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BACKGROUND AND OBJECTIVES

The high observed trading volume can be explained by the matter that investors are overconfident
about their ability to value and trade stocks. The increasing returns make investors overestimate
their trading skills and thus increase their trading. In contrary, decreasing returns make investors
decrease their trading. Thus the observed trading volume varies with the level of investor overcon-
fidence. In this thesis, I study whether the investor overconfidence hypothesis holds in the Euro-
pean stock market in the 2000s and which factors have affected the trading volumes of the Euro-
pean national stock exchanges. This study follows the previous research of Statman, Thorley, and
Vorkink (2006).

DATA AND METHODOLOGY

The data set used in the study consists of the stock turnover and daily index value data of fourteen
European stock indexes from June 2001 to December 2014. The turnover is calculated by dividing
the amount of stocks traded in each index by the total amount of stocks underlying each index. The
daily data is used on the monthly and weekly level in the study, and the indexes are studied both
separately and as a single pooled data set. The full period is also divided into two subsamples to
observe the differences between pre- and post-crisis periods around the year 2008. I use the vector
autoregression methodology to observe how lagged returns are affecting the current turnover but
the methodology also gives results to other combinations of these two variables. In addition, I run
impulse response functions for each time period and index to observe how a shock of one standard
deviation in return affects the contemporaneous turnover and how many months the turnover is
affected by this shock.

FINDINGS

The results of the study indicate that for the full period from 2001 to 2014 the support for the
overconfidence hypothesis is weak. However, by dividing the full period into two subsamples to
represent the periods before and after the financial crisis of 2008, I find that from 2001 to 2008
the stock turnover is positively related to lagged returns for many months but this relation does
not hold during the period after the crisis. Due to this observation, I will also review how the stock
market conditions have changed in Europe after the crisis. The two main reasons for the trading to
decrease in national stock exchanges despite the market catching up after the crisis are the market
regulation and fragmentation.

Keywords Overconfidence, European stock exchanges, trading volume, stock turnover, past re-
turns, financial crisis, market fragmentation, vector autoregression, impulse response function
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TAUSTA JA TAVOITTEET

Markkinoiden korkeat kaupankidyntivolyymit johtuvat osittain siitd, ettd sijoittajat yliarvioivat
kykynsa arvostaa ja vaihtaa osakkeita. Kurssinousut saavat sijoittajat yliarvioimaan kaupankaynti-
taitojaan ja titen kdymaan enemmain kauppaa. Toisaalta kurssilaskut saavat sijoittajat vihenta-
maan kaupankadyntia. Taten markkinoilla ndhtavat kaupankayntimaarat ovat riippuvaisia sijoitta-
jien yli-itsevarmuudesta. Tutkielmassani selvitdn, pitadako yli-itsevarmuushypoteesi paikkansa
Euroopan osakemarkkinoilla 2000-luvulla, ja mitka tekijat ovat vaikuttaneet kaupankayntivolyy-
meihin Euroopan kansallisissa porsseissa. Tutkielmani metodit seuraavat aiempaa Statmanin,
Thorleyn ja Vorkinkin (2006) tekemaa tutkimusta yli-itsevarmuudesta osakemarkkinoilla.

DATA JA METODOLOGIA

Tutkielmassani kaytan dataa neljantoista eurooppalaisen kansallisen porssi-indeksin vaihdetuista
osakemaarista seka indeksien arvoista aikavalilla 1.6.2001-31.12.2014. Kaupankaynnin volyymin
mittarina kiytan arvoa, joka on laskettu jakamalla indeksissd vaihdetut osakkeet indeksin yritys-
ten osakkeiden kokonaismairalla. Paivittdisid havaintoja kiytidn tutkielmassa seka viikko- etta
kuukausitasolla, ja indekseja tarkastellaan seké erikseen ettd yhdeksi sarjaksi koottuna. Jaan tar-
kastelujakson myos kahteen osaotokseen vuoden 2008 ja 2009 vililla katkaisten, jotta voin verra-
ta kriisia edeltanytta ja seurannutta markkinatilannetta. Tutkimuksessa kiytian vektoriautoregres-
sio-metodia selvittddkseni, kuinka menneet tuotot vaikuttavat timén hetkiseen kaupankidynnin
aktiivisuuteen. Sama metodi antaa vastaavat tulokset myos muille muuttujien yhdistelmille. Lisak-
si kaytan impulssivastefunktiota kaikille tarkastelujaksoille ja indekseille selvittimaan kuinka yh-
den keskihajonnan shokki esimerkiksi tuotossa vaikuttaa kaupankéyntiaktiivisuuteen ja kuinka
kauan tama vaikutus kestaa.

