
UK at the forefront (Hitchcock, 2016). As most mining companies make their money in dollar
terms, a weak pound due to the outcome can be considered favourable, and with a strong gold
price (due to its safe-haven characteristics in times of uncertainty), the industry has little
adjustments to make in the short term, and too much unknowns to adjust for the long term
(Reuters Staff, 2016). A similar response is found in the Oil & Gas sector. The global aspect of
the sector exposes it to import and export, but as a commodity sold on the international market,
the WTO poses no tariffs on basic oil sold in the EU. However, with the UK out of the single
market, and thus the Internal Energy Market, a new trade agreement has to be settled with the
EU. Additionally, impacts felt upstream and downstream supply chain may cause ripples in the
industry (KPMG Economic Insights, 2017). The UK Government has kept tight control of its
energy policies pre-Brexit, regulating licensing and taxation of oil and gas exploration, appraisal,
development and production activities, and therefore little is expected to change on the short
run. Some commenters even point out that Brexit may lead to much-needed change, as the
Government will be motivated to keep the sector attractive and competitive to secure its
survival, and the industry itself is active with collaboration in new and innovative ways (Norton
Rose Fulbright, 2016).
The prospects of a potential LEAVE from the EU when the referendum was officially
announced, caused much uncertainty in the UK economy and the pound to fell accordingly. A
LEAVE result in the referendum would be expected to bring still more uncertainty and a weaker
pound (Allen, 2016). A weak pound especially affects industries with high import rates, since it
increases the cost of importing. This could be industries like automotive manufacturing, nonfood consumer goods and industrial products, likewise is it estimated that one quarter of the
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food consumed in the UK is imported (KPMG Economic Insights, 2017). This means that the
price on food and non-food consumer goods would become more expensive when the pound is
weak, so the general public would have less purchase power, which could be expected to have
a ripple effect on industries such as Support Services, Household Goods and Travel & Leisure.

2.2.1.2 Brexit on the Financial Market
Krause, Noth, & Tonzer (2016) point out that prior to the referendum, a high degree of
uncertainty about the possible consequences could be observed on the financial market. An
increase of the share of supporters of leaving the EU correlated with declining returns for bank
indices, depreciating currency, and increased volatility on the European stock markets.
Wu, Wheatley & Sornette (2017) pose a challenge to the Efficient Market Hypothesis as they
show that the British Pound market in US Dollars was delayed in reflecting the outcome of the
Brexit referendum result on Brexit-night. They argue that the final outcome could be predicted
with confidence after the live publication of 20 out of the 382 local voting results. The authors
connect this delay with both generic inefficiency and a specific inertia/durable bias in the
market.
Oehler, Horn & Wendt (2017) study the short-term effect of Brexit right after the referendum on
the stock prices of the FTSE 100 on the London Stock Exchange. They investigate abnormal
returns from both daily prices and 5-minute interval prices, on the percentage of domestic sales
of firms, the firms’ market capitalization and dummies reflecting the firm’s sector. The results of
the study show that firms with low firm-level internationalization, i.e. high degree of domestic
sales, realized more negative abnormal returns compared to firms with high firm-level
internationalization. The study finds that this is only applicable the first trading day after the
referendum, which suggest a degree of semi-strong efficiency in the market.
Smales (2017) investigates how political uncertainty outside a general election affects the
uncertainty in the financial market. He uses the case of the Brexit referendum as event. He
examines implied volatility in UK and Germany, surrounding the announcement of the polling
results, and finds that implied volatility increases when the uncertainty in the polling results
increases. Thereby the author finds a significant positive relationship between the political
uncertainty and the uncertainty of the financial market. Cox and Griffith (2017) find similar
results, as they analyse bid-ask spreads, quoted depth, and volatility around political shock
events such as the Brexit referendum outcome and the surprise victory of Trump in the 2016
US elections. Their evidence suggests uncertainty around political outcomes can increase
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information asymmetry and reduce liquidity, specifically immediately after the event, albeit not
persistent.
Schiereck, Kiesel & Kolaric (2016) compare the reaction of EU banks on the Brexit referendum
to that on the Lehman Brothers bankruptcy of 2008. Their analysis of stock market and CDS
spreads suggests that the short-term drop in share prices was more severe at the, but
increases in CDS spreads were lower, and concentrates mainly around EU banks. This
indicates that there is less contagion to non-EU banks, which means the financial markets are
more resilient towards uncertainty from unexpected economic policy changes.
Ramiah, Pham & Moosa (2017) examined the sectoral impact of the Brexit referendum by
investigating abnormal returns for a 10-day event window. They argue that a proper analysis of
the impact of Brexit on the UK economy is premature at the time of their publishing shortly after
the referendum, but that the instant response of investors may indicate expectations about the
future performance of the sectors. Therefore, the authors focus on the different responses
(negatively or positively and in what magnitude) between sectors, and the change in short-term
systematic risk captured by increased industry betas before and after the 24th of July 2016.
They find the banking sector and sectors that face similar consequences due to passporting
regulations, such as financial services, insurances, and investment funds, to be amongst those
hit the hardest, as well as travel and leisure and household goods and home construction. The
authors also observe increased systematic risk for these sectors.

2.2.1.3 Macroeconomic News and Market Uncertainty in a Broader Perspective
Although Brexit is the first event of its exact kind, no other country has ever left the European
Union, new government policies or changes in the political climate that threaten the stability of
the macroeconomic environment are not uncommon. Following are a few examples of studies
in this direction.
The most rigorous threat of a change in economic environment is a change of regime after a
national election. A multitude of studies have examined the US financial markets according to
the Presidential Election cycle, dating back to Niederhofer et al. (1970) and Herbst & Slinkman
(1984), who examine the US stock market between January 1926 through December 1977.
They find evidence to support a 4-year cycle peaking in November just before the elections.
This cycle has been further examined for example by Wong & McAleer (2009). These authors
find a consistent pattern during the 4-year cycle where prices fall during the first two years after
which they reach a minimum, then start rising again during the second half, and peak in the
third or fourth year. The authors argue that often an incumbent government may manipulate
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economic policies in order to achieve re-election. This effect is more profound with Republicans
than Democrats. The cyclical evidence may reflect market inefficiency as their existence
violates the weak form EMH. Their findings are in line with other studies by, among others,
Allivine & O’Neill (1980), Huang (1985), and Stoken (1993). In particular the last US election,
the 2016 one, has caused a stir. Pham et al. (2017) find that the election created uncertainties
for the US economy, do to the lack of clear policies and Trump’s volatile character. They
observe both negative and positive abnormal returns in the market for different industries.
Additionally, they find that an increase in short-term systematic risk was experienced by 16
sectors right after Trump securing the nomination of the Republican party. Outside of the US,
Pantzalis, Stangeland & Turtle (2000) investigate stock markets in 33 countries during political
elections between 1974 and 1995. They find positive abnormal returns shortly prior to the
election week, dependent on the degree of political, economic, and press freedom of a country.
Additionally, whether or not the incumbent is re-elected has a significant effect, as well as an
early (arguably manipulated) election. More positive abnormal returns occur when the
opposition wins, especially in less free countries or with early called elections. The authors
ascribe this effect to an initial increase in uncertainty prior to the election, and the decrease in
uncertainty that follows the results. More recently, Białkowski, Gottschalk & Wisniewski (2007)
investigate a sample of 27 OECD countries and find that national elections induce higher
volatility, stating the shock is a result of surprise by the election outcome. They identify a narrow
margin of victory, lack of compulsory voting laws, change in political orientation of new
government, or a government without parliamentary majority to have a significant effect on the
magnitude of the shock.
A lot of policy uncertainty stems from economic (especially monetary) policy, as these kind of
legislation have a broad effect on the entire economy. Mezrich & Ishikawa (2013) and Gregory
& Rangel (2012) also suggest that economic policy uncertainty is a significant indicator of the
S&P500 fluctuation and earnings growth. They consider economic policy uncertainty to be a
driver for the equity market uncertainty and sometimes it can be considered as better indicator
for the implied market volatility than the VIX. News on economic policy uncertainty affects stock
prices through discount rates as these indicate the state of the economic environment. More
specifically, Kurov & Stan (2018) examined the influence of US macroeconomic
announcements on equity, Treasury security, foreign exchange, and crude oil markets, as well
as medium-term interest rates, under different degrees of monetary policy uncertainty. They
found that the stock market and the market for crude oil respond less heavily to these
announcements in times of higher monetary policy uncertainty, yet the markets for Treasury
securities, foreign exchange rates, and interest rates responded more heavily. The authors
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argue that macroeconomic announcements impact these markets mainly through the expected
reaction of monetary policy, especially in times of heightened monetary policy uncertainty when
concrete information is scarce.
Political instability can also occur in the case of conflict. Abadie & Gardeazabal (2003)
investigate abnormal returns for companies in the Basque Country during the terrorist activities
of the ETA during the 1970s, 80s, and 90s. During periods of truce and good news, positive
abnormal returns were observed, while at the end of the cease-fire, a period of bad news,
negative abnormal returns were dominant. Brounen & Derwall (2010) take a larger perspective
and include 31 different terrorist attacks since 1990, compared with a sample of 59
earthquakes. Terrorist attacks have significantly larger negative abnormal returns, but the
market evaporates these abnormalities within a two day timespan. Negative cumulative
abnormal returns dissolve on the third trading day. The authors thus suggest that the initial
response was an overreaction. These findings are in line with Eldor & Melnick (2004) and Chen
& Siems (2004).
To measure economic policy uncertainty, Baker, Bloom & Davis (2013; 2016) have developed
the Economic Policy Uncertainty (EPU) index. For the US and 11 other major economies
(including the G10), the index reflects the frequency of articles in leading newspapers that
contain a trio of words relating to economy, uncertainty, and governmental terms like
“legislature” and “congress”, which for the US spikes surrounding national elections, the Gulf
Wars and 9/11 attacks, and fiscal policy disputes like the Financial Crisis of 2008. Additionally,
indexes including terms related to healthcare and defense are created. They use this new
measure to examine the relationship between policy uncertainty to volatility, investment rates,
employment growth, and output. They find negative economic effects surrounding heightened
EPU, suggesting increased EPU in the US and Europe has harmed macroeconomic
performance. Brogaard & Detzel (2015) use the EPU index to find that EPU positively forecasts
excess market returns, but not cashflows, thus suggesting increased EPU causes increased
risk premiums.

2.2.2 On Market Efficiency Testing
As mentioned previously, the semi-strong efficient market form represent all public available
data, and is tested by looking at the speed of the adjustment of the prices after new publicly
available information have been released. Previously research in this area has tested the speed
of adjustment of the prices, often by constructing an event study (Fama, 1991) as pioneered by
Fama, Fisher, Jensen & Roll (1969). These authors investigate the stock market reaction to the
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announcement of stock split. They find evidence that the stock prices rapidly adjust to the new
information and can therefore support the hypothesis of an efficient market (Fama, Fisher,
Jensen & Roll, 1969).
Most early studies on the speed of adjustment of stock prices to new information, Fama, Fisher,
Jensen & Roll (1969) included, were constructed on monthly data. In Brown & Warner (1985),
they investigate the effect of using daily stock returns in event studies and found that using daily
returns reinforces their results of previously studies done with monthly data. Most studies using
daily data find evidence supporting the Efficient Market Hypothesis, and that the stock prices on
average seems to adjust to the new information within a day (Fama, 1991).
Patell & Wolfson (1984) examine the effect of new earnings and dividend announcements on
the stock price. The data they examine consist of intraday stock prices, almost down to the
second. They find that the market appears to react to the new earnings and dividend
announcement, within a few minutes, and that the large price changes occur between the first
five to fifteen minutes. They can therefore conclude that their evidence support the notion that
the stock market very quickly react to new information (Patell & Wolfson, 1984).
To obtain the expected returns to be able to test the speed of adjustment, Fama, Fisher, Jensen
& Roll (1969), used the so-called Market Model. Which is a one-factor model where the
expected returns are calculated based on a linear regression of the security’s returns on the
market returns. This model is widely used in event studies (Fama, 1991). However, Fama
(1970) suggested that at that time the best theory to calculate expected returns was actually the
one by Sharpe (1964) and Lintner (1965), more commonly known as the CAPM (Capital Asset
Pricing Model).This model is also a one-factor model, but it also incorporate the risk-free rate,
and therefore changes in the risk-premium.
It is not possible to truly reject the Efficient Market Hypothesis with these equilibrium models.
Even with a result that supports a rejection of the hypothesis, which would imply the market is
inefficient, there is a possibility that the equilibrium model used to calculate the normal
(expected) returns is incorrect. This problem is known as the joint hypothesis problem
(Campbell, Lo & Mackinlay, 1997; Cuthbertson & Nitzsche, 2004), meaning that the statistical
test is testing both for the existence of abnormal returns, and the (in)correctness of the model at
the same time. Therefore, any outcome of the test can be in support of either of these
hypotheses and not unequivocally either of them.
Not only one-factor models have been used to calculate the expected return, also multifactor
models have been broadly used. Examples of commonly used multifactor models is the APT
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(Arbitrage-Pricing Theory) suggested by Ross (1976), where the expected returns are
calculated by their sensitivity to various factors on the market, and the Fama-French 3 factor
model by Fama & French (1993), which expands the CAPM model by adding factors with
measurement of size and value.