TULOKSET

Tutkielman tulokset osoittavat, ettd aikavililli 2001-2014 hypoteesi sijoittajien yli-
itsevarmuudesta pitda paikkansa ainoastaan heikosti. Kun koko tarkastelujakso jaetaan kahteen
osaotokseen vuoden 2008 kriisin ymparilld, huomataan, ettd osakemarkkinoiden kaupankiyntiak-
tiivisuus on positiivisesti yhteydessd menneisiin tuottoihin usean kuukauden ajan ennen kriisia.
Kriisinjalkeisella jaksolla tama yhteys ei kuitenkaan enda pade. Taman havainnon vuoksi kidyn
myos lapi markkinaolosuhteiden muutoksia Euroopassa kriisin jalkeen. Kaksi paasyyta kansallis-
ten osakeporssien kaupankidynnin laskuun markkinoiden noususta huolimatta ovat markkinoiden
saantely seka hajautuminen.

Avainsanat Yli-itsevarmuus, Euroopan osakeporssit, kaupankayntivolyymi, osakevaihto, men-
neet tuotot, finanssikriisi, markkinoiden hajautuminen, vektoriautoregressio, impulssivastefunk-
tio
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1. Introduction

Active trading in the market has received a gresdl dbf attention among financial
economists since investors seem to trade more cdmatbe explained by rational market
models. From the empirical determinants of tradumdume, the overconfident investor
behaviour is one of the behavioural biases thatleaoéa has modelled and tested to explain
the irrationally high trading activity in the matken the light of the recent financial
instability in the European market and consequkritrencial regulatory changes, the
changes in the trading activity of market partiojsais a current topic that may reveal
information about changed market environment anéstor overconfidence. These changes
are not interesting solely from the empirical bisoarom the institutional point of view, but
these determinants of the trading activity mightthallenging to distinguish from each other
in the empirical analysis. This thesis focuses grplaning the lead-lag relation between
lagged returns and current trading activity andegivan overview of trading volume

determinants in the European stock market in tf®20
1.1. Motivation and background

Odean (1999) states that research lacks modelstéontine what the equilibrium trading
volume on the market is and agrees that the rdtemairical determinants such as hedging
needs and portfolio rebalancing are not sufficientexplain the excessive trading in the
market. He tests the models in which overconfidevestors trade more, and finds that those
who trade most lose the most. Also the overconfidenodels of Odean (1998a) and Gervais
and Odean (2001) predict that overconfident inwssiocrease their trading in the market
after observing increased returns. This behavisuiue to the investors’ tight error bounds
around return forecasts that causes investorsremewusly attribute high market returns to
their ability to pick stocks. On the contrary, d=ssing market returns make investors less
confident and consequently make them decrease trading activity. Based on these
previous models, the overconfident trading behaviesuhe central hypothesis analysed in
this study. In addition to this hypothesis, there also other empirical determinants that
might explain the changes in the trading volumerauee, and these are also presented
briefly in the study.

The models of Odean (1998a) and Daniel, Hirshledad Subrahmanyam (1998) provide
testable hypotheses of the investor overconfideinckuding two general assumptions:

investors overweight the precision of their privati®rmation in investment decisions and the



level of overconfidence varies with the observedkatperformance. The overconfident
behaviour in investment decisions is related to ttlaeling beliefs and market in general,
rather than the attitude towards specific stockparsonal holdings (Statman, Thorley, and
Vorkink (2006)). This supports the idea to studg tiverconfidence hypothesis merely with
aggregated market-wide data instead of individnaestors and their holdings data. So far,
empirical research has not given much focus omWeeconfidence, due to the lack of testable
implications.

In addition to the empirical determinants includiddferent behavioural aspects, the
trading volume is also affected by many instituibfactors which may switch the trading
activity between different trading venues and as$a$ses, and change the total trading
volume in the market as well. Lately, the regulgtahanges in the European financial
markets have made market environment more transpamed fragmented, and this has
affected the trading in traditional stock exchanges are in the main focus of this study.
Mainly the MIFID regulation and fast technical demment of the trading venues have
caused order flow fragmentation and a new type ahpetitive setup on the financial
markets. The market fragmentation has also causettading activity to spread to not only
new channels besides the traditional stock exclghgealso to alternative asset classes. The
empirical results of this study are also relatedhese institutional effects and thus these
effects are separately commented on.

In this thesis, | focus on the lagged returns arpig the current trading activity in the
European stock market and follow the study of SsatnThorley, and Vorkink (2006) who
study the potential support for the overconfidehgpothesis in the U.S. stock market from
1962 to 2001. They find that trading volume is sl dependent on the past returns for
many months, and this finding is supporting theroeefident trading behaviour. My study is
also time-series oriented and based on the dasgrehtions of fourteen European national
stock exchanges from June 2001 to December 2@phly the same methodology to the data
on the monthly and weekly level, with the montldyel results as the base case in the study. |
use the vector autoregression methodology and seprgésponse functions to obtain the
relationship between lagged stock market returmkssaock turnover. The indexes are mainly
studied as a one panel but at some points theglsoeseparately analysed and commented
on. In addition, | divide the full observation pmtiinto two subsamples, from June 2001 to
December 2008 and from January 2009 to Decembet, 20l these subsamples present pre-

and post-crisis periods around the financial casisurred in 2008.



1.2. Contribution

My contribution to the existing literature is taidy the most recent relation between the
past returns and the current trading activity ia Buropean national stock exchanges. As
mentioned, this is a way to study the overconfideading behaviour in the market. The fresh
data also enables me to take a closer look atghislag relation before and after the financial
crisis in 2008, and compare if the past returndagghe current trading activity differently
during these periods. According to my knowledgs thithe first study to statistically analyse
the post-crisis trading activity broadly in the Bpean traditional stock exchanges. Due to the
recent regulatory events and market fragmentatio&urope, this study also gives unique
viewpoint to the trading activity response to themeents. For example, the market
fragmentation caused by tightened regulation avd tnading venues is still a new topic on
the field and thus deserves more attention.

The majority of the previous trading volume resbascconducted in the U.S. market (e.g.
Ajinkya and Jain (1989), Campbell, Grossman, anshy\M(d992), Atkins and Dyl (1997), and
Statman, Thorley, and Vorkink (2006)), and the taguy differences and later observed
fragmentation in the European market create difiege in the market environment. | will not
go into more detail in comparing the market envinent in the U.S. and Europe but rather
focus on collecting information and describing tienges obtained recently in the European
stock market from the viewpoint of the traditiosébck exchanges. Notably, the data covers
widely the whole Europe and thus gives a compratere/erview of the trading activity in
the European national stock exchanges.

1.3.Findings and limitations

The main finding of this study indicates that owertcdence hypothesis also holds in
Europe but not as strongly as in the U.S. showthénprevious study of Statman, Thorley,
and Vorkink (2006). The second finding of this stushows that the overconfidence
hypothesis has the strongest long-term empiricapsu in the traditional stock exchanges
during the pre-crisis period from June 2001 to Dawoer 2008. The subsample covering the
post-crisis period from January 2009 to Decembdid2@veals contrary long-term results
over years, as trading activity has constantly ekesed despite the fact that the market returns
have increased after the crisis. Despite these-tieimy differences in the subsample results,
the weekly level study reveals that for couple @feks, the trading activity actually follows
the increasing returns during all periods, butfteis is still kept on the long-term results on



the monthly level. To find the explanation for teesntrary long-term findings between the
subsamples, | will describe the factors that haffeceed trading activity in the European
traditional exchanges: market regulation includimgeasing market transparency and market
fragmentation including new alternative trading wes and electronic trading in the European
stock market. Due to the lack of academic reseafthe very recent market fragmentation in
Europe, | will collect and analyse the post-crigiedia insights concerning the decreasing
stock trading volume. Also the effect of invest@nsment on the trading activity is
separately studied.