2.2.3 On Unexpected Volume Testing
Existing literature continuously states the challenge of measuring investor divergence and
information flow, mostly because this private information is valuable to the individual investor.
Therefore, most studies either propose in depth mathematical models, filled with assumptions,
to argue the effect of information on the divergence in investor opinion, or use a proxy to
measure the degree of information and opinions.
Theoretical models can be found with Kim & Verrecchia (1991) as they set up a theoretical
model where volume increases around public earnings announcements. Morris (1994) explores
the possibilities of market efficiency under different types of asymmetric information, such as ex
ante, interim, and ex post. Another example is Lang, Litzenberger & Madrigal (1990), who argue
that a noisy rational expectations model is the most suitable under the assumption of private
information in combination with price dynamics and information dispersion. Beaver (1968);
Foster (1973) and Morse (1980) combine theoretical models with empirical evidence, and find
that earnings announcements hold information as there is a dramatic increase in volume in the
week of the announcements. Bamber (1989) expends this conclusion and argues that the larger
the unexpected earnings, the larger the trading volume. Many of the studies following his lead
refine their research techniques and benchmarks and apply different proxies to test the
robustness of the conclusions, but find similar results.
Existing literature can be divided into three different proxy categories. Analyst-based proxies
are used by studies that take the matter from an accounting perspective. The finance-focused
literature suggests to take bid-ask spread or stock return volatility as proxy. Studies that
approach the issue with a general market-mindset however, suggest that unexpected volume
can be used as a proxy for divergent investor opinions. More recent studies that have access to
order flow data suggest to use this variable as a proxy, as it separates supply and demand
driven volume. However, Garfinkel (2009) demonstrates that without access to this information,
unexpected volume is a more precise measure of divergence than the other proxies. With
regards to measuring unexpected trading volume, existing literature heavily favours the use of
turnover, defined as number of shares traded on a specific day divided by total number of
shares outstanding. However, there is little agreement on the benchmark for expected and
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unexpected trading volume. Some studies use a firm-specific average volumes over an
estimation period as benchmark. Other studies, however, follow the common methodology of
abnormal return studies, and adjust for market related and firm-specific trading activity.
To assess the benchmark discussion, Tkac (1999) reasons that if a two-fund separation
captures investors’ diversification needs, then turnover for each firm should be equal to the
turnover of all other firms and to the turnover of the market if all firms are equally risky. After
identifying firm size, institutional ownership, option availability, and S&P500 inclusion as
characteristics that could cause anomalous trading on a firm-specific level, Tkac (1999) finds
that these characteristics have a significant correlation with the residuals of this model. Instead,
a Market Model fashioned after those used in common event studies for abnormal returns, does
filter for these characteristics, and its residuals are not significantly correlated with the four firm
characteristics. The intercept, α, captures the average level of fundamental trading due to firmspecific characteristics, and the market coefficient, β, adjusts for market-related trading. After
Tkac’s (1999) discussion on the matter, Chae (2005) is the only study that uses an estimation
period average as benchmark (the paper still uses a one-factor Market Model as robustness
check), as Tkac (1999) concludes that a Market Model is a superior measure.
Measuring the degree of private information (or information flow in general) is equally tricky, as
no informed investor will voluntarily reveal this. Among others, Ivine, Lipson & Pucket (2006)
and Hendershott, Livdan & Schürhoff (2012) argue the use of trading activity as proxy, and
measure institutional trading activity by customer order flow. They apply event study
methodology to find a significant increase in institutional trading before news announcements.
With calendar-time probit regressions, Hendershott, Livdan & Schürhoff (2012) also show that
institutional trading can predict that an informational event is lurking.
The theory behind Copeland’s (1976) SIAH is that information arrive to traders sequential,
causing a lag/lead relationship between the trading volume and the volatility of the return. To
test for sequential information arrival, difference approaches exists. Jena (2016) uses first a
linear Granger Causality model and fails to support for the Sequential Information Arrival
Hypothesis in the Indian derivative market, afterward she uses the non-linear GARCH
framework that confirms the first findings. Mougoué & Aggarwal (2011) use the approach of a
linear and non-linear Granger Causality and find significant lead-lag relations between the
volatility of the returns and the trading volume, which is in support of the hypothesis. The
models to test the hypothesis used in these literature are among the two most widely used, i.e.
the Granger Causality model and the different ARCH models. Hong, Lim & Stein (2000) use a
momentum trading approach to find evidence for the gradual-information-diffusion model
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proposed by Hong & Stein (1999), with several different portfolios over 6 month time frames,
and divide these strategies over firms that theoretically should display a slower information
dispersion, like stocks that receive little versus a lot of analyst attention.
Perhaps even more challenging is the estimation of the consensus effect. Garfinkel & Sokobin
(2006) apply a standardized unexpected volume calculation that follows the reasoning of
Holthausen & Verrecchia (1990). These authors argue that the informedness effect is reflected
in price movements related to trading volume (which would support a fully strong EMH). The
unexpected volume resulting from the Market Model as described before assumes price
movements sensitive to the market equal during the event and estimation period, and therefore
proxies both informedness effect and the consensus effect. Similar to Crabbe and Post (1994),
Garfinkel & Sokobin (2006) include the absolute positive and negative returns from the earnings
announcements into the Market Model to capture the effect of both liquidity needs and
informedness on volume. They find statistically significant results that imply unexpected volume
around earnings announcements can to a certain extent be a proxy for opinion divergence.
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3. Empirical Study
In Fama’s (1991) second paper on market efficiency, he concludes, that over the past 20 years
since he first proposed the Efficient Market Hypothesis event studies have shown to give the
most direct and clear evidence on market efficiency, especially when tested on daily returns (or
even more frequent intraday data). Following his lead, as well as the majority of related
literature that has been published in its footsteps, this thesis also adopts the event study
methodology as presented by MacKinlay (1997). An event study is used to investigate whether
or not a specific event has a significant impact on firm or industry variables, such as abnormal
returns and unexpected volume like in this thesis. A widespread range of financial studies has
applied this research tool, with firm specific events such as earnings announcements, mergers
and acquisitions, or major world events that affect whole industries and markets, like Brexit.
MacKinlay (1997) suggests the following procedure to conduct an event study:
1.

Define the event of interest;

2.

Identify the event window and estimation period;

3.

Determine selection criteria for data to use;

4.

Define and calculate normal levels of the variable of interest;

5.

Calculate abnormal levels;

6.

Test abnormal levels for significance;

7.

Comment on insights gained from analysis.

This chapter focuses on the first 5 steps of this procedure, starting with a more detailed
explanation of the case at hand and determining the relevant time periods. This is followed with
an overview of the cleaned and processed data used for this study, and lastly an explanation of
the specific methodology used to calculate normal and abnormal levels of return and
unexpected volume, as well as the statistical testing process. The next chapter will address
steps 6 and 7; the presentation of our empirical findings and comments thereon.
Additional to the event study, we will also perform a cross-sectional analysis on the effect of our
individual events and test the informedness effect and the consensus effect to address the
subquestions of this thesis. We will present the methodology of these tests in section 3.3 as
well.

3.1 Determining Event and Time Period of Interest
When deciding on the event of interest, it is important to clearly define which exact day is to be
considered the event day, since the actual day of the event on the calendar and the event day
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as used in the study, are not necessarily the same day. Company announcements are often
published during business hours, but events with other origins could happen after the relevant
stock market closes, or on weekends or holidays. In these instances, the effect of the event can
only be incorporated in stock valuation at the first activity after opening on the next trading day,
which should therefore be considered as t0 (the event day of the study).
Many single case driven event studies focus on one event only, such as a national election or
natural disaster. Studies intent on investigating a type of event on a larger scale, such as
earnings announcements or stock splits, identify a specific event day for each firm in the
portfolio and aggregate accordingly, ignoring that the events did not happen at the same
calendar day. The Brexit process, however, consists of different individual events and
announcement days that affect the market, and thus the whole market is effected on the same
calendar day for each separate event. As such, we have selected three events that we believe
present new information to the market, thus increasing or decreasing uncertainty.
Event 1 - 22nd of February, 2016. Official announcement of referendum.
Regardless of prior rumours surrounding the decision for a referendum and a potential date for
the Brexit polling day, the official announcement was made on the 20th of February. This day
falls on a Saturday, which is not a trading day, thus the event day for the first event will be on
the 22nd of February; the first trading day after the official news has been made public.
Event 2- 24th of June, 2016. Results of referendum.
The polling day of the referendum was on June 23rd, but the first local results as well as the final
outcome came in late in the evening, after the closing of the trading day. As such, the London
Stock Exchange market was able to react on June 24th earliest, which is thus the event day of
the second event.
Event 3 - 29th March, 2017. Official triggering of Article 50.
The referendum was merely advisory, but the UK Parliament held its promise to honor the
outcome. On the 29th of March (a Wednesday), new Prime-Minister Theresa May officially
triggered Article 50 of the Treaty of Lisbon when the UK ambassador to the EU delivered a
signed letter to the European Council president Donald Tusk shortly before May read an official
statement to Parliament. The statement occurred shortly after noon and was published on both
the official channels and other media outlets. Therefore, investors could have been well aware
of the news before the end of the trading day. As such, the event day of event 3 is set on March
29th.
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With these three dates as individual event days, t0, the rest of the event study time period can
be established. The time period consists of an estimation period, an event window, and in some
cases a post-event period. Figure 2 displays a graphic representation of the event study time
period, from the first day of the data gathered at T0, to cover the event window from T1 to T2,
and the end of the post-event period at T3. The figure displays this the time period as
consecutive, but this is not required.

Figure 2. Event study time period

The event window is defined as a set of multiple days surrounding the event day, including at
least one day prior and one day past, setting it at a minimum of (-1;+1) as proposed by
MacKinlay (1997). Depending on the interest of the study, however, different windows have
been applied as well. Ajinkya & Jain (1989) also consider (-3;+3) and (-5;+5), as do Kanas
(2005) and Miyajima and Yafeh (2007), respectively. Longer periods can also be considered, as
is demonstrated by Karafiath (2009) who extends the event window to (-15;+15). This thesis is
mainly interested in short term responses, but acknowledges that the speed of adjustment of
the market to new information can be multiple days from the announcement date (Dangol,

2008). Taking into account previous studies, we have selected (-2;+2) as a 5-day event
window, as to capture possible delayed response but remain focused on short term effects.
The estimation period represents the data under normal circumstances, unaffected by the event
(and must thus not include the event or event window). These periods are inconsistent across
the literature, ranging from 30 days (Chae, 2005) to 300 days (Karafiath, 2009) or even 500
days (Litvak, 2007). MacKinlay (1997) suggests to take a full calendar year as estimation period
to avoid seasonal bias in the results. A full calendar year is on average 250 trading days,
excluding weekends and holidays at which the exchange is closed. Most studies set the
estimation period right before the start of the event window, as also displayed in Figure 2. Our
study however, requires a slightly different approach to the estimation period selection.
Because we deal with a cluster of events that are related to one another, all affect the total
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market, and are less than a full year spaced apart, we argue that we cannot use any of the days
after the first event day as estimation period. These observations may be contaminated by the
first (and following) events and do not represent normal circumstances. With this in mind, we
have set our estimation to be one full calendar year before the first event window, and apply the
same estimation period for all separate events. This is inspired by Oehler, Horn & Wendt
(2017), who also set a space of 25 days between the end of their estimation period and the start
of their event window. To account for weekends and public holidays in the UK on which the
London Stock Exchange is closed, our estimation period holds 253 trading days.
The post-event window can be used if studies are interested in the longer term effects of their
events of interest (Benninga, 2008). However, the focus of this study stands with the
incorporation of information as displayed in the response of the market directly after an
information heavy event. Therefore, the post-event window is not of concern to this study.

3.2 Data
This section will present the data used in this thesis. First it will cover the selection criteria on
which data was included in the study, and how it have been gathered, next will describe the
process of cleaning the data. Fundamental variables for the empirical analysis are returns and
volume in terms of turnover, which is therefore calculated and examined. Lastly an overall
statistical descriptive of the data is presented.

3.2.1 Data Selection
To investigate the presented research questions, this thesis will examine quantitative data from
the British stock market, as extracted from Bloomberg (2018). The London Stock Exchange has
different market indices, the main ones being the FTSE 100, FTSE 250, FTSE 350 and the
FTSE All-Share. We have chosen to examine is the FTSE 350 index, which consist of the 350
biggest companies listed on the London Stock Exchange, determined by market capitalization.
The FTSE 350 index is made up from all companies included in the FTSE 100 index and all
companies included in FTSE 250 index (FTSE Russell, 2018), and we have chosen it because
it can provide a more general view of the market than the FTSE 100 or FTSE 250 could do
individually. Even though we want to examine the general effect of Brexit on the British stock
market, we have chosen not to use the FTSE All-Share because it also contain all the small
companies that are not traded frequently and therefore do not have the same liquidity as bigger
companies, which could lead to biases in the results.
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To further examine any different reactions to the Brexit across the market, we have extracted
the data from the 11 largest industry sectors in the FTSE 350 index. The classification of the
companies into industry sectors are done by FTSE Russell that follows the guidelines of the ICB
(Industry Classification Benchmark) (FTSE Russell, 2017). The classification consist of 41
different industry sectors, and we have, as mentioned, chosen to use the 11 largest industry
sectors in this study. The reason for this is first of all to keep the number of sectors at a more
manageable level, and that the last 30 industry sector each contribute with less than 1,2 % of
the market capitalization of FTSE 350 index on average. Table 1 presents an overview of the 11
sectors.
Tabel 1. Overview of Industry

Industry

Abbr.

% of FTSE
350
Market Cap.

Oil & Gas
Producers

OG

11.49

Banks

BA

10.56

HSBC Holdings,
Aldermore Group plc

Pharmaceuticals &
Biotechnology

PB

8.39

AstraZeneca plc,
GlaxoSmithKline plc

Tobacco

TO

5.52

Imperial Brands plc,
British American Tobacco plc

Mining

MI

5.04

Anglo American plc,
BHP Billiton plc

Support Services

SS

4.91

Ex. Of firms in industry

BP plc, Royal Dutch Shell plc

G4S plc, Ferguson plc

Life Insurance

LI

4.72

Just Group plc,
Phoenix Group holdings

Travel & Leisure

TL

4.54

EasyJet plc,
Domino’s Pizza Group plc

Media

ME

3.84

Pearson plc, Sky plc

3.45

Reckitt Benckiser Group plc,
Berkeley Group Holdings

2.71

3i Group plc, London Stock
Exchange Group plc

Household Goods &
Home Construction

Financial Services

HH

FS
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The % of FTSE 350 market capitalization is calculated as an average over the extracted period;
01-02-2015 to 30-04-2017.
For each of the chosen sector and the FTSE 350 index, we extracted the price, trading volume
and market capitalization from the period 01-02-2015 to 30-04-2017. To have sufficient preevent data, we extracted data as early as February 2015, which we will employ as estimation
period to determine the level of normal returns and expected trading volume.
The price as extracted from Bloomberg is a time-series of daily closing prices. The trading
volume represents the amount of GBP traded each day, measured by the number of shares
traded times their price in the traded moment. To obtain the turnover rate later in the analysis,
we would also need the number of total shares outstanding per industry. We can apply the
market capitalization per industry, measured in GBP, to obtain this number, measured in GBP,
as a measure for the total shares outstanding as we also have trading volume measured in
money value terms. This is because the daily market capitalization is calculated as the total
number of shares outstanding multiplied the share price.
For the use of the CAPM later in this study, a measure for the risk-free rate needs to be
considered. Theoretically, this would be the rate of return provided by a completely risk free
investment. However, since even the safest investment does, in practice, always carry a small
degree of risk, government bonds are often used as a proxy for the risk-free rate (Berk &
DeMarzo, 2014). We have therefore chosen to use the United Kingdom 10 Years Government
Bonds as our measure for the risk-free rate in the British market, which have also been
extracted from Bloomberg.

3.2.2 Data Cleaning
A cleaning of the data set is necessary before we can start the analysis. The cleaning of the
data consist of removing or modifying errors in the data set. Since we are only looking at British
stock indices traded on the London Stock Exchange, i.e. the same stock exchange, the trading
days for all the gathered industries should be the same. However, in the period of interest it
appears that we have eleven days that display inconsistent data to a degree that they seem to
be inaccurate, instead of extreme outliers. For those eleven days, the data only displays trading
volume for some of the industry sectors, and the trading volume is so small that it on average
consist of less than 1% of the total level of trading volume. Additionally, the data presents a
share price of zero on these days. Both the unusually low trading volume and zero share price
are indicators of potential errors in the data.
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After further investigating the days in question, they all turn out to be public holidays on which
the London Stock Exchange is closed for trading, so there should not be any data for these
days to begin with. Therefore, we cannot explain why we get some small trading volume and a
price of zero for some of the industries on these days, but we know that there should not be any
trading activity on these days. The data from these eleven days should therefore be excluded
from the analysis, as they could cause a bias in the results. We chose to delete the days from
the data set. Afterwards the dataset looks fine, as there do not seem to be any more indicators
of error and we have no missing data points in the time series.

3.2.3 Returns
After cleaning the data, we calculate the percentage changes of the prices, i.e. the returns. This
is done for all the time series of prices by calculating a simple return using the following formula:
𝑃𝑡

𝑅𝑡 = 𝑃

𝑡−1

−1

(1)

The reason that we are more interested in the return rather than the prices, is that they provide
a more general and comparable measure of the performance of the investment than the actual
price. Returns also tend to be more likely to be stationary rather that actual prices. To take one
example of this we have the time serie of the price of the total FTSE 350 index presented below
in Figure 3.

Figure 3. FTSE 350 Index price

The graph of the FTSE 350 index indicates that the mean level and variance do not appear
stable over time, which is a condition for a stationary time series (Cuthbertson & Nitzsche,
2004). Upon calculating the returns, the graph instantly appears more stationary around the
mean, as presented in Figure 4.
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Figure 4. FTSE 350 Index return

Figure 4 indicates that there are a relatively many outliers in the time period, this implies that
the returns are most likely not normally distributed and probably have fat tails. The histogram of
the returns in Figure 5 confirms this.
Figure 5. Histogram of FTSE 350 Index returns

When doing this for all the industries, we get similar pictures as above. Many outliers, nonnormal distributed due to positive excess kurtosis, and a histogram that indicates a leptokurtic
distribution of the returns, meaning that is have higher peak higher and fatter tails than a normal
distribution. The non-normal distribution of the the daily returns is in line with what Fama (1970)
concludes on the distribution of daily returns. Likewise Jennergren & Korsvold (1974) and Fama
(1965) find that returns of stock fits best with a leptokurtic distribution and fat tailed.