| acknowledge that there might be alternative exgi@ns for these empirical results,
which are interpreted here as a support of thecowdidence hypothesis, but following the
previous literature and methodologies closely andifig the similar results gives additional
support for the hypothesis. In addition, the clddference between lagged returns and
trading volume relation during the full, pre-crisesnd post-crisis periods make the topic
interesting from the viewpoint of the prevailing M@t conditions. The post-crisis market
confidence has been widely discussed in media ahgd lately the decreases in traditional
stock exchange trading volumes have been tracdsk toaused by shifting trading volume
instead of decrease in confidence. The limitatibthis study is related to the time period that
is affected heavily by the crisis period, and thbe longer term effects might not be
witnessed in the results, and short-term resultghimbe distorted. Furthermore, a larger
amount of stock indexes covering also non-trad@icexchange venues could give a more
comprehensive view of the European stock markediriga activity, since the market
fragmentation effect might be diluted from the stud

The paper is organised as follows. In Section @jlll review the literature related to
empirical determinants of the trading activity hetfinancial markets with the main focus on
the overconfidence theory. Moreover, | will givebaef introduction to the institutional
factors affecting the stock trading volume espécialfter the recent financial crisis. In
Section 3, | will describe the data and methodologgd in the analysis. The section reviews
the vector autoregression methodology and impwspanse functions, as well as the details
considered in the calculations. Section 4 presdgr@sempirical results of the methodologies
applied, first on the monthly level for the poolethrket-wide level followed by a more
detailed analysis on the stock index level. Alseegekly level study and investor sentiment
effects on trading activity are presented. In $ec8h, | present a qualitative study concerning
the post-crisis market environment in the Europststk market. The conclusions and

suggestions for the future research are statdtkifast section.



2. Literaturereview and hypothesis

In this section | will present the previous litena related to the empirical and
institutional determinants of the stock tradingwmok. First, the focus is on the empirical
models and findings covering the overconfidenceoltygsis that is testable with the lagged
return effects on the current trading activity. @t the institutional part gives attention to
the stock market regulation and the recent mankggnientation in Europe. These changes
have affected the trading especially in the traddl and domestic stock exchanges that are

also in the focus of this study.
2.1. Empirical determinants of trading volume

Why do investors participate in active trading?alperfectly rational world, there would
not be any trading, but the noise caused by naora@ttraders keeps the markets busy. Many
studies suggest that private information drivededgint parties to trade, and under these
conditions, rational traders are not willing todeea since the traders with superior information
would be the ones dominating the market. The @xdtfrom the zero trading equilibrium was
offered by Black (1986), as he was the first whguad that noise traders can overcome this
equilibrium out of perfectly rational models. Hagaes that noise is created by expectations
which make it difficult to form theories about theys markets are working. More recently,
Odean (1998a) and Gervais and Odean (2001) dewelopdel assessing noise trading and
find that overconfident traders increase theiritrgdn bull market, since they falsely attribute
the value increase to their trading skills. In &iddi to the overconfident trading, Statman,

Thorley, and Vorkink (2006) present alternative @mgal motivations for active trading.
2.1.1.0verconfidence hypothesis

Odean (1999) studies a group of discount brokeaageunt customers and concludes that
investors do trade too much and this is due to amrdidence. The study refers to Benos
(1998) and Odean (1998a) who also state that onBdemt investors trade more than would
be optimal for them in a fully rational world anbat this behaviour increases expected
trading volume. They relate the overconfidence teraeighting the precision of their own
information, as do also Daniel, Hirshleifer, andb&lnmanyam (1998). The latter developed a
model to describe over- and underreaction in theksiarket. The overconfidence is studied
to be related to one’s biased self-attributionudahg tight error bounds and return forecasts.
In their study, they summarise psychological cageitevidence about individuals



overestimating their own abilities. They also adthtt overconfident behaviour is only
triggered by signals received personally, not gnals publicly received by all investors.
Odean (1998a) also gives a comprehensive overvevprévious work related to the
overconfidence hypothesis. In this study, | follmlosely the methodology of Statman,
Thorley, and Vorkink (2006) who find that laggeduras are able to explain current trading
volume for many months. They study the relatiortrenindex and security level and find that
the relationship holds for both.

With Finnish stock trading data, Grinblatt and Kelgu (2009) study overconfidence and
sensation seeking trading behaviour. They find thase characteristics in addition to other
behavioural attributes contribute to higher tradmtumes, but they do not specifically find a
relation between overconfidence and stock turnoVbeey state thatdverconfidence is the
tendency to place an irrationally excessive degoteconfidence in one’s abilities and
beliefs. Behind this definition lie actually two separatgerpretations, which are presented
by Glaser and Weber (2004), who also found thaketaeturns affect trading volumes. First,
the miscalibration interpretation arises from tigitor bounds around return forecasts, and
the second interpretation is an idea that investaurk their skills are better than average.
This effect causes an investor to shift the perximean irrationally and for example De
Long et al. (1991), Kyle and Wang (1997), and Be(i#98) conclude that these kind of
investors may earn higher profits due to the agivedrading with the first-mover advantage.
The difference between these two types of overdenfie cannot be distinguished in this
study, and Statman, Thorley, and Vorkink (2006 ndodistinguish these in their tests either.

But is overconfidence persistent or is it possibléearn to be less overconfident? Gervais
and Odean (2001) note that overconfident invedilgaviour decreases with time, but there
are always new overconfident traders entering theket. They describe that overconfident
behaviour does not lead to higher profits but grneatrofits lead to overconfidence. It is
actually widely recognised that the more you trédue more you lose (e.g. Odean (1999)).
Gervais and Odean (2001) show that greater ovadmnde increases trading volume and
that trading volume is higher (lower) after incredigdecreased) market returns. However,
these previous studies do not state any findinigéee to specific lead-lag relations between
returns and volumes. There are also dissentingsvawout how overconfidence changes and
persists over time, for example Griffin and Tvergk992) state that experts are actually more
overconfident than novices in a certain market mment.

Related to the findings of Gervais and Odean (2001yill test if increasing market

returns lead to higher trading activity over timEhe theory of overconfident investors



increasing and decreasing their trading with pastrns supports the hypothesis, but also the

alternative explanations for this relation are presd briefly in the subsequent paragraphs.
2.1.2 Other determinants of trading volume

It is widely recognised that rational motivation® aot able to fully explain the trading
volume and that some of the volume is clearly dritag behavioural motivations. There are
also other behavioural aspects than overconfidémaehave been modelled to explain the
changes in trading volume. For example Shefrin &tadman (1985) present the disposition
effect, which can also explain the changes in thding volumes as investors are increasing
their trading after realising paper gains. Howewiatman, Thorley, and Vorkink (2006)
note that this effect explains only the motivation the one side of the trade, and if large
amount of trades is disposition related, pricinguilgrium might be distorted and new
information is reflected slowly to the prices. lontrast, overconfident stock-picking is able
to explain both sides of a transaction due to ifferdnces in opinion and tight error bounds,
and thus the transaction does not have to invdiverdiquidity traders or rational traders.

The disposition effect is generally attached testor’s beliefs towards a specific stock in
his portfolio rather than the market as a wholevé¥iheless, an overconfident investor is
likely to maintain his belief about stocks in geaemather than an individual security he is
currently holding. The difference between overcoafit behaviour and disposition effect is
nonetheless indistinguishable in the market-widéstesince the high trading activity followed
by high market returns can be a result from eitifethese two behavioural biases. In their
study, Statman, Thorley, and Vorkink (2006) semata¢tween these two by studying the
stock-level trading volumes, and they also arga mharket-wide aggregate data contain the
best chance to find evidence of the overconfidenestor behaviour. They state that if
investors overestimate their ability to gain witttige trading, they are likely to have this bias
towards stocks in general. Partly due to this ampunand the large number of different stock
indexes included, I will not go into the stock lea@alysis in this study but rather focus on
the index level analysis.