3.2.4 Turnover
The raw trading volume in our data set consist as previously mentioned of the GBP value of the
daily traded shares. Again, the total FTSE 350 is displayed in Figure 6. The graph shows the
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traded volume for the FTSE 350 index which appears to be quite stable throughout the time
period. Only a few outliers can be observed, especially peaks around the Brexit referendum and
dips at both Christmas periods included in the sample. This however is not the general view
when looking at the different indices, some appears quite volatile the whole time period and
others seems to have increasing volatility over the period. The level of the trading volume differs
depending on the indices. Therefore we chose to use turnover ratio as a measure for trading
volume, in line with previous literature. We now obtain a more comparable measurement across
the indices compared to the raw GBP value of the traded volume. The turnover ratio is
calculated by dividing the daily GBP value of the traded volume by the daily market
capitalization in GBP for each industry.
Figure 6. FTSE 350 Index traded volume

The turnover ratio does not appear to be normally distributed either, since the time series are
positively skewed with a skewness between 1.6 and 7.1 and high positive kurtosis between 6.8
and 89.5. Previously studies on the trading volume, like Ajinkya and Jain (1989) recommend to
log-transform the turnover ratio to obtain more normalized data if the data is not normally
distributed. Accordingly, we use the formula in equation (2) to calculate the turnover ratio we will
use in any further analysis.
£ 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑠ℎ𝑎𝑟𝑒𝑠 𝑡𝑟𝑎𝑑𝑒𝑑 𝑜𝑛 𝑑𝑎𝑦 𝑡 𝑓𝑜𝑟 𝑖𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝑖

𝑇𝑂𝑡𝑖 = 𝑙𝑛 ( £ 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑠ℎ𝑎𝑟𝑒𝑠 𝑜𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔 𝑜𝑛 𝑑𝑎𝑦 𝑡 𝑓𝑜𝑟 𝑖𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝑖 )

(2)

After the log-transformation the data appears more symmetric and seems to follow a leptokurtic
distribution, with a higher peak and fatter tail than a normal distribution, similar to the returns
calculated before.
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3.2.5 Sample of the Data
The returns and volume presented above shape the foundation for the data used in the analysis
of this thesis, and a more detailed presentation of the data is therefore presented in Table 2
below in the form of descriptive statistics.
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Table 2. Descriptive Statistics
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3.3 Methodology
In this section we will presented the approach and models we will used to answer the presented
research questions of the thesis. We will start with a further description of the event study,
followed by a presentation of the cross-sectional analysis and ending with the approach and
models for investigating the informedness and consensus effect as potential causes of market
inefficiency.

3.3.1 Event Study
The purpose of this event study is to test the fundamental of the theory of the Efficient Market
Hypothesis at a semi-strong degree, for each of the chosen industries. The general null and
alternative hypothesis tested here are:
𝐻0 = 𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑀𝑎𝑟𝑘𝑒𝑡
𝐻1 = 𝐼𝑛𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑀𝑎𝑟𝑘𝑒𝑡
The first part examine if there are abnormal returns around the events, to test the speed of
adjustment to new information by the prices. The second part looks at unexpected trading
volume, to test if there is agreement among investors, which is a fundamental condition for the
Efficient Market Hypothesis to hold.

3.3.1.1 Returns
The next set of part of the event study procedure is to measure the impact of the event. For this
we need to compute the abnormal returns, per industry i and time t, using this formula.

𝐴𝑅𝑖𝑡 = 𝑅𝑖𝑡 − 𝐸(𝑅𝑖𝑡 |𝑋𝑡 )

(3)

The abnormal returns (𝐴𝑅𝑖𝑡 ) consist of the actual returns (𝑅𝑖𝑡 ) subtracting the expected normal
returns, conditional on the choice of model (𝐸(𝑅𝑖𝑡 |𝑋𝑡 )). The level of expected normal returns
depends on the choice of equilibrium model, and one can compute the expected returns using
different models, as previously mentioned. In this thesis we are will use the Market Model and
the CAPM. We have chosen these two models because the Market Model is a widely used
model in event studies (Fama, 1991), and it can be considered a statistical model, because it
follows statistical assumptions about the asset return behaviour, not depending on the
economic aspects (MacKinlay, 1997). The CAPM model on the other hand, can be considered
an economic model as it is also based on assumptions on the investors’ behaviour (MacKinlay,
1997), such as incorporating changes in the investors perception of risk in the market, in terms
of changing risk premiums.
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The Market Model is a linear one-factor model as presented below:

𝑅𝑖𝑡 = 𝛼𝑖 + 𝛽𝑖 𝑅𝑚𝑡 + 𝜀𝑖𝑡

(4)

The parameters 𝛼𝑖 and 𝛽𝑖 are estimated based on the returns of the industry 𝑅𝑖𝑡 and the market
returns 𝑅𝑚𝑡 over the estimation period prior to the event window since the two should not
overlap. As mentioned we chose to follow MacKinlay (1997) and use an estimation period
covering one year of trading, which for London Stock Exchange consists of 253 trading days,
this should give a representative estimation of the general level of the returns.
The Capital Asset Pricing Model (CAPM) by Sharpe (1964) and Lintner (1965):

𝑅𝑖𝑡 = 𝑅𝑓𝑡 + 𝛽𝑖𝑚 (𝑅𝑚𝑡 − 𝑅𝑓𝑡 )

(5)

where
𝛽𝑖𝑚 =

𝐶𝑜𝑣[𝑅𝑖 ,𝑅𝑚 ]
𝑉𝑎𝑟[𝑅𝑚 ]

(6)

Rm is the return on the market portfolio, Rf represents the return of the risk-free asset. As stated
under the data selection we use the United Kingdom 10 Years Government Bonds as our
measure for the risk-free rate in the British market. The 𝛽𝑖𝑚 provides us with an industry
sensitivity to the market, as it is a measure of the systematic risk.
With the expected normal returns, it is now possible to calculate the abnormal returns. This
leads to the final steps of the procedure by MacKinlay (1997): the aggregating and testing of the
abnormal returns, will be presented just after next section on unexpected volume.

3.3.1.2 Turnover
In line with Garfinkel & Sokobin (2005), who determined that trading volume was the superior
proxy for measuring divergence in investor opinions, we will use a similar indicator. As such,
unexpected trading volume (𝑈(𝑇𝑂𝑖𝑡 )) is defined as the difference between the actual turnover
ratio (𝑇𝑂𝑖𝑡 ) measured at the event date and the expected turnover as predicted by the
benchmark (𝐸(𝑇𝑂𝑖𝑡 |𝑋𝑡 )):
𝑈(𝑇𝑂𝑖𝑡 ) = 𝑇𝑂𝑖𝑡 − 𝐸(𝑇𝑂𝑖𝑡 |𝑋𝑡 )

(7)

With the discussion on a suitable benchmark for expected volume in mind, as presented in the
previous section, we apply both an industry-Average Model and a Market Model. Tkac (1999)
has determined the superiority of a Market Model because a firm-specific model overestimates
the effect of the event on the firm, but these arguments hold mainly for studies that examine
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individual firms undergoing events that do not affect the market. We argue that a Market Model
may underestimate the effects of the event, as we focus on industry groups which represent a
large percentage of the market compared to single firms. Taking both the understated and the
overstated results into account will provide better interpretation.
Our firm-specific benchmark is constructed in line with Chae (2005) as following:

𝐸(𝑇𝑂𝑖𝑡 ) =

∑𝑡=0
𝑡=−253(𝑇𝑂𝑖𝑡 )

(8)

253

The one-factor Market Model we apply is similar to those of for example Tkac (1999) and Lynch
& Mendenhall (1997) and most of the studies applying this benchmark as mentioned in the
previous section. This model is transformed directly from the Market Model for abnormal returns
that is often applied in event studies, as suggested by Ajinkya & Jain (1989).
𝐸(𝑇𝑂𝑖𝑡 ) = 𝛼𝑖 + 𝛽𝑖 (𝑇𝑂𝑚𝑡 )

(9)

αi and βi are estimated with a prior regression during the same estimation period as applied for
the industry-specific model described above, 253 trading days, and the market turnover is
represented by 𝑇𝑂𝑚𝑡 . Market turnover is captured in similar fashion as industry turnover; the
log-transformation of money value of shares traded on day t divided by the money value of total
shares outstanding on day t.

3.3.1.3 Significance Test
The significance test statistics can be classified as either a parametric or a nonparametric test.
A parametric test assumes that the returns tested are normally distributed whereas the
nonparametric test makes no assumption on the distribution of the returns. In our analysis, we
will apply both a parametric and a non-parametric test statistic.
The first test is by Patell (1976), which is one of the most widely used parametric test statistic
for event studies. The test builds on the concept of standardized abnormal return, where it
standardized each abnormal return by a forecast-error corrected standard deviation that
incorporates the increase in the variance consistent with predicting outside of the estimation
period.
The forecast-error corrected standard deviation is calculated by multiplying the standard
deviation with factor C, which is calculated in equation (10).
1

(𝑅𝑚,𝑡 −𝑅̅𝑚 )2
̅ 2
𝑟=1(𝑅𝑚𝜏 −𝑅𝑚 )

𝐶𝑖,𝑡 = 1 + + ∑𝜏
𝑇

(10)
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where T is the number of observations, which is 253 in our case since it is the length of our
estimation period. The final test score is calculated using equation (11), where V is the
standardized abnormal return for day t and N is the number of days included. For the
cumulative test score, N is set to 5 days, which is the length of our event window, and N is 1 in
the single-day test statistic.

𝑧𝑣,𝑡 =

∑𝑁
𝑖=1 𝑉𝑖𝑡

(11)

𝑇 −2

𝑖
√∑𝑁
𝑖=1𝑇 −4
𝑖

As a nonparametric test we will apply the Rank test by Corrado (1989), where the abnormal
returns are transformed into ranks for all days in the estimation period and the event window.
By doing so, the distribution of the returns becomes unimportant. To obtain the test statistics,
each rank is divided by sum of the number of observations in the estimation period and event
window, plus one. This transforms the data into a uniform distribution. To calculate the
cumulative test statistics using the Rank test, we follow the adaption of Campbell & Wasley
(1993) in equation (12).

𝑡𝑟𝑎𝑛𝑘 = √𝐿2 (

̅𝑇 ,𝑇 −0.5
𝐾
1 2
𝑆𝐾

)

(12)

̅ 𝑇 ,𝑇 is the average rank over the event
where 𝐿2 is the length of the event window, and 𝐾
1 2
window.
There is no standard specific test designed for testing the significance of unexpected volume.
Instead, previously papers like Campbell & Wasley (1996) and Ajinkya & Jain (1989) have
applied test statistics originally designed for testing of abnormal returns. Karafaith (2009)
criticizes Ajinkya & Jain (1989) for using an EGLS and AR(1) model, and Cready & Ramanan
(1991) and Campbell & Wasley (1996) for their use of parametric tests, and instead argues for a
non-parametric test that is robust with respect to cross-sectional heteroskedasticity. Since we
use industry indexes and not an aggregate of all firms for the calculation, we have no crosssectional heteroskedasticity. Therefore, we will apply the same two test statistics for unexpected
volume as for abnormal returns; the Patell test as a parametric test, and the Corrado Rank test
as non-parametric.
For both abnormal returns and unexpected turnover, we use both the parametric and nonparametric test for each industry, and every day in the event window to test the hypothesis:
𝐻0 = 𝑇ℎ𝑒𝑟𝑒 𝑎𝑟𝑒 𝑛𝑜 𝑠𝑖𝑛𝑔𝑙𝑒 𝑑𝑎𝑦 𝑎𝑏𝑛𝑜𝑟𝑚𝑎𝑙 𝑟𝑒𝑡𝑢𝑟𝑛𝑠/𝑢𝑛𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟
𝐻1 = 𝑇ℎ𝑒𝑟𝑒 𝑎𝑟𝑒 𝑠𝑖𝑛𝑔𝑙𝑒 𝑑𝑎𝑦 𝑎𝑏𝑛𝑜𝑟𝑚𝑎𝑙 𝑟𝑒𝑡𝑢𝑟𝑛𝑠/𝑢𝑛𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟
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Likewise for the cumulative test that covers our 5-day event window, we test the hypothesis:
𝐻0 = 𝑇ℎ𝑒𝑟𝑒 𝑎𝑟𝑒 𝑛𝑜 𝑐𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒 𝑎𝑏𝑛𝑜𝑟𝑚𝑎𝑙 𝑟𝑒𝑡𝑢𝑟𝑛𝑠/𝑢𝑛𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟 𝑖𝑛 𝑡ℎ𝑒 𝑒𝑣𝑒𝑛𝑡 𝑤𝑖𝑛𝑑𝑜𝑤
𝐻1 = 𝑇ℎ𝑒𝑟𝑒 𝑎𝑟𝑒 𝑐𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒 𝑎𝑏𝑛𝑜𝑟𝑚𝑎𝑙 𝑟𝑒𝑡𝑢𝑟𝑛𝑠/𝑢𝑛𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟 𝑖𝑛 𝑡ℎ𝑒 𝑒𝑣𝑒𝑛𝑡 𝑤𝑖𝑛𝑑𝑜𝑤
However considering the cumulative Rank test there is ground for some concern. The
cumulative Rank statistics do not take into account the actual level of the abnormal
returns/unexpected turnover. Therefore, if we have a high and a low rank that would both be
significant outliers for single day tests, the sum of the ranks will become insignificant as the
values of the ranks will average each other out. Instead, the Patell test-statistic looks at the
actual value on the individual days, so if the highest value would be 2% but the lowest value
would be -8% then the cumulative test would see that on average the returns are still different
from zero and would most likely flag the cumulative value as significant. We still chose to use
both cumulative test in our analysis, but the results of the cumulative Rank test must be
interpreted with some caution.

3.3.2 Cross-Sectional Analysis
After establishing if there are abnormal returns and unexpected trading volume around our
events, we can examine the magnitude at which our events have an effect on these measures.
Yuan (2015) hypothesize that market-wide event cause increasing trading activity, because
investors paying more attention to their portfolios when market-wide event happens. He looks at
specific order flow to assess the effects of attention caused by news headlines and Dow
records on trading volume. We hypothesize likewise that that our three market-wide events will
have an increasing effect on the trading activity, and we will use his methodology to examine
this for each industry and event, thus testing the null hypothesis:
𝐻0 = 𝑇ℎ𝑒 𝑚𝑎𝑟𝑘𝑒𝑡𝑤𝑖𝑑𝑒 𝑒𝑣𝑒𝑛𝑡𝑠 𝑑𝑜 𝑛𝑜𝑡 ℎ𝑎𝑣𝑒 𝑎𝑛 𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑖𝑛𝑔 𝑒𝑓𝑓𝑒𝑐𝑡 𝑜𝑛 𝑡ℎ𝑒 𝑡𝑟𝑎𝑑𝑖𝑛𝑔 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦
We will use turnover ratio as our measurement of trading activity and inspired by Yuan (2015)
we will likewise use one day prior turnover ratio, one day prior returns and one year prior
average returns as control variables. The purpose of these control variables is to control for
economic information in the short-run and long-run. Beside the control variables we have our
three events as individual dummy variables, where each on the variables is “1” in the five days
included in the event window, and otherwise zero. The model we used to analyse the the null
hypothesis that market-wide events do not affect trading activity, is presented in equation (13).
𝑇𝑂𝑖,𝑡+1 = 𝛼 + 𝛽1 (𝑅𝑖,𝑡 ) + 𝛽2 (𝑅𝑖,[𝑡−253,𝑡] ) + 𝛽3 (𝑇𝑂𝑖,𝑡 ) + 𝛽4 (𝐸1) + 𝛽5 (𝐸2) + 𝛽6 (𝐸3) + 𝜀𝑡 (13)
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In the regression i =1,..., 11 as it represent the industries, 𝑅𝑖,[𝑡−253,𝑡] is the one year prior
average returns for industry i, E1 is the event of the official announcement of the referendum,
E2 is the results of the referendum and the E3 is the last event; the official triggering of Article
50. All the variables, except the three dummy variables, are normalised to have unit variance,
for ease of interpretation and avoiding biased results due to non-normality in the data. The
regression will follow an ordinary least square regression, that will be run in the period from 0202-2016 to 30-04-2017, therefore covering the 3 events and the time just before and after the
events.
To measure the trading activity we chose to use the calculated turnover ratio as presented
under section 3.2.4 and not unexpected turnover ratio, as otherwise used in the event study.
The reason for this choice is that unexpected turnover is conditional on the choice of model to
used to calculate the expected turnover ratio. This leads back to the joint hypothesis problem,
that one cannot truly conclude inefficiency based on abnormal returns (here unexpected
turnover), as the model used to calculated the expected normal returns (turnover) could be
wrong. So to be able to conclude if these events have an increasing effect in trading activity in
the selected time period, we chose to applied turnover ratio as it would not be biases by the
choice of model.