Statman, Thorley, and Vorkink (2006) are the fitgtdocument a positive lead-lag
relationship between returns and trading volume] #mey also place other alternative
explanations on explaining the changes in tradictyviy. Portfolio rebalancing, liquidity,
tax-driven, and speculative trading derived frororeal expectations model compared to
models based on differences in opinion. These eafilans are presented by Harris and Raviv

(1993), and they believe that traders do have miffees in opinion, even though they would
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have the same information. For example, econormasiglly have access to the exactly same
data and still giving dissenting statements. Th&hdvioural bias is also related to
overconfidence theory described previously, in Wwhievestor with biased self-attribution
overweighs his own information. Due to the focus tba investor overconfidence, these

alternative explanations mentioned are not studigdfurther in this paper.
2.2. Other studies between returns and trading volume

There are only few studies concerning lagged rstaffect on the current trading activity,
the subject of this study. The asset market liteeahas been more focused on explaining
asset prices rather than volumes and has only ttgcgtarted to produce results related to
trading volumes (Harris and Raviv (1993)). Gallddssi, and Tauchen (1992) studied stock
price, volatility, and volume co-movement and fithét price changes lead to movements in
volume and that the effect is almost symmetric lboth price increases and decreases.
However, the paper does not relate the observesttefdb the overconfidence hypothesis.
Chordia and Swaminathan (2000) examine the papei@hg the new information and short-
term interaction between volumes and return and fimat trading volume is a significant
determinant when the lead-lag autocorrelationgooksreturns are observed. They conclude
that trading volume plays a major role in reflegtimew information to prices.

In a few papers the subject of this thesis is stidiontrariwise so that historical turnover
effects on contemporaneous returns are observedaGgeKaniel, and Mingelgrin (2001)
study the short term high-volume return premiunt thaelated to the visibility of the stock
after a shock in trading volume (trader interest)l &ind that this premium holds. Cooper
(1999) examines overreaction on individual seasitand finds that historical volume is
related to the direction of price trends. Chordiad aSwaminathan (2000), Lee and
Swaminathan (2000), and Llorente et al. (2002) halse contributed to the research of the
volume and return relation, but most of the studiesnot market aggregated but executed on
the security level. In addition, a large amount efhpirical research is related to
contemporaneous turnover and return without consigethe lagged effects, for example
Karpoff (1987), Bessembinder and Seguin (1993)s8ebinder, Chan, and Seguin (1996),
Chordia, Roll, and Subrahmanyam (2000), and Lo ¥vahg (2000). Karpoff (1987)
contributes to the research between price changesading volume and proposes one of the
first models for studying the price-volume relatidrhe results in his study imply that this

relation is the strongest at times when the infaionaflow is most volatile.
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Considerable amount of studies relate volume tderoporaneous return volatility, such
as Karpoff (1987), Gallant, Rossi, and Tauchen Z)9%Harris and Raviv (1993),
Bessembinder and Seguin (1993), and Shalen (1988)findings of positive correlation in
these studies support to include contemporaneaditagged observations of return volatility

to the vector autoregression models executed snstiaidy to control the analysis.
2.3. Institutional aspects of trading volume

The previous empirical trading volume studies aresthy focused on the U.S. stock
markets (see e.g. Ajinkya and Jain (1989), Campl&ibssman, and Wang (1992), Atkins
and Dyl (1997), and Statman, Thorley, and Vorki2k(6)). The U.S. stock market has
already experienced similar changes that have tigcalso become reality in the European
markets and thus the comparison is relevant. Togelst market changes | will describe next
are market regulation and fragmentation, whicHaat, are closely related to each other since
the recent high speed of the market fragmentatsormartly due to the new regulatory
environment in the European market. The changedkehanvironment is a rather new
phenomenon and thus it is still lacking broaderdacasic research. With this study, |
contribute to this recent topic by collecting thrdormation available about these changes
from the viewpoint of the European national stox&hanges. The traditional stock exchanges
are losing foothold in being the main market opmsatn domestic stock trading as new
alternative trading venues appear to the markdilemggthe pan-European trading.

2.3.1European stock market regulation

This study is based on the data of the Europedonatstock exchanges, which are also
considered as the traditional stock market opesaiarthe field. Thus the trading activities of
different national exchanges are heavily affectgdhe changed regulation in the European
financial markets during the observation periodrfrdune 2001 to December 2014 (presented
in more detail later in the data section). In J@A89, the Committee of European Securities
Regulators (CESR) published the report analysiegrtipact of MiFID (Markets in Financial
Instruments Directive) on the European equity migtk&he time period in the analysis is
only 18 months after the MIiFID came into effecttbe 1st of November 2007, and thus all
the longer term effects might not be obtained @réport.

Prior to the MIFID introduction, the national stoekchanges in Europe enjoyed good
positions in the stock trading. The intention o thtroduction of the new regulation was to
increase transparency and accessibility in the etafhe report agrees that the introduction
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of MiFID has changed the secondary markets wideligurope, but there might be also other
drivers affecting the market than this introductiéor example, the market volatility on the
observation period was extremely high and the fir@ncrisis caused many defaults for
counterparties. The original objective of MIFID wasincrease competition among different
trading venues, reduce trading costs, and incrdasdransparency on the market while
supporting investor protection and market efficienthis study also reviews how these goals

are reached and which effects were not originallystdered.
2.3.2Market fragmentation

As a consequence to the tightened regulation inBbmpean stock market, the new
trading opportunities have risen for investors, ander flow competition between trading
venues has increased. The national exchanges leavefaced with several challenges after
the introduction of the new MIFID regulation in 2ZQ0but nonetheless the changes have
caused mainly positive liquidity implications (e.Ghlistalla and Lutat (2011) and He,
Jarnecic, and Liu (2015)). According to the CESpore MIFID classifies the trading venues
explicitly into three groups: Regulated markets tfis study generally the national stock
exchanges), multilateral trading facilities (MTRs)d systematic internalisers (Sls). The latter
and all other types of venues are classified as <)(ber-the-counter). The largest impact on
the regulated markets trading have been causecWwymmultilateral trading facilities, which
have attracted trading by having competitive fésst, electronic trading venues, and enabling
pan-European stock trading. MTFs have steadilyem®ed their market share in all markets
and the speed of growth has accelerated with theckes of new MTFs. However, it is
important to notice that the majority of Europe#ock trading still remains on the regulated
markets rather than MTFs, even though the markatesdf the national stock exchanges has
decreased after the implementation of MiFID. Thisdue to the limited trading between
national stock exchanges and the shares that hese &dmitted to trading only to these
specific exchanges.

The CESR report also indicates that MiFID has iddeereased the competition among
trading venues on the secondary stock market awodeased the options for market
participants to execute their orders. The fragntemtaof the European equity trading has
been acknowledged and studied by e.g. Chlistalth lartat (2011), Gomber et al. (2011),
O’Hara and Ye (2011), and Menkveld (2013). At treme time, the trading fees have
dramatically decreased and alternative markets leabled the availability of narrower

spreads (better prices) in the stock market. Teazkes have decreased and number of trades
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have increased, which, however, is most likely ttughe algorithmic trading and market
fragmentation rather than the MiFID regulationlitse

According to the CESR report, the drawback of théIM introduction has been a
decrease in overall market transparency and makket quality that has been observed also
by Preece and Rosov (2014). IT costs have increhseduse regulated market players
enhance their IT systems to reduce order latendyimprove connectivity to compete with
the flexible newcomers in the market. Also the alldrading costs have increased due to the
decreases in average order sizes and increasesramga execution amounts, even though the
trading costs have dramatically decreased. Menk{zld3) presents a new trader type, high-
frequency trader, who also contributes to evernragting equity market. This trader type is
also created by electronic and high-speed secunitiarket, and thus the market operators
having effective IT systems are able to attrachrgquency traders.

In addition to the alternative trading venues nmagd, a part of the trading has also gone
to the dark trading venues, in which the pre-tradasparency is limited (Preece and Rosov
(2014)). Kwan, Masulis, and Mclnish (2015) studg tharket fragmentation in the U.S. and
the competition between regulated markets and ttading venues. They find that market
fragmentation is speeded up by the difference gulegory treatment since dark pools do not
face similar constraints in stock spreads as imwit stock exchanges. It is also interesting
how different investor types have divided theidtrg in different venues. For example, Zhu
(2014) builds a model predicting that regulatedlitranal exchanges are more attractive for
informed traders, and uninformed traders are mikedyl to trade in dark trading venues.
However, this study does not take into account gbparation between different investor
types.