3.3.3 Informedness and Consensus
Without data on private information of investors, or the institutional classification of customer
order flow used as proxy by Irvine, Lipson & Puckett (2006) and Hendershott, Livdan &
Schürhoff (2012), we will only explore the trading volume arising from the informedness effect in
our dataset with regards to Copeland’s (1976) SIAH, for which we will follow the methodology
used in Mougoué & Aggarwal (2011) and Jena (2016). Where we will use the GARCH to
determine the conditional volatility of the returns, and the linear Granger Causality test
introduced by Granger (1969) to examine if a lag/lead relationship between volume and volatility
is present in our data.

3.3.3.1 Estimating Volatility
To determine the relationship between trading volume and the volatility of returns, we test the
Sequential Information Arrival Hypothesis as stated in the methodology. The trading volume is a
directly observable variable and is here used in terms of turnover ratio, the volatility of the
returns on the other hand cannot be directly observed and need to be estimated. For this
purpose, we use the Generalized Autoregressive Conditional Heteroskedasticity (GARCH) by
Bollerslev (1986). The GARCH(p,q) process is given by equation set (14).
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𝜀𝑡 |𝜓𝑡−1 ∼ 𝑁(0, ℎ𝑡 )
ℎ𝑡 = 𝛼0 + ∑𝑞𝑖=1 𝛼𝑖 ε2𝑡−𝑖 ∑𝑝𝑖=1 𝛽𝑖 ℎ𝑡−𝑖

(14)

Where
𝑝 ≥ 0,

𝑞>0

𝛼0 > 0,

𝛼𝑖 ≥ 0,

𝛽𝑖 ≥ 0

𝑖 = 1, … , 𝑞

𝑖 = 1, … , 𝑝

𝜀𝑡 denotes a discrete stochastic process given the information set 𝜓𝑡−1 , which is here
represented by the returns, the process approximates a normal distribution with mean zero and
conditional variance ℎ𝑡 , q represent lags of returns and p lags of conditional variance. The
GARCH framework allows the conditional variance to become time varying, which makes it
useful as an estimator for the volatility of returns, since we cannot know for sure if the true
variance is constant over time. The model we use to estimate the return volatility is the GARCH
(1,1), which incorporates the first lag of the returns and the first lag of the conditional variance.
The parameters of the model are then estimated with the use of a maximum likelihood
estimator. The GARCH (1,1) is the simplest and most used GARCH for estimating volatility of
returns.

3.3.3.2 Granger Causality
The Granger Cause was presented by Granger (1969) with the purpose of explaining the
relationship between two stationary time series. Granger defines that if past observations of X
have an effect on the movement of Y then X is said to strictly Granger Cause Y, and if past
observation of Y also have an effect on the movement of X then there exist a so-called
feedback relationship. If the Granger Causality test find a that X Granger Cause Y, then X is
meant to hold a predictive power over Y (Granger, 1969).
The linear Granger Causality test, which we are going to use, assumes a linear relationship
between two pairwise time series, here the turnover ratio (TO) and the volatility of the returns
(Vol) . For each variable, a linear model is regress based on past observations of the two time
series (Granger, 1969). For our model, it means that for each industry the model is given by:

𝑇𝑂𝑡 = ∑𝑝𝑗=1 𝑐𝑗 𝑇𝑂𝑡−𝑗 + ∑𝑝𝑗=1 𝑑𝑗 𝑉𝑜𝑙𝑡−𝑗 + 𝜂𝑡
𝑝

𝑝

𝑉𝑜𝑙𝑡 = ∑𝑗=1 𝑎𝑗 𝑇𝑂𝑡−𝑗 + ∑𝑗=1 𝑏𝑗 𝑉𝑜𝑙𝑡−𝑗 + 𝜀𝑡

(15)
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𝜀𝑡 and 𝜂𝑡 are uncorrelated white-noise series of the error terms and p is the number of lags
used.
The linear models are estimated with and without past observations of the independent
variable, and the residual sum of squares (RSS) statistic is calculated for both. To test the
relationship, the difference of the RSS for the full model and the RSS for the model excluding
the independent variable is tested using a 𝜒 2 test statistic. If the predictive power becomes
significantly worse when excluding the independent variable then it can be conclude that the
independent variable Granger Causes the dependent variable (Granger, 1969).
The optimal number of lags used in the Granger Causality test is determined using the Vector
Autoregressive model (VAR). The VAR was introduced by Sims (1980) and represent a vector
of n linear functions, where each of the functions consists of one dependent variable that is
explained by its own lagged observations and the lagged observations of the other variables,
with p number of lags. We use the standard reduced-form VAR model that is given in equation
(16).

𝒀𝑡 = 𝑐 + 𝜫1 𝒀𝑡−1 + 𝜫2 𝒀𝑡−2 +. . . +𝜫𝑝 𝒀𝑡−𝑝 + 𝜀𝑡 ,

𝑡 = 1, . . . , 𝑇

(16)

𝒀 in the above formula represent a vector of n variables which shows the observations of the
variables for time t and time t-p. 𝜫𝑝 is likewise a vector of n variables, for the estimated
coefficients of the independent variable observations. With only two time series for each
industry the model becomes similar to the linear function of the Granger Causality test. The
purpose of the VAR model here is to find the optimal numbers of lags to use in the Granger
Causality test, the VAR model will be run for each industry with 0 to 4 lags and we select the
number of lags for each industry based on the Akaike Information Criterion (AIC).

3.3.3.3 Consensus
After investigating the informedness effect in the form of the SIAH, we want to examine the null
hypothesis of consensus among investors surrounding the events. For this we will use the
methodology of Garfinkel & Sokobin (2005) to create a new expected trading volume
benchmark, [𝐸(𝑇𝑂𝐼𝑖,𝑡 )], that includes both fundamental trading volume and the informedness
effect, by including absolute positive and negative industry returns as presented in equation
(17).

𝐸(𝑇𝑂𝐼𝑖,𝑡 ) = 𝛼𝑖 + 𝛽1𝑖 (|𝑅𝑖𝑡 |)+ + 𝛽2𝑖 (|𝑅𝑖𝑡 |)−

(17)
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Where 𝛼𝑖 , 𝛽1𝑖 , and 𝛽2𝑖 , are estimated is a ordinary least square regression, based on the
observation in the same estimation period as used earlier in the event study, that consisted of
253 trading days (a year) prior to the first event. 𝐸(𝑇𝑂𝐼𝑖,𝑡 ) now, according to Garfinkel &
Sokobin (2005), holds the sum of the expected liquidity trading and informedness effect, but not
the consensus effect. Therefore, when subtracting the new expected turnover from the actual
turnover ratio a potential unexpected turnover would then suggest consensus effect, implying
disagreement among investors. The set up of the new unexpected turnover follows the event
study present previously in the methodology, likewise is the significance testing, done using the
same parametric and nonparametric test, respectively the Patell and Corrado Rank test
statistics, as presented in section 3.3.1.3.

52

4. Empirical Findings
In this chapter the data analysis as described in the previous chapter will be performed and
presented, this includes statistical testing and a short discussion of the results. A further
analysis of the results will be discussed in the next chapter.

4.1 Event Study
In this section we will test for evidence supporting the Efficient Market Hypothesis for each
industry, surrounding the three events. To do so, we will, as mentioned previously, test the two
null hypotheses:
𝐻0 = 𝑇ℎ𝑒𝑟𝑒 𝑎𝑟𝑒 𝑛𝑜 𝑠𝑖𝑛𝑔𝑙𝑒 𝑑𝑎𝑦 𝑎𝑏𝑛𝑜𝑟𝑚𝑎 𝑟𝑒𝑡𝑢𝑟𝑛𝑠/𝑢𝑛𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟 𝑖𝑛 𝑡ℎ𝑒 𝑒𝑣𝑒𝑛𝑡 𝑤𝑖𝑛𝑑𝑜𝑤
𝐻1 = 𝑇ℎ𝑒𝑟𝑒 𝑎𝑟𝑒 𝑛𝑜 𝑐𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒 𝑎𝑏𝑛𝑜𝑟𝑚𝑎𝑙 𝑟𝑒𝑡𝑢𝑟𝑛𝑠/𝑢𝑛𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟 𝑖𝑛 𝑡ℎ𝑒 𝑒𝑣𝑒𝑛𝑡 𝑤𝑖𝑛𝑑𝑜𝑤
If we find significant single-day abnormal returns or unexpected turnover, we have evidence
supporting a rejection of that null hypothesis, and it can provide understanding as to when the
market reacts to the event. Reaction only on the day of the event can still support the Efficient
Market Hypothesis, however, multiple single-day significance and/or evidence against the
hypothesis of no cumulative abnormal returns/unexpected turnover, can support a rejection of
the Efficient Market Hypothesis and support the notion of market inefficiency.
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4.1.1 Official Announcement of Referendum
4.1.1.1 Abnormal Returns
Table 3. Abnormal returns, 1st event Market Model

*Significant at a 5% significance level
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Table 4. Abnormal returns, 1st event CAPM

*Significant at a 5% significance level

The results of the first event generally give the impression that the official announcement of the
referendum does not have an effect on the returns in the average market, but some individual
industries do exhibit some significant abnormal returns. Looking at Tables 3 and 4, it can be
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seen that the Corrado Rank test and the Patell test statistics mostly agree on the conclusion on
the significance of the abnormal returns, which provides some robustness to the results. The
two test statistics mostly disagree about the cumulative test-statistics in the CAPM, which we
did expect could happen, hence our concern mentioned earlier in the methodology regarding
the cumulative Rank test.
Both the results from the CAPM and the Market Model show that the MI industry has significant
positive abnormal returns on the day of the event and negative the second day after the event.
The cumulative test of the MI industry is however not flagged as significant, suggesting that the
effect of a event on the event day is eliminated the following days, the abnormal returns in our
event window are therefore not significantly different from zero, so the evidence fail to reject the
null hypothesis of an efficient markets. The same is the case for the industry HH, that only
exhibit a highly significant abnormal return on the event day but the cumulative test are not
significant different from zero. The FS and LI industries have significant abnormal returns on the
first day after the event in both models. This suggest a delay in the response to the official
announcement of the referendum and the cumulative test based in the CAPM abnormal returns
for the FS and Market Model for LI do are both significantly different from zero which support a
rejection of the null hypothesis of an efficient market. For the rest of the industries we do not
have evidence to support a rejection of the null hypothesis for this event.
Since we only see a significant effect in a few industries there is a chance that it might be
something industry specific that affected the price in this event window and not the official
announcement of the referendum. For LI we saw a negative cumulative significance and singleday significance on day +1, which is the 23rd of february 2016 and on that day a Insurance
Distribution Directive (IDD) from the European Commission came into force, stating all EU
members should have incorporated the IDD into national law by 23rd of february 2018 (Staff,
2016). The news of the IDD, and its new stricter requirements to insurers, should be expected
to have an impact on the price in the LI industry, and this industry specific news is most likely
the cause of the significant negative abnormal returns in LI in our event study.
For FS there were also significant positive abnormal returns on day +1 in both models and
cumulatively for the CAPM. This significance is also likely to be caused by an industry specific
event, because on the 23rd of february 2016 the Bank of England and Financial Services Bill
completes the Committee stage in the house of Commons (Slaughter & May, 2016). The Bank
of England and Financial Services Bill proposes among other things to provide the financial
system with greater resilience, with the purpose of ensuring financial stability (Lawrence, 2016).
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The MI industry had significant abnormal returns in 2 days in the event window, these
significant changes in the price was caused by increasing copper price, likely due to fear that
China will cut back on the production of copper (Reuters, 2016; Sanderson, 2016). So the
announcement of a Brexit referendum likely this did not cause the abnormal returns in this
industry.
After accessing other possible explanations for the significance in the results of MI, FS and LI,
we can conclude that the evidence supporting a rejection of the null hypothesis most likely did
not come from the official announcement of the referendum. For the rest of the industries where
we find no industry specific things, it is only the HH industry that seems to react to the
announcement of the referendum, given abnormal negative returns on the event day itself.
However the results display no abnormal returns in the following days, suggesting that the
industry reacted efficiently to the news.Therefore for HH and the rest of the industries we can
overall not support a rejection of the null hypothesis of efficient market due to the official
announcement of the referendum.
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4.1.1.2 Unexpected Turnover
Table 5. Unexpected turnover, 1st event Market Model

*Significant at a 5% significance level
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Table 6. Unexpected turnover, 1st event Average Model

*Significant at a 5% significance level

Tables 5 and 6 display the results for unexpected turnover surrounding the first event, the
official announcement of the referendum, for both the Patell parametric test and the Corrado
Rank test. Comparing both the Average Model and the Market Model, the two models agree
108 out of 110 single-day results to be insignificant, providing some proof of robustness of
these results. Of the remaining two results, the Market Model flags ME day 0 in the Corrado
Rank test and ME day +2 in the Patell test to be significant, while the Average Model only
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points at ME day +2 in the Corrado Rank test to be significant. Besides these significant results,
day +2 for FS is also positively significant in both models and test statistics. As expected, the
Average Model shows more significant cumulative unexpected turnover results than the Market
Model, because it probably overstates the effect of the event. The positive significant
cumulative results in this model are found for the industries MI, SS and LI for both Patell and
Corrado test statistic, and BA and FS only for the Rank test. The Market Model however, states
TL to be significant for both test statistics, and ME, HH, and LI only for the Rank test. Since the
results of the cumulative test differ much for the two models for many industries it is only the
Rank test that is significant, we cannot completely support a rejection of the null hypothesis of
no unexpected turnover in the event window.

4.1.1.3 Subconclusion
To conclude on the first event in the event study, we found no evidence of the official
announcement of the referendum to support a rejection of Efficient Market Hypothesis. The
significant abnormal returns we did find in MI, FS and LI were more likely caused by industry
specific events, coincidentally occurring in this specific event window.
Keeping in mind that the returns represent the average investors expectation to the price, we
also look at unexpected turnover to examine if the individual investors are agreeing on the
price. Here we generally find no unexpected turnover looking at the single day returns, the
significance in FS is most likely cause by the Bank of England and Financial Services Bill
completing the Committee stage in the house of Commons, which we also suspect caused the
abnormal returns in the industry. To this point the two different models and test statistics agree
on the results, giving robustness to the results, only in the cumulative testing in unexpected
turnover do the models seem to be conflicting, causing no clear conclusion on these tests.
Thus, we see no evidence supporting unexpected turnover or abnormal returns caused by this
event. A reason why we do not see abnormal return or unexpected turnover could then be that
the markets are efficient and investors agree on the information. If that were the case, however,
we would have expected a little significance in the abnormal returns on the day of the event
when incorporating the information in the price. A second reason could be that the referendum
was anticipated and an official announcement of it did not bring information that was not already
incorporated in the price. The second reason here will be discussed later in Chapter 5.
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4.1.2 Results of Referendum
4.1.2.1 Abnormal Returns
Table 7. Abnormal returns, 2nd event Market Model

*Significant at a 5% significance level
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Table 8. Abnormal returns, 2nd event CAPM

*Significant at a 5% significance level

Table 7 and 8 display the results of the second event study, where the event day is the 24th
June 2016: the results of the Brexit referendum reach the equity market. A first look at the
tables shows that there are generally significant abnormal return around this event for all
industries. Comparing the significant abnormal return of the CAPM and the Market Model, the
two models agree 129/132 of the test statistics whether or not the abnormal return is
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significantly different from zero or not, which provides high robustness to the results. The two
test-statistics completely agree on all single-day test results, where on the cumulative tests we
see many industries that are significant in the Patell test and not the Rank test. This was to be
expected, and is in this case likely due to the reversion in the opposite direction we see for the
many industries on day +2 in the event window. As discussed earlier, the Rank test averages
these out as both are on opposite sides of the significance spectrum. We do however not
consider this a weakening of the results, as we are aware of the issue and take the Rank test
results with caution in these instances.
The results of the second event can be divided into different groups. The industries in the first
group are BA, PB, TO, MI, TL and HH, as these industries all have significant abnormal returns
day 0 and +1 in the event window and they do also exhibit significant cumulative abnormal
returns. The second group consists of the industries OG, SS, LI and FS, which all have
significant abnormal returns on day 0, +1 and +2 of the event window. LI even shows significant
abnormal returns on day -2 according to the Market Model. These four industries also have
significant cumulative abnormal returns in the event window. The last industry, ME, only has
significant abnormal returns on the event day and does not have significant cumulative
abnormal returns. Therefore, the ME industry is the only industry where the evidence does not
support a rejection of the null hypothesis of an efficient market.
The evidence for the other ten industries implies that the day the news of the result of the
referendum reached the equity market, it had a significant effect on the abnormal returns.
However, unlike Fama’s (1970) theory that prices quickly adjust to new information, most often
within a day (Fama, 1991), the news of the referendum result also had a significant effect the
first trading day after the event day, and for some even on the second day after the event day.
This and the fact that they all experience significant cumulative abnormal returns, supports a
rejection of the null hypothesis of efficient market in the event window.
The event has a clearly significant effect on the abnormal returns for all the industries, but to
obtain a better understanding on how the different industries have reacted to the news of the
results, a graph of the cumulative abnormal returns is presented in Figure 7 below. Since the
movement of the abnormal returns in the CAPM and Market Model are almost identical, we
chose to only display the cumulative abnormal returns of the Market Model here. The graph of
the cumulative abnormal returns for the CAPM can be seen in the Appendix 1.
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Figure 7. Cumulative abnormal returns, Market Model

The movement of the cumulative abnormal returns shows that all industries are stable around
zero until the day of the event. When reaching the event day, the industries split off into two
groups. OG, PB, TO and MI all react positive to the results of the referendum, with positive
abnormal returns on day 0 and +1 in the event window. For the last day in the event window,
PB and TO flatten out. OG and MI display a negative movement on day +2, that reverses some
of the effect of the previous days’ positive responses, which could suggest an overreaction to
the news. The other seven industries all react negative to the results of the referendum. They all
have negative abnormal returns on day 0 and +1 of the event window, after which ME, TL, HH
and BA remain stable around that new level, with either a slightly movement up or down. The
last three industries, SS, LI and FS, all show upward movement with positive abnormal returns
for the last day in the event window, reversing some of the previous days’ negative response.
This reversal again suggests an overreaction to the event.

64

4.1.2.2 Unexpected Turnover
Table 9. Unexpected turnover, 2nd event Market Model

*Significant at a 5% significance level
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Table 10. Unexpected turnover, 2nd event Average Model

*Significant at a 5% significance level

Table 9 and Table 10 display the unexpected turnover results of the second event, the outcome
of the Brexit referendum, for the Market Model and the Average Model respectively. Both tables
include results from the Patell (parametric) and Corrado (nonparametric) test statistics, which
are mostly in agreeance with each other. The only divergences occur in the Market Model,
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where Patell considers BA day -1 to be significant and Corrado Rank test does not, and vice
versa for LI day -1.
Unlike the two significance tests for each individual model, the two models present very
different scenarios. For the Market Model, OG and BA show significant unexpected turnover for
day 0 and the two days following the event, TO only on the event day and the day after, and FS
only on the event day itself. SS and LI however are only significant on day +2.
Again, like expected, the Average Model shows more significant results; BA, SS, LI, TL, ME,
and HH are all displaying significant unexpected turnover on days 0, +1, and +2, whereas PB
and FS do so for days 0 and +1 and TO only for day 0. Remarkable is that OG shows no
significant days for this model at all, whereas it shows 3 days for the Market Model. The reverse
can be said for TL, ME and PB, which do not display any significant single-day results for the
Market Model, but 3 days (2 for PB) for the Average Model. In the other industries, the Average
Model shows longer stretches of significance in the event window. The two models do agree,
however, on the 3 days significance spread for the banking industry, and complete lack of
significance for any of the individual days of the MI industry, looking only at single-day test.
A closer look at cumulative unexpected turnover during the full event window also provides lot
of disagreement. All of the industries that have significant single-days test in a specific model,
are also significant cumulatively for that model. The MI in the Market Model also show
cumulative significance despids no single-day significance. Interesting is that the models
disagree completely on OG and MI (only significant in the Market Model) and PB and TL (only
significant in the Average Model).
What is even more interesting is the disagreement in the direction of the unexpected turnover in
some of the industries, yet both models flag as these days as significant. The TO and FS
industries for the Average Model show positive unexpected turnover, whereas the Market Model
claims it is negative. All this disagreement between the models provides little robustness to the
results and therefore fails to provide evidence against or in favour of rejection of the null
hypothesis. These results do however illustrate the importance of the joint hypothesis problem;
we are testing for market efficiency as well as the validity of our models. In this instance, with
little agreement between the models, we have found evidence to support rejection of the latter
instead of the former. Therefore, these results must be interpreted with caution.
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4.1.2.3 Subconclusion
The results of this event study suggest that the outcome of the referendum had an influence on
prices and caused abnormal returns. The ME industry only showed abnormal returns on the day
of the event itself, thus providing no evidence against the Efficient Market Hypothesis. The
evidence from the other ten industries however all supports a rejection of the Efficient Market
Hypothesis, due to abnormal returns on day 0 and +1, and for OG, LI, SS and FS even on the
second day after the event as well. Exactly how intensely they responded to the event differs;
OG, PB, TO and MI all obtained positive abnormal returns due to the event, whereas BA, SS,
LI, TL, HH and FS all had negative abnormal returns following the news of the referendum
outcome. Additionally, the findings show that several industries saw a little reversion of the
movement in the cumulative abnormal returns on the second day after the event.
Opposite the robustness of the results just mentioned, the degree of disagreement in the
models measuring unexpected turnover is more alarming. Therefore, we remain sceptical
towards these results. Given the event being an economy-wide event, the market volume is
also affected, which suggests a underestimation of the unexpected turnover and the Average
Model’s mathematical build up make it more likely to overestimate spikes in turnover ratio. This
issue will be discussed further in the discussion. However looking at each model individually it is
clear that something is happening with trade volume in the event window, and the two models
do agree on positive unexpected turnover in BA, SS, LI, ME and HH, which could suggest some
disagreement of the new price among the investors.
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4.1.3 Official Triggering of Article 50
4.1.3.1 Abnormal Returns
Table 11. Abnormal returns, 3rd event Market Model

*Significant at a 5% significance level
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Table 12. Abnormal returns, 3rd event CAPM

*Significant at a 5% significance level

In Table 11 and Table 12, the results of the third event, the official triggering of Article 50, are
displayed. These results show significant abnormal returns in the single-day test for day +2 for
the ME industry. Aside from that, none of the other test-statistics are significant. The two
models and the two test-statistics agree in all cases for the third event, which provides
robustness to the results. That day +2 in the event window for the ME industry is the only test
with significant results, could suggest that the returns on that day are randomly higher that the
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expected normal return or that some ME industry specific news reached the market on that day.
In either case, the evidence do not support a rejection of the null hypothesis of efficient market
around this event, based on the cumulative test results.

71

4.1.3.2 Unexpected Turnover
Table 13. Unexpected turnover, 3rd event Market Model

*Significant at a 5% significance level
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Table 14. Unexpected turnover, 3rd event Average Model

*Significant at a 5% significance level

Table 13 and 14 display the results from the third event, the official triggering of Article 50 for
the unexpected turnover. Comparing the two models, we see that they agree in the test
statistics on a general level, although there are some different conclusions on a few of the
cumulative Rank test statistics, as well as in the OG sector. Looking at the single-day teststatistics the Market Model displays significant negative unexpected turnover for day -2 (only
Patell), -1, 0 and +2 for OG industry and a significant positive unexpected turnover for day -2, -1
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and 0 for SS. The Average Model on the other hand shows generally less significant single-day
results for OG it is only significant in day -2 and -1 (Corrado Rank test). SS has significant in the
results of day -1. For both models we also see a significant unexpected turnover in day +2 of
the event window for LI, both only for the Corrado Rank test.
The cumulative test-statistics seem to agree more between the two models, as both models
contain significant cumulative results for OG, MI and SS, and for both the Patell and Rank test
and in FS for the Rank test only. The Average Model also has two significant cumulative Rank
test statistics for TL and ME. The significant results for the OG and MI industries display
negative unexpected turnover, whereas the rest of the significant results are positive.

4.1.3.3 Subconclusion
In the third event we find no abnormal returns, except day +2 in ME, which is most likely caused
by industry specific events. Regardless, since it is on the second day and it is the only
significant result we observe, this suggests that we have no evidence to reject the Efficient
Market Hypothesis. In the unexpected turnover Tables, however, we see significant test scores
for the OG, MI and SS. We also see some in FS, TL and ME, but only for the Rank test, which
we fear might not be accurate so we will not take these into account. The significant results for
the OG and MI industries display negative unexpected turnover, meaning that this industries are
traded less that the expected turnover, which does not support divergence in investor opinions,
leaving only the SS industry that have positive unexpected turnover. This positive unexpected
turnover suggests that there might be some disagreement among the investors, but it did not
cause abnormal returns. Given that we only have significance in this industry and that the
single-day significance lies primarily before the event, implies that it could be a result of a
industry specific event, and not the official triggering of Article 50.
The conclusion on the third event is that we cannot reject the hypothesis of efficient markets
and investor agreement due to the official triggering of Article 50, which presents the same
scenario as in event 1. Again, maybe the event is anticipated and therefore did not provide new
information to the investors.

4.2 Cross-Sectional Analysis
It is now established that there are abnormal returns around the second event with high
robustness in the results, yet the event study of unexpected turnover did not seem to have
robust results, due to large disagreement between the two models. It was however expected
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that the Average Model might overestimate the effect while the Market Model would
underestimate it, given that it was a market-wide event.
This analysis therefore examines if the market-wide events have an effect in the trading activity,
measured in terms of turnover ratio, and not unexpected turnover to avoid biased results due to
different estimations of expected turnover. To do so we use the ordinary least square
regression presented in equation (13) in the methodology. We do this to test the following
hypothesis for each of the industries:
𝐻0 = 𝑇ℎ𝑒 𝑚𝑎𝑟𝑘𝑒𝑡 𝑤𝑖𝑑𝑒 𝑒𝑣𝑒𝑛𝑡𝑠 𝑑𝑜 𝑛𝑜𝑡 ℎ𝑎𝑣𝑒 𝑎𝑛 𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑖𝑛𝑔 𝑒𝑓𝑓𝑒𝑐𝑡 𝑜𝑛 𝑡ℎ𝑒 𝑡𝑟𝑎𝑑𝑖𝑛𝑔 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦

4.2.1 Assumptions of the Model
Before applying the model, we need to test the assumptions of a multivariate regression, which
state that:
-

Linearity in variables, meaning the relationship between the dependent and independent
variables should be expected to be linear.

-

The error terms are identical and independently distributed, and follows a normal
distribution .

-

The error terms have constant variance, also known as homoscedasticity.

-

The error terms are uncorrelated, meaning they should not display any serial correlation.

-

The independent variables display no multicollinearity (Newbold, Carlson & Thorne,
2013)

To control for the assumption of linearity in a multiple regression, we make a scatter plot of the
regressions standardized residuals against each of the independent variables in the regression.
This is done for all the eleven industries. None of the scatter plots show a clear nonlinear
pattern. The scatter plot of one industry, OG, can be seen in Appendix 2. The scatter plots for
the other industries look similar, and do not show any nonlinear patterns either. Therefore, we
can conclude that the assumption of linearity holds for all the regressions.
When testing the above assumptions, we found that the error term was not normally distributed
due to heteroscedasticity in the variance for the industries FS, BA and HH, with a 5 %
significance level. The testing was done using the test originally by Breusch & Pagan (1979), a
test that was later improved Cook & Weisberg (1983), that tests for the homoscedasticity in the
error term. We likewise found evidence of serial correlation for all industries, except BA, by
using the Breusch-Godfrey test of serial correlation by Breusch (1978) and Godfrey (1978).
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To test for multicollinearity we compute the correlation between the independent variables for
each industry. A correlation above an absolute value of 0.7 should give rise to a concern that
the two variables cannot be considered as independent variables. A correlation above the
absolute value of 0.8 would suggest some collinearity and should therefore be omitted from the
analysis (Hair et al., 2010). The correlations vary within [-0.6719; 0.1706] across the different
industries, thereby confirming there is no multicollinearity between the variables.
To get around the concern of heteroscedasticity in some of the industries and serial correlation
in almost all industries, we use a Newey-West variance estimator. The Newey-West estimates
the variance of the coefficients of the regression, taking heteroskedasticity and serial correlation
into account (Stock & Watson, 2012). This provide us with a variance and therefore also a test
statistic that is robust to heteroscedasticity and auto/serial correlation in the time series, solving
our issue so that we can continue with the regression.

4.2.2 Findings
The result of the final regression and the test statistics (here p-values), calculated based on the
Newey-West variance estimator can be seen in Table 15.
Control variables β1, β2, and β3 (one day prior returns, and one year prior average returns, and
one day prior turnover ratio as control variables, respectively) show that all industries have an
autoregressive aspect in determining the level of trade, and most take long term price
developments into account, yet the one day prior returns have little impact on the turnover ratio.
Dummy variable coefficients β4 (official announcement of the referendum), β5 (results of the
referendum), and β6 (triggering of Article 50) indicate whether each of the events has an effect
on the turnover ratio. With no significant results for either β4 and β6, we cannot reject the null
hypotheses, thus we cannot say that event 1 and event 3 had an impact on the turnover ratio
for any of the industries. This confirms our earlier suspicions that any significant unexpected
turnover for these events in the prior event studies may have been caused by industry-specific
events, or due to faulty modeling.
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Table 15. Regression results multivariate regression equation (13)

*Significant at a 5% significance level

With significant positive results for β5 for most industries (except OG and MI), there is evidence
to reject the null hypothesis for these industries. This supports the notion that the outcome of
the Brexit referendum caused investors to engage more in trading activity than on non-event
days. Because turnover is used as a proxy for divergence in investor opinions on the value of a
security, this implies that the information contained in the event caused investors to disagree
more. The LEAVE-outcome was not only unexpected, but also opened up a range of different
scenarios for the future state of the economy, increasing uncertainty and creating room for
disagreement. The insignificant results for the OG and MI industries fall in line with the neutral
implications of a possible Brexit that were expected for these industries. Because Brexit is not
likely to have major negative or positive impact on both OG and MI, investors did not need to
incorporate this new information in their opinions in a way that may lead to disagreement, and
as a result they did not have to trade significantly more or less following the outcome.
If we compare the results of event 2 to the results for event 1 and 3, which show no
significance, we can infer that these events did not hold new information that could have caused
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disagreement, and they were perhaps already anticipated by investors. We will further discuss
the notion of the informational aspect of events in the next chapter.

4.3 Informedness and Consensus
Now that we have established a positive significant relationship between the results of the
referendum and the turnover ratio, indicating disagreement between investors, we can focus on
the potential source of this disagreement. The following section will address two possible
drivers for divergence of opinion: heterogeneous information and heterogeneous beliefs. The
former by testing for support of the Sequential Information Arrival Hypothesis and the later by
testing the null hypothesis of consensus among the investors.

4.3.1 Sequential Information Arrival Hypothesis
4.3.1.1 Estimating Volatility of Returns
As described in the methodology, the volatility of returns is not a directly observable variable
and thus needs to be estimated. This estimation of the returns volatility is done using equation
(14) for each of the different industries.

Figure 8. Volatility of returns

The above graph in Figure 8 displays the estimated volatility of the returns. The graph shows
the volatility of all the industries except MI follow a similar pattern, that has a stable level over
the time period and seem to experience spikes in the volatility at the same times, especially
around the referendum in the end of June 2016.
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4.3.1.2 Stationarity and Correlation
Stationarity is a requirement of the Granger Causality test and the Vector Autoregressive model
(VAR), which is used to perform the Granger Causality test that will use to test the SIAH. If the
time series are not stationary, it is impossible to conclude if trading volume holds a predictive
power over volatility, since future values will differ from effect of the past and vice versa. There
are two requirement that need to be fulfilled for time series to be stationary (Diebold, 2006).
-

Stable mean over time

-

Stable variance over time

To test for stationarity we use the Augmented Dickey-Fuller test (ADF). The ADF presented by
Dickey & Fuller (1979) is a model to test the null hypothesis that a unit root is present in the
time series. If one rejects the null hypothesis of a unit root in the time series, you can accept the
time series as stationary.
For each of the eleven industries we have two time series, one for the estimated volatility of
returns (Vol) and one for the trading volume measured by the turnover ratio (TO). This leaves
twenty-two time series that we test for stationarity. When running the ADF we are able to reject
the null hypothesis of a unit root in the time series in twenty-one out of the twenty-two cases,
with a 5 % significance level. The only time series that we cannot accept as stationary is the
volatility of the returns of the MI (MI_Vol). By taking the first difference of the time series, it is
possible to transform it into a stationary process. To verify that the MI_Vol is now stationary, we
run the ADF test again and can now confirm that we can reject the null hypothesis at a 5 %
significance level. All variables is now stationary and can thus be used in the further analysis.
Another requirement of the VAR model, a model we will explain further in the next section, is
that it assumes no perfect multicollinearity (Stock & Watson, 2012). If two time series exhibit
perfect multicollinearity it means that one variable explains the other variable perfectly linearly.
A way to check for multicollinearity is by computing the correlation between the variables.
Again, correlation above an absolute value of 0.7 should give rise to a concern that the two
variables cannot be considered as independent variables, and a correlation above the absolute
value of 0.8 would suggest some collinearity and should therefore be omitted from the analysis
(Hair et al., 2010). We therefore compute the correlation between each set of variables, hence
the correlation between OG_Vol and OG_TO, BA_Vol and BA_TO, and so on for each industry.
The computed correlations lie between [0.1380; 0.5889] which implies that the requirement of
no perfect multicollinearity is satisfied.
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4.3.1.3 Granger Causality
To test the Sequential Information Arrival Hypothesis, we use the linear Granger Causality test
that is given by equation set (15) as stated in the methodology. The VAR model in equation (16)
was used to find the number of lags to use in the Granger Causality test, the optimal number of
lag is settled by the AIC, and depending on the industry it is determined at 2 to 4 lags, a
overview of the specific lag per industry can be seen in the Appendix 3.
The result of the Granger Causality test can be seen in Table 16, presented below.
Table 16. Granger Causality test results

*Significant at a 5% significance level

The left panel of Table 16 shows that for all the industries we detect Granger Causality running
from turnover ratio (measuring trading volume as a proxy of information) to volatility of returns
(measuring price) at a 5% significance level. The right panel only shows significant Granger
Causality running from volatility of returns to turnover ratio for OG and MI industries. This
means that these two industries display a bidirectional relationship, the so-called feedback
relationship, while the other industries only display a unidirectional relationship.
The industries displaying a unidirectional lag-lead relationship support Copeland’s (1976)
Hypothesis of Sequential Information Arrival, as new information disseminates to one investor
at the time. As this investor adjusts his beliefs and position according to his new demand
function, prices change to reach a temporary market equilibrium until each investor has become
informed. The evidence supporting the SIAH suggests that these markets consist of both
informed and uninformed investors at a given time t in the period leading up to and following the
referendum. As the Hypothesis assumes that the information arrival is random, such as no
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investor knows who is informed and uninformed, we can only conclude there is evidence that
they simply trade on different information sets.
Copeland’s (1976) SIAH did not allow for uninformed traders to learn the existence of the new
information from volume and price changes, thus preventing speculative chart trading. Adding
this option to the hypothesis (as Hong & Stein (1999) do with their gradual-diffusion-model)
explains for a bidirectional relationship, where Granger Causality also runs from volatility in
returns to turnover ratio, as investors adjust their demand functions in response to price
changes rather than to actual information. We observe this relationship only for OG and MI,
suggesting these sectors are more sensitive to speculative investment.

4.3.2 Consensus Effect
Table 17 shows the unexpected turnover for the result of the referendum, when calculated as a
function of positive and negative returns, as proposed in equation (17). The Patell and Corrado
Rank test statistics used to indicate significance are composed in similar fashion to those of the
previous event studies regarding abnormal returns and unexpected turnover of section 4.1. The
tables for event 1 and event 3 showed very little significance and since these events have
shown not to have an effect on turnover ratio in section 4.2, we will focus solely on event 2 in
this analysis. The result tables of events 1 and 3 can be found in Appendix 4.

81

Table 17. Consensus effect, 2nd event

*Significant at a 5% significance level

The Patell and Corrado Rank test-statistics in Table 17 are mostly in agreement on the
conclusion of significance of the unexpected turnover. The two statistics agree on 15 out of 17
single-day significant unexpected turnover levels, and on 7 out of 8 cumulative results. The
limited amount of conflicting observations also all occur in the same industry, LI. This
consistency provides some robustness to the results of the test.
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Industries that are displaying significance range in intensity. First, the BA, SS, and ME
industries all show consecutive significant positive values on day 0, day +1, and day +2 of the
event window. The second set of industries consists of PB and HH, and shows significant
positive results for two days, day 0 and day +1, and day +1 and day +2 respectively. In the last
set, TO shows significance only on day 0, and TL only on day +2. All these industries also show
significant positive results for the cumulative unexpected turnover during the event window.
Therefore, all these industries support a rejection the null hypothesis of agreement among
investors. This suggests that there is evidence of the consensus effect in these industries; i.e.
there is evidence of heterogeneous beliefs among investors.
The sectors OG, MI, and FS show no significance at all, and can therefore not reject the null
hypothesis. Investors in these sectors have similar interpretations of the new information.
Consistent significant results all occur on or after the 24th of June, the first trading day after the
referendum results. This indicates that in the days leading up to the referendum, investors
showed little divergence in their interpretation of any information related to expectations about
the future. After the 23rd of June, however, the news that Brexit was really going to happen and
the uncertainty on which shape would take, increased heterogeneity in beliefs amongst
investors.
Several sectors show significant results beyond day 0, which indicates a continued lack of
consensus and thus support a rejection of the notion that all investors should be able to learn
the exact nature of information from movements in the price quickly.
Both TL and HH show significant positive results, but unlike the other industries, they do not
start doing so on day 0. This suggests that investors in these industries initially showed similar
interpretations of the new information, but diverged afterwards. A possible explanation for this
phenomenon is that HH and TL are industries that are heavily affected by the state of other
sectors, and as developments in other sectors deviated from initial expectations, investors who
first shared homogeneous interpretations may have changed their beliefs according to this
additional information.

4.3.3 Subconclusion
The results in Table 16 shows support for the SIAH, as there is significant Granger Causality
running from turnover to volatility of returns in all industries. This indicates that informed
investors and uninformed investors operate in the market at the same time, and there is a flow
of information that gradually reaches each uninformed investor. Lack of a feedback relationship
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in most sectors suggests that uninformed investors do not learn from the change in price
resulting from increased trading activity by informed investors. This suggests that there are no
speculative chart traders active in these industries.
As informed investors adjust their trading activity and the price changes accordingly, the new
information is captured in the return. After adjusting the expected turnover for this trading
activity captured by positive and negative absolute returns, Table 17 shows the remaining
unexpected turnover, which contains the trading activity caused by heterogeneous beliefs
among investors. Here, we find evidence that not all investors interpret information in a similar
fashion, as we see significant positive unexpected turnover caused by lack of consensus for
several sectors, with varying degrees of intensity starting after the news of the outcome of the
referendum.
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5. Discussion of Findings
In this chapter we will discuss our empirical findings in a broader perspective. First, we will
compare the expected results of the Brexit on the individual industries and our findings, and
analyse the differences. Second, we will look a behavioural biases that can explain our findings
while reviewing the informational contents of the events, and finally we will discuss how our
findings can be relevant for future events with similar characteristics and uncertainty.

5.1 Expected Results vs. Real Results
The 24th June 2016 was the first trading day after the final results on the Brexit referendum
came out the night before. As seen in the analysis so far, the second event in our study is the
event that caused most reaction in the equity market.
For the industries BA, SS, LI, TL, HH and FS, we see that they all experienced abnormal
negative returns due to the outcome of the referendum. A negative response for BA, LI and FS
was expected if the outcome of the referendum became LEAVE. Like described in section
2.2.1.1, a yes to leaving the EU would put them at risk of leaving the European single market
and its passporting rights, which could lead to lack of liquidity, increasing cost, and potentially a
need to move UK subsidiaries to a new country within the European Economic Area. For SS,
TL and HH, a negative response was also expected as a potential ripple effect caused by a
weakened pound makes imported goods more expensive. High import cost affects especially
industries like non-food consumer goods and industrial products, but also food since a quarter
of consumed food in the UK is imported, causing the public purchase power to decrease.
The negative response observed for these industries however, was not only on the day of the
event but also the following day(s), as well as cumulatively over the event window. This
supports the alternative hypothesis of inefficiency in the market. Looking at the unexpected
turnover for these industries, we see that despite high disagreement between the two models,
in general, they do agree regarding the industries BA, SS, LI and HH, where the results display
cumulatively significant positive unexpected turnover in the event window. This suggests
significant disagreement on the price among the investors, even though the abnormal returns
was negative as expected. Again, this supports the alternative hypothesis of inefficiency in the
market. Positive unexpected turnover does suggest the potential of an informedness effect,
where stocks are not traded on the same information set, and/or a consensus effect. We find
evidence for both. A significant lag-lead relationship running from turnover to volatility of returns
for all industries during the Brexit process suggests a dispersed information flow. Additionally,
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industries BA, SS, and HH all show significant unexpected turnover in the consensus model,
suggesting that investors do not agree on the impact of the news or maybe not on the
magnitude of it.
For the last two industries, TL and FS, the unexpected turnover models in section 4.1.2.2
provided inconclusive results so we cannot with a 5% significance level conclude on the event’s
effect on the unexpected turnover. However, when subtracting the sum of the expected liquidity
trading and informedness effect in the consensus model, we find significant positive results.
This suggests investors did not have homogeneous beliefs as to the effect of the outcome of
the referendum in the TL industry. On the other side, we found no evidence against
homogeneous beliefs between investor for FS.
For the two industries OG and MI, the expectations in section 2.2.1.1 were rather neutral
towards the prospect of potentially leaving the EU. Due to the high export exposure to EU for
the MI industry, deregulation of the market will not affect much, as firms will have to stick with
EU standards, if they want to maintain the export. The biggest threat long term to MI is on the
R&D cooperation between the EU and the UK, the magnitude of this potential threat is
uncertain. Likewise, OG deregulation would not affect the industry as the government pre-Brexit
had kept tight control of its energy policies and regulations. Leaving the EU means potentially
trading under WTO if no deal is made, this is likewise not expected to have an effect on the
industry as WTO poses no tariffs on basic oil sold to EU.
The results of the event study showed significant positive abnormal returns for both OG and MI
not just on the day of the event, but also on the day(s) following, as well as cumulatively, all
supporting an rejection of the null hypothesis. Therefore, despite an expected neutral response
to the referendum results of leaving the EU, they both responded positively to the news.
Reasons for this could be as stated in sector 2.2.1.1, that most firm in MI make their money in
dollar terms, meaning a weakened pound due to the LEAVE-outcome would be considered
favourable and the general uncertainty caused by the results could strengthen the gold price.
Another reason for both OG and MI could simply be that since these industries were expected
to not be affected by the outcome of the referendum, then became attractive for risk-averse
investors as they would not be affected by the uncertainty Brexit would cause. The unexpected
turnover around the event did not provide clear results as the Market Model claimed negative
unexpected turnover yet the Average Model concluded that there was no unexpected turnover
in the event window. Which of the results are true we cannot say, however the evidence does
not suggest that the investors disagreed on the price since the actual turnover was lower or as
expected. This is confirmed in the consensus model, where we do not find evidence against
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homogeneous beliefs among investors for these industries, also the cross-sectional analysis
shows no significant impact on the trading activity for these two industries during this event.
The results for TO and PB both showed significant positive abnormal return for day 0 and +1 as
well as cumulatively in the event window, despite the expectation for both industries being
negative. This was due to potentially very high tariff on tobacco if no agreement is made and
trade falls under WTO. This is not the case for PB, since WTO has no tariff on any
pharmaceutical product. The reason for their expected negative response was instead that they
would no longer have access to the single market, making clinical trials harder and more costly.
To continue sale to the EU the approval process of new medicine or devices would become
more challenging, as firm might have to apply for approval in both UK and EU. So the fact that
TO and PB show positive abnormal returns, is a surprising result. A result that support the
alternative hypothesis of an inefficient market. Both TO and PB show significant evidence for
the consensus effect, thus suggesting that investors in the market are also in disagreement
about the interpretation of the Brexit referendum results in these industries.
For the TO industry, the positive abnormal returns can might be explained by the Tobacco
Products Directive (2014/40/EU) that should be applicable in the EU Member States on May 20
2016. The directive bans flavored tobacco like menthol cigarettes, and requires standardized
packages with a minimum of 65% health warnings labels. Additionally, it prohibits internet sales
and misleading promotions etc. (European Commission, n.d.). UK specific legislation built on
this directive, but due to legal challenges, not all rules had come into force already on the day of
the referendum. So this specific outcome of the referendum could be seen as positive for the
TO firms as it provides a chance that remaining restrictions will the not come into force.
The unexpected turnover in the event study for TO and PB displays inconclusive results as the
Market Model find no significant result, and the Average Model find significant positive
unexpected turnover. Therefore based on these findings we cannot unequivocally conclude on
the presence of unexpected turnovers around the event. However, as mentioned, we did find
evidence of informedness and consensus effect, meaning both abnormal returns and trading
volume support rejection of the EMH for these industries.
The last industry, ME, we found no clear expectation for the impact on the industry in case the
result of the Brexit would become LEAVE. The analysis of the abnormal return shows that it
was only significantly negative affected on the event day itself, suggesting that the null
hypothesis holds for this industry, as it quickly adjusted to the news of the referendum.
Regarding the unexpected turnover both models agrees that ME are cumulatively positive
significant, this suggest that investors have disagreement on the price in the event window,
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which could be expected since we found no clear expectation as to the impact of Brexit on the
industry. This is however in violation of the assumption on rational investor in the Efficient
Market Hypothesis, supporting a rejection of the hypothesis. Additionally, a closer look at the
results of the consensus model also shows that ME has significant unexpected turnover when
modified for informedness, indicating lack of consensus between investors.
The first event February 20, 2016, when it was officially announced that there would be a
referendum, the analysis of the abnormal return around this event showed some significance on
single-days for the industries like MI, LI, HH and FS. However, further analysis showed that
industry specific information, not related to the official announcement of the referendum,
reached the market for most of these industries in the event window. News like a new insurance
directive for European Commission that came into force, the Bank of England and Financial
Services Bill that passed through the Committee stage in the house of Commons, and high
copper prices affecting the MI industry. So only HH showed significant abnormal return on the
day of the event that could not be obvious attributed to any other noticeable news in the period.
The returns for HH, however, quickly adjusted to the new suggesting along with the evidence
for the rest of the industries that the event do not support a rejection of EMH. Regarding the
unexpected turnover in the event window, the two models do not provide conclusive results for
most of the industries. For FS, both models suggest some positive unexpected turnover, which
given the industry specific news in the event window most likely also is connected to that. For
OG, BA, PB and HH the models do seem to agree that they do not experience unexpected
turnover, so the first event do not support disagreement on the price between the investors.
When the official triggering of Article 50 occurred, it appear to have no significant effect on the
abnormal returns, as only ME is effected on day +2. Since it is the only industry affected and
only on the second day after the event, it suggest that it also here might be some industry
specific news affecting the returns and not our event. For the unexpected turnover in the event
window, the models agree there are significant positive unexpected turnover for SS, suggesting
here a violation of the assumption of EMH of rational investors. Yet, for the rest of the industries
there appear no support for this violation and the abnormal returns do not support rejecting the
EMH.
Therefore, the first and third event do not seem to produce abnormal returns or unexpected
turnover, suggesting either efficient market or simply lack of new information content in the
events.
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5.2 Behavioural Biases and Information Content
Expected fundamental trading results from investors’ needs for liquidity and portfolio
diversification, and occurs continuously in the market. Unexpected trading volume occurs when
new information enters the market that leads investors to from different opinions on the
implications of this new information. We treated all our events as equal when we tested for
abnormal returns and unexpected trading volume, but found consistent lack of significant results
for event 1 and 3 to not support a rejection of the EMH, yet event 2 did show evidence to do so.
To further understand this difference, we turn to the information content of our events and
analyse our results with a behavioural perspective, specifically the element of surprise and the
complexity of the new information.
The announcement of the referendum was an unplanned event, since there was no guarantee it
would happen on that exact moment. The set date of the referendum might have been
irreversible, but the fact that there would be a referendum had no direct instant impact on the
status quo. At this stage, there was still a very realistic scenario in which a majority of the voters
could have voted to remain in the EU, and thus nothing would change. Additionally, the exact
moment at which the information became public may have been unplanned, but prior
developments in the negotiations between the UK and the EU that preceded the
announcement, were already indicating an agreement was not going to be reached. Therefore,
the financial market could have already anticipated the event to happen in the near future, and
this specific event held no new surprising information large enough to make an impact on the
market at all. Instead, by not responding at all, investors showed conservatism behaviour. A
fully rational investor would have had to update his probabilities at least a little, because the
possibility that there would not even have been a referendum, however small it was before, was
now completely eliminated.
The outcome of the referendum shows quite the opposite circumstances. The date for the
polling was planned, but the outcome was unexpected and would lead to a big change in the
status quo. This resulted in a situation where surprising new information entered the market,
and the content of this information was that big changes in the economy were ahead, yet it
remained undefined exactly how the future would be affected. This news was not only
surprising, thus demanding a lot of attention and exposure to overweighting, but also highly
complex. This may lead not only to incorrect, irrational, valuations, but also largely divergent
beliefs as investors are heterogeneous in their degree of susceptibility towards attention biases
and the information set they have acquired. Therefore, these characteristics could explain the
high levels of abnormal returns, as well as unexpected trading volume. The complexity of the
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information also provides an explanation for the continued positive (negative) levels in abnormal
returns from day 0 to day +1 (Figure 7). The EMH states that all new information should have
been incorporated in the new price instantly, thus being captured in the closing prices of day 0
and prices should remain stable at this new level afterwards. Instead, we can observe an
continued abnormal returns, suggesting the possibility of herd behaviour, where investors are
uncertain about their own valuation and imitate others instead, thus continuing an upward
(downward) trend with extended abnormal returns. On day +2, a reversal towards the initial
value can be observed for most industries through a decrease in cumulative abnormal returns,
suggesting again evidence of an initial “panicked” overreaction on day 0 and day +1.
In contrast again, a similar pattern to that of event 1 can be observed for event 3, the official
triggering of Article 50. Again, by not responding, investors show signs of conservatism, as they
did not accurately update their valuations according to the new situation where the chance of
not having a Brexit was officially completely eliminated. However, it is debatable if this
possibility still even existed. The UK government had already promised to honour the outcome
of the referendum, regardless of what this outcome would be. Therefore, once it became clear
the majority of UK voters had chosen to leave the EU, investors had quite a guarantee this
would indeed happen, and that the UK government would make this outcome official. Hence,
the event of the official triggering held little new information about the future, and this
information cannot be considered a surprise. Additionally, it was announced on the 20th of
March already that the UK would deliver the official letter of withdrawal on the 29th of March.
That means that this event was both planned, held no surprising outcome, and did not change
the status quo, and can therefore be considered as non-informational at all.
The importance of information content is also suggested in the results of the Granger Causality
test of section 4.3.1. We find consistent evidence for a lag-lead relationship running from
volume to returns across all industries, yet little evidence for a bidirectional causality. The arrival
of new information (proxied by trading volume) results in investors to adjust their demand
functions, causing a shift in the market equilibrium and a new price, but that price change does
not result in additional trading volume. This may suggest that during the Brexit process, instead
of technical chart trading on observable price movements, investors mainly traded on actual
news. This analysis however is in disagreement with the notion of herding behaviour, which
would have suggested that investors imitate trading behaviour of other investors and thus
continue price trends. This would have called for Granger Causality to run from price volatility to
volume.
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Instead, with the focus on information being so strong yet the complexity of the situation so
high, investors may have applied different biases throughout the Brexit process. One could
argue that during event 1 and event 3, investors had already been exposed to a first
impression, and anchored their opinions from there. If this first impression was already that the
referendum was going to be held and the UK Government would trigger Article 50 as promised,
then any official confirmation did not require any adjustment. Therefore, they displayed the
Anchoring and Adjustment heuristic. In contrast, a combination of the Anchoring and
Adjustment heuristic with the Cognitive Dissonance Theory and Selective Attention heuristic,
can explain a continued overreaction to event 2. After the initial surprise, investors had set their
first impression too extreme and used this anchor point to further adjust. Afterwards, by mostly
paying attention to news that confirmed this standpoint, adjustments were initially made in
continuation of the overreaction, instead of towards a reversal.

5.3 Implications for Similar Events
Negotiations of the terms of the split between the EU and UK are still ongoing and the UK will at
the earliest leave the EU on March 29, 2019; exactly two years after the official triggering of
Article 50. However before leaving the EU, a withdrawal agreement needs to be made.
According to multiple unofficial sources the chief negotiator for the EU Michel Barnier set the
deadline for submission of a Withdrawal Agreement to October 2018, more specifically the 18th19th October (Colson, 2018; Reuters Staff, 2018).The hope is that by this time they have a set
of legal terms for the divorce between the EU and the UK and a political declaration stating the
future relationship, like potentially a new trade agreement. The submission of a withdrawal
agreement would not mean a finalized deal, as both the House of Commons in UK and EU
Council would have to agree to it afterwards (Colson, 2018). A submission and presentation of
a withdrawal agreement and political declaration could potentially have a large impact on the
stock market.
We can compare it to the outcome of the referendum. In that event, investors knew when the
referendum would take place, as they now know when to expect an announcement of a
withdrawal or a statement that an agreement is not reached, stating the UK will not split with EU
in March 2019. Either way it would affect the stock market as it holds new information, the
degree to which it will be affected depends on the terms of the agreement. If the terms of the
agreement are surprising, we argue earlier that if the information content of the new information
was unexpected it should be expected to see high levels of abnormal returns in the following
days along with increased trading activity and an overreaction to the news by the investors. As
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of March 2018 a transition deal has been made between UK and EU, stating that after UK
officially leaves the EU the 29th of March 2019, there will be a transition period running until
December 31, 2020, where UK will still be under EU rules and regulations (Blitz, 2018). Deals
like this set the expectations to the final withdrawal agreement, and is therefore likely to be
incorporated into the price as they are announced. However as the motto of the negotiations
has been “Nothing is agreed until everything is agreed”, there is still a small possibility that this
transition agreement could be altered in the final withdrawal agreement (Blitz, 2018), which
would suggest there are potential for the announcement of the withdrawal agreement to
become a surprise full event, just like the outcome of the referendum. On the other hand, if the
terms of the agreement are as expected, then the agreement will present no new information. In
response, the market might only adjust to the new certainty it will bring, but it will most likely not
display high levels of abnormal returns or trading activity, like with the third event in the
analysis.
The continued Brexit process is not the only set of events that show similar characteristics as
the events in this study. As discussed in section 2.2.1.3, economic policy uncertainty elevates in
a multitude of scenarios, such as the US Presidential elections. The 2016 election saw the
victory of President Trump, and the markets responded accordingly. The unexpected outcome,
combined with the substantial difference in economic policies between the two candidates
especially regarding potential tax cuts, resulted in a lot of uncertainty on the market. With the
Presidency and Congress in Republican hands, suddenly significant tax reductions for
corporates were to be expected. At the same time, internationally oriented firms faced
increased uncertainty about Trump’s ambiguous foreign policy plans regarding accumulated
foreign earnings as well as possible trade wars. Wagner, Zechhauser & Ziegler (2017) find that
high tax-paying firms displayed abnormal returns while the opposite was observed for
internationally oriented firms. As their research is limited to the first 10 days of Trump’s
Presidency, and no substantial policy changes had been implemented in these days, it is clear
that the market responded solely to increased (decreased) uncertainty and updated
expectations about policy changes, and not to actual policy changes themselves. Since the
publishing of their paper and before the submission of this thesis, Trump has implemented his
massive corporate tax cut and almost started a trade war with China and the European Union
over import tariffs (Bradsher & Perlez, 2018). The onset of the latter especially may cause
nervousness on the equity market. Currently, it is still expected to be resolved in a diplomatic,
mature fashion, as the deadline of the implementation of the import tariffs is consistently being
postponed to provide opportunity for negotiations (Smith, 2018). Therefore, the current situation
is to a certain extend similar to that of pre-referendum Brexit. Big changes to the economic
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environment due to policy changes are looming, yet the expectations are still in favour of the
status quo. If the tariffs are indeed implemented and China and the EU retaliate with equal
measure, a shock to the equity markets similar to that following the referendum outcome could
be possible. The same informedness and consensus effects can be in place, and comparable
behavioural mechanisms may cause an extended overreaction to challenge the Efficient Market
Hypothesis. The US is facing more elections in the near future, as November 2018 brings midterm elections for one-third of the seats in the House of Representatives. Due to Trump’s falling
approval rates (Guskin, 2018), a big Democratic win is expected.
In Europe, 2017 brought a wave of elections, starting with the Netherlands. Analysts used this
election as an indicator of the current political mood on the continent. Conservative and far-right
seemed to be the big winners, but left-wing socialists still hold almost 40% of seats in this multiparty government system, requiring 225 days and 3 different formateurs before a coalition was
formed. Next was France twice, for president and for the National Assembly, both surprisingly
won by the party of Macron (liberal economically, left socially) and thus lost by the right-winged
Front National, unlike the Dutch elections. The surge of anti-immigrant Alternative for Germany
(AfD) in the September elections in Germany overshadowed a fourth win for Angela Merkel,
and the formation of a new government has proved difficult as parties disagree on fundamental
issues. Right-winged and conservatives also won in Austria in October, indicating a shift in its
previously centralist government (Kroet & Oliveira, 2017).
2018 brings national elections in Russia, Italy, Sweden, and Hungary (and some smaller
countries). Especially the Russian election is of global importance, even though the winner is
most likely incumbent Putin. Italy’s election outcome may sway the general direction of politics
in the whole of Europe, as well as that of the Hungarians, whose political opponents are on
different sides of the spectrum (Anderson, 2018).
The European Parliament itself has set the date for elections in 2019. At these elections, all
eligible voters in the European Union can vote directly on representatives that will hold power
over EU legislature, supervisory, and budget. As it follows a turbulent time in European politics,
the outcome of these elections is far from certain.
With the current trend of political discourse, division, and surprise election outcomes, none of
the expected election outcomes are predetermined. With increased political uncertainty, an
increase in economic policy uncertainty follows. Like the Brexit referendum, each of the coming
election results can be treated as a similar event. Surprising outcomes with market-wide effects
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can, like the Brexit referendum outcome, lead to strong extended overreactions on the market
on the short-term.
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6. Limitations and Further Research
There are several factors that might question the validity of this thesis, which directly leave
room for further research. This chapter discusses several.

6.1 Source Credibility
In section 2.2.1.1 we comment on the general expectation to the effect of Brexit on different
industries and sectors. The expectations builds among other things, on a lot of different
consultancy reports. These consultancy reports claim to provide a economic insight to the effect
of Brexit on different sectors, however, they mostly end with asking “What to do now?”, “Our
suggestion” or “How can we help?”. This could suggest that they might be a little negatively
biased in presenting theses expectations as to create a view of necessity for readers to acquire
their services. The source credibility in this section can therefore be view a little lower that the
rest of the thesis as it is possibly a little negative biases in the expected effect of Brexit.

6.2 Data Credibility
The stock returns used in this thesis are based on daily closing prices, a time interval often
used within market efficiency event studies. However, news generally spreads fast today,
through internet, television etc. and due to the widespread use of smartphones and computers,
investors continually have access to the newest information and can receive and trade on news
almost instantly. Therefore by using daily closing prices, we risk that we might see less
movement in the price as effect of the news, whereas if we had had multiple intraday prices,
such as 5 minute interval data, this could have showed more movement of the price, and
thereby have captured more of the events effect. Using daily closing prices, we might also risk
eliminating some of the more speculative trading, i.e. day traders and high frequency trading.
This speculative trading is often done with time horizons shorter than a single trading day and
daily closing prices thus do not pick up on it. Especially regarding the informedness effect, more
updates on the market could have displayed a stronger effect, or even a bilateral relationship for
all industries because speculative traders often hold their positions only shortly and trade based
on price movement.
The thesis is build on the data of the different industry indexes, which do provides us with a
average of the specific industry, which was intended. However using the industry indexes gave
some limitations as to which models we could use to calculate expected normal returns in the
event study. Because asset pricing models like the Fama & French’s (1993; 2015) three- or
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five-factor model, require firm specific factors like, book-to-market ratio and size measurement,
which we cannot obtain due to the fact that we chose to use industry index data.

6.3 Model Credibility
As we have seen in the analysis, the Brexit referendum was an event that did not just affect a
single firm or industry, but rather a market-wide event that affected a range of different sectors
across the FTSE 350 Index. In our event study, both examining abnormal returns and
unexpected turnover, we have use the so-called Market Model, which is one of the most widely
used models in event studies. However, by using the Market Model to calculate the expected
normal returns we risk underestimating the actual effect of the event, because when a spike
happens for both the specific industry and the market index, some of the effect of the event for
the industry will potentially be eliminated by the spike in the expected return, due to the same
spike in the market. This potential underestimation is thought to be larger looking at unexpected
turnover, because for returns some industries reached positive and others negative abnormal
levels, thus averaging the effect on the market index. This is not case for unexpected turnover,
where only positive ratios are possible. In the event study for unexpected turnover we also
applied an Average Model. The risk of this model is that it overestimates the effect of the event.
The reason for this potential overestimation is the mathematical buildup of the model, meaning
that the expected turnover becomes constant. The Average Model will therefore not be able to
differentiate between natural peaks due to for example seasonality (the dips at Christmas time)
and peaks caused by an event, therefore causing overestimation to any spikes in turnover, as
they will all be considered a possible effect of an event.
The estimation period should represent data under normal circumstances, a period unaffected
by the event. Our results showed that the data appeared to be unaffected by the official
announcement of the referendum, and the later analysis argued that it might had been
anticipate before the announcement and thus already incorporated in the price. If this is the
case, there is a potential risk that the estimation period was affected by the event to a certain
degree. This is however not possible to measure as no specific event or date can be defined as
to when the investors might have started anticipating this. Even if an estimation period earlier
than the one used was chosen, we risk that the estimation period would no longer be a valid
representation of the expected normal conditions in the event period. The length the estimation
period is also a well discussed topic and many different recommendation are found, as
mentioned in section 3.1. We chose to use a full trading year (253 days) prior to the first event,
as suggested by MacKinlay (1997) as it seem most representative and accounts for seasonal
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biases. By deciding to use this estimation period, we also limit our results as other estimation
periods might have provide slightly different results.

6.4 Further Research
The previously outlined limitations provide technical factors that must be addressed in further
research.
First, more frequent market observations, with shorter time intervals, may show intraday trading
patterns that can reveal more than daily closing data, as news arrives in the market in real time
and investors can make trading decisions at any time during the trading day. Similarly, the use
of different event windows can show the impact of specific events on a longer time scale than
the short-term that is applied in this thesis. Additionally, data from other types of financial
securities (such as foreign exchange rates, commodities, or bonds) or other financial
instruments (such as derivatives) can show different reactions, as these have different
dependency on expectations than equity. This thesis also focuses solely on the effect of Brexit
on the London Stock Exchange, and not on other stock markets. Losing the UK as a participant
of the free EU market will hurt many mainland industries that export and import to the UK, as
will other global markets that engage in trade with the UK and are governed by European Union
trade agreements. Investigating these stock markets will certainly be an interesting topic for
further research.
On a more technical note, the use of more sophisticated models to calculate normal returns and
expected turnover can eliminate the overestimation and underestimation issues faced in this
thesis. This issue is especially important for unexpected turnover, because trading volume is
always positive and therefore accumulates to capture the whole market, instead of averaging
out negative and positive values (which is the case with returns). Furthermore, the use of a
different, more sophisticated nonparametric significance test can overcome the pitfall of the
Corrado Rank test regarding the cumulative levels of abnormal returns and unexpected
turnover, providing results that are more robust.
Aside from the technical factors specific to this thesis, the case itself also provides ample
opportunity for further exploration. With the Brexit process being far from over, continued
monitoring of the market response to new information can provide a better understanding of
when and how investors react to specific types of information. Testing for market efficiency
through abnormal returns is an established method, but teaches very little about the origins and
drivers of potential inefficiency. Therefore, we suggest further research that focuses on these
aspects. Especially investigating different scenarios, types of events, and new information that
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result in inefficient responses from the market as well as individual investors can identify
potential patterns and formulate possible explanations for these phenomena.
In this thesis, we picked three single events related to political and economic policy uncertainty,
starting with the official announcement of a referendum, then the actual referendum, and ending
with the official announcement of honoring the outcome of the referendum. However, in the
period before the official announcement of the referendum, there were already rumours and
speculation of the possibility of such an event. These events may have foreshadowed the actual
announcement, decreasing its surprising power. Additionally, in the months leading up to the
referendum, the different campaigns rallied and politicians, celebrities, and intellectuals alike
picked sides, as well as the publishing of both positive and negative post-Brexit scenario reports
to influence the public. Closing in on voting day, daily polls showed an increasing possibility of a
potential vote in favour of Brexit. After the referendum, a waterfall of rumours and possibilities
and forecast reports on different scenarios flooded the media and the market. Especially once
the UK government and the EU published their personal wishes for the terms of their divorce,
and the negotiations started. As long as the negotiations are not finalized, new information on
potential agreements, albeit in the form of rumours, keeps arriving to the market. Therefore,
further research into more detailed separate events and the continuous arrival of new
information will provide a better understanding of how the market and individual investors
responded to the increasingly higher probability of a Brexit, as well as the uncertainty on the
exact terms of the divorce.
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7. Conclusion
After a surprising majority of UK citizens voted to leave the EU on June 23rd, 2016, the financial
equity markets responded with a drastic continued price movements in opposite directions for
different industries, as well as a peak in trading activity in adjustment of the new information and
sudden uncertainty about the future economic environment. According to Fama’s (1970)
Efficient Market Hypothesis, all new information arriving to the market should be incorporated in
the price instantly and correctly. Therefore, a single price adjustment captures all information.
Combined with the No Trade Theorem, this implies that if prices are efficient, no trading activity
other than liquidity trading should be observed in the market. As this was not the case after the
outcome of the Brexit referendum, this thesis aims to investigate this response, especially
regarding the incorporation of information by the market and the individual investor. To do so,
the event study methodology by MacKinlay (1997) was adopted to examine the market with
regards to abnormal returns and unexpected trading volume for the different industries around
three events related to the Brexit referendum.
For official announcement of the referendum and the official triggering of Article 50, we found no
evidence against the Efficient Market Hypothesis. The significant abnormal returns and
unexpected turnover we did found for a few industries could be attributed to other industry
specific news unrelated to the event of interest. The actual outcome of the referendum showed
that the results of the referendum did have a significant effect on the price and volume. All
industries experience significant abnormal during the event window, the ME industry only on
day 0, where the remaining ten industries was found abnormal returns on day 0 and +1, and
even on the second day as well for some industries. The responds to the outcome of the
referendum was not the same in the different industries, OG, PB, TO and MI they all
experienced positive abnormal return, where BA, SS, LI, TL, HH and FS all display negative
abnormal returns. The results shows that several industries saw a little reversion of the
movement in the cumulative abnormal returns on the second day after the event, suggesting an
initial overreaction to the news. Despite some inconclusive results for the unexpected turnover,
we did generally find positive unexpected turnover for most of the industries at the second
event. Consequently, the results for the investors’ incorporation of the news of the referendum
outcome support the alternative hypothesis of inefficient market across the industries.
The events analyses in this thesis can be characterized as market-wide, hence we remain
skeptical towards the results of the unexpected turnover, as we expect Market Model might
underestimate the effect and the Average Model is likely to overestimate all spikes in turnover
ratio. Therefore, we investigate the effect of the event on the trading activity, measured by
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turnover ratio, while controlling for both prior returns and prior turnover. Here we found that
neither the first or the third event caused a significant effect in the trading activity in any of the
industries. The second event however, showed significant positive trading activity in the event
window, except for MI and OG. This provides evidence that for most industries, the outcome of
the referendum caused increased trading activity. In combination with extended abnormal
returns for this period, this suggests market inefficiency.
To further explore this evidence for market inefficiency, we examine effect the flow of
information have on trading volume, measured by turnover ratio. This is done using the Granger
Causality test to test the Sequential Information Arrival Hypothesis. We find evidence
supporting this hypothesis, with Granger Causality running from volume to volatility of returns
for all industries, for OG and MI we even find a bi-directional causality. This means that the
increased trading activity and unexpected trading could be caused by a sequential arrival of
information, causing trade between uninformed and informed investors. Additionally, we
adopted the notion that all information should be displayed in the price to capture the
informedness effect, which makes is possible to isolate the consensus effect. The results of this
model shows that we see significant positive cumulative unexpected turnover caused by lack of
consensus for all industries except OG, MI and FS, thereby suggesting that the increased
trading activity could be caused by the consensus effect for in these industries. Most of the
industries responded to the second event as expected, except for TO and PB, which
experienced positive abnormal returns despite negative expectations. The positive unexpected
turnover along with lack of consensus suggests that investors do not agree on the impact the
outcome of the referendum has on the valuation of these industries, or at least not on the
magnitude of it.
Inefficient markets can be explained by the notion of bounded rationality. Investors are bound
by constraints on their information processing resources, such as cognitive abilities, time, and
the availability of information. Therefore, investors rely on behavioural heuristics as shortcuts to
make decisions that are not always fully rational. The conservatism heuristic states that
investors underestimate the importance of new information by not paying enough attention to it
and therefore underweighting its impact as they update their beliefs. This may be the case for
event 1 and 3, as the informational content of these events was anticipated. However, a sudden
surge in attention compensates for this underreaction in events where the new information is
considered a surprise. Instead of underweighting new information, the shock will cause
investors to overweight its importance, which results in an initial overreaction. The data shows a
decline in cumulative abnormal returns on day +2 for most industries, indicating a reversal to a
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rational price level. However, this reversal does not occur on day +1, which displays a
continued trend of the initial abnormal returns as well as continued high levels of unexpected
trading volume. This extended period of inefficiency may be the result of several behavioural
biases, most likely a combination of Anchoring and Adjustment, and the Cognitive Dissonance
Theory and Selection heuristic. This combination of biases states that an initial overreaction is
used as anchor, from which further adjustments are made rather than from a rational lower
level. At the same time, investors expose themselves to information that confirms their own
beliefs and prior actions, resulting in a continuation of the upwards (downwards) trend. Only on
day +2 this trend is reversed.
This thesis is one of the first studies investigating the effects of the Brexit referendum and the
extended process surrounding it on the financial equity markets. Especially the focus on the
average market response opposed to the formulation of heterogeneous investor opinions has,
to the knowledge of the authors, not been done before. Therefore, this thesis presents
exploratory steps into the matter, and presents a strong indicator that the markets are behaving
abnormally. As the Brexit negotiations continue and the European Union (and other global
economies like the US) is plagued by political unrest and division in its member countries, this
field will remain relevant to academics and professionals alike. Thus, a lot more research can
be conducted towards the impact of Brexit, the incorporation of new information, and the
formulation of investor opinions in periods of elevated political and economic policy uncertainty.
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8. Perspective
In this thesis, we applied a cut-off date of April 30th, 2017, which marked the first part of the
Brexit process: starting with the official announcement of a referendum, the referendum and
outcome itself, and ending with the official implementation of the outcome of this referendum.
The second part of the Brexit process, the actual negotiations between the UK and the EU,
were thus not considered. In this short “epilogue” to the thesis, we would like to address the
political and economic developments since our cut-off date. Additionally, we will present our
personal expectations on how Brexit will end, and where this will lead the UK and the future of
the European Union.
On March 2nd, 2018, Theresa May delivered a comprehensive speech addressing some hard
facts that were undeniable for anyone involved, as well as her wishes on a new trade
agreement. She urged to be realistic, stating that the UK had to accept they could not get all the
benefits yet none of the obligations, and that the UK would still be affected by decisions of the
EU and its agencies to ensure alignment of regulations for smooth access to the market. In
short, she would want to align most regulations (especially those in the financial sector, to
regain passporting rights), continue relationships within education, science, and cultural
programs, and seek membership to European medicine, chemical, aviation, and energy
agencies (making adequate financial contributions). Yet at the same time, May wants the UK to
negotiate better rights for fishermen, an open Irish border, and end the jurisdiction of the
European Court of Justice in the UK (“‘Hard Facts’”, 2018).
If this sounds like getting all the benefits but none of the obligations, then we agree. So does
Guy Verhofstadt, Brexit co-ordinator for the European Parliament, as he stated that an
agreement could only be reached by compromise and not by giving the UK all the perks, and
hoped May would come with “serious proposals” (“‘Hard Facts’”, 2018).
The EU still states it will only confirm a complete deal in which an agreement has been reached
on all separate aspects. As the deadline for this final deal is on March 29th, 2018, we expect a
lot of back and forth from both parties where they state they will not give in to “ridiculous”
demands, and only agree on deals that are in the best interest of their own citizens. May will
have to show she is fighting for the best deal, in order to retain support of the more conservative
members of Parliament and hard-line citizens. The EU has to play tough as well to retain its
reputation of strength and unity. If the UK gets a good deal and leaves the EU better off than it
was as a member, other countries may want to abandon ship as well, especially countries that
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have strong economies themselves and contribute a lot to the EU. Were that to happen, it could
lead to a potentially complete unravelling of the Union.
On a more realistic note, reaching a trade deal, any deal, is better for both parties than no deal
at all. The EU is an important market for UK exports, as well as imports, and vice versa. Losing
access to each other’s markets would cost everyone a lot more than a compromise. In fact, they
seem so scared of losing access to the EU market, the government has inserted the European
Union (Withdrawal) Bill (or Great Repeal Bill, as it was named before). This Bill states that after
the 29th of March, 2018, all EU law becomes UK law, as to avoid a black hole in legislation and
to ensure UK products are still eligible for the EU market. Afterwards, the government can
remove, change, and add new regulation that better suits its wishes (“EU withdrawal bill”, 2017).
The EU is also keen on retaining as much trade as possible and pushed for a transition period,
which has already been agreed on. Regardless of what deal is reached, for 21 months after the
deadline free movement will continue. This leaves businesses and organisations to prepare for
new post-Brexit rules and more time for details of a deal to be worked out. Any other deals the
UK makes in this time will not come into force until 2021 (“The EU and UK agree”, 2018).
These developments show that while both parties seemingly play a game of chicken, waiting for
the other to give in so they can keep face towards their own citizens, neither party really wants
harsh separations. Therefore, we expect that a deal will be reached in time. Our personal
opinion is that this deal will resemble the deal the EU has with for example Norway. Norway is
part of the European Economic Area which gives it access to the single market, but it also has
to accept free movement of people. This is something the LEAVE-campaign argued against
however. Another option is the Customs Union, like Turkey, which would lead to retaining the
EU’s common external tariff and import conditions by the EU’s preferential agreements, yet the
UK is free to make its own external agreements. Exports and imports pass freely, without costly
customs controls, which would resolve the border issue with Ireland. It does, however, require
the UK to stick to a lot of EU regulations that ensure safety of products, and it installs tariffs
(Emerson, 2016).
All these developments and expectations on the political and economic future of post-Brexit UK
leave one question: how will the financial markets respond?
Evidently, this depends on the actual deal that is reached. However, as we discussed earlier in
this thesis, much of the response is dependent on expectations, as these form the basis of any
security valuation. With the Repeal Bill and the transition period already officially agreed upon
and in place, no instant huge short-term changes will occur after the deadline. Therefore, the
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biggest possible surprise will come at the publication of the expected deal (as both parties are
by then assumed to officially sign off on it after a vote). If this deal somehow states the UK will
leave without any trade deals or access to the EU market at all, this will need to be updated in
investor’s valuations. However, as we expect a softer deal, with a lot of “the details will be
worked out during the transition period”, we expect only a mild response from the financial
markets. This would be similar to the response of event 1 and 3. There are already heavy
expectations on the deal which have been incorporated in investor’s opinions, and any details
will not be known until later, so adjusting valuation on that is still impossible. With the
publication of more details during the transition period, the markets will respond and adjust
accordingly when they come out, in a smoother process than our market-wide shock event that
was the outcome of the referendum.
One thing that will however change, is that the EU now has precedent on members leaving.
Personally, we think that none of the remaining members want to do so right now, but we also
thought the UK would never actually vote to leave, so what do we know? We can argue the
wake of the Financial Crisis of 2008 and economic decline following (such as increased
unemployment and decreased budgets for social services) of tightened European rules had a
big effect on the political unrest that eventually led to this decision. With the current state of
heightened political division in Europe, a second financial crisis or decline in economic welfare
could very well lead to unrest in other countries, such as economically strong Germany and
France who could leave voluntarily. Countries with weaker economies may falter again and
become dependent on the other members for financial aid, such as Greece, Portugal, Spain,
and Italy were during the 2008 Crisis. And this time, the EU has a template for termination of
membership, which would make doing so easier.
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Appendices
Appendix 1
Figure 9. Cumulative abnormal return, CAPM
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Appendix 2
Figure 10. Control of linearity, OG, R_t

Figure 11. Control of linearity, OG, R_t-253,t

Figure 12. Control of linearity, OG, TO_t

117

Appendix 3
Table 18. Optimal lag selected using AIC
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Appendix 4
Table 19. Consensus effect, 1st event

*Significant at a 5% significance level
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Table 20. Consensus effect, 3rd event

*Significant at a 5% significance level
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