Two years after CESR publications, in June 201&,GiA Institute published a report
(Preece, 2011) examining the European equity makeétthe regulation related to different
trading venue types. The report suggests considesator the MiFID policy and collects the
observations since the introduction of new regafatiAccording to CFA, European equity
trading is split in half between the OTC tradingl@rading in regulated markets or MTFs and
that there has been no trend in this splitting fréanuary 2008 to October 2010. The report
also suggests that transaction sizes are gettirmjesmThis might be due to the increasing
trade amounts as the trades are more often doowogleally and also algorithmic trading
contributes to decreasing trade sizes and incrgasade amounts. The CFA report concludes

that, in all, the increased market transparencybleas beneficial for stock investors.
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3. Data and methodology

In this section | will present the European mankéte stock index data and the
methodology used in the study. Following Statmamoriey, and Vorkink (2006), | use the
vector autoregression method and impulse respamsetiéns to obtain the lagged return
effects on the trading activity and find supportttte overconfidence hypothesis.

3.1. Data description

The study is executed on the stock index leveliindntains fourteen European national
stock indexes. These indexes and their detailpr@sented in Table 1. The sample covers the
indexes from the following European countries: AiastBelgium, Denmark, Finland, France,
Sweden, Greece, Ireland, United Kingdom, Germamyndary, Switzerland, Poland, and
Spain, and thus represents broadly the Europeak starket. In the data collection, also
other European national stock exchange indexes avecevered, but they were dropped from
the study due to the limited historical data ayddéaSome of the potential exchanges had also
been established after the beginning of the timmesén this study (i.e. after June 2001) and
thus are excluded. All the indexes included araldisthed in the exchanges during the early
90s or before, and these market places can thisedre as traditional stock exchanges that

have long enjoyed their market shares on the docrstsck trading.

Table 1. Stock index details.

Detailed information of the European national stoadexes included in the studyhe increased member count is te
into account in trading volume calculations by memg trading volume as a turnover ratio. The irelexare selects
according to the jge and volume data availability. The ticker nanaee used in retrieving data from the Bloomt
Terminal.

Member cour

Ticker Name Country 14-Jan-0 30-Dec-1:  Currenc Start dat
ASE Index Athens Stock Exchange  Greect 60 60 EUR 1987-01-0.
ATX Index Vienna Stock Exchange  Austris 20 20 EUR 1986-01-0:
BEL20 Index Brussels Stock Exchange Belgiurr 20 20 EUR 1990-12-3
BUX Index Budapest Stock Exchange Hungan 17 13 HUF 1991-01-0;
CAC Index Paris Stock Exchange France 40 40 EUR 1987-07-0
DAX Index Frankfurt Stock Exchange German 30 30 EUR 1959-10-0
HEX Index Helsinki Stock Exchange  Finlanc 122 130 EUR 1987-01-0;
ISEQ Index Irish Stock Exchange Irelanc 63 47 EUR 1983-01-0:
KFX Index Copenhagen Stock Exchandg@enmark 20 20 DKK 1989-12-04
MADX Index Madrid Stock Exchange Spain 113 107 EUR 1988-12-30
OMX Index  Stockholm Stock Exchange Sweden 30 30 SEK 1986-12-18
SMI Index Swiss Stock Exchange Switzerland 27 20 CHF 1988-07-01
UKX Index London Stock Exchange  U.K. 101 102 GBP 1983-12-31
WIG Index Warsaw Stock Exchange Poland 112 382 PLN 1991-04-16

Total 775 1021
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First in processing the data, | collected the olegérns of the daily index closing values
(Bloomberg ticker: PX_LAST) to calculate the logamic daily returns. | collected
separately the dividend vyields and added them & daily returns, which are used in
calculating volatility on monthly and weekly leveSecond, | collected daily stock amounts
traded in each exchange (Bloomberg ticker: PX_VOIEJMnd the total amounts of stocks
outstanding in each index (manually collected fritve index Member Weightings, MEMB).
The daily observations of stocks traded and retamessummed and used on the monthly
level in the base case study. The data coversahedofrom June 1st, 2001 to December 31st,
2014, and | retrieved it from the Bloomberg Ternhipeovided by Bloomberg L.P. The
historical data time series is limited due to theck volume data available (limited
PX_VOLUME and MEMB data). The base case study rsieh out on a monthly level, but
weekly analysis is also executed and its resuspaesented and commented separately but
not fully reported. Statman, Thorley, and Vorkir#80(06) also focus on the monthly analysis,
since the changes of investor overconfidence &edylito be more evident over long time
periods.

When examining the long-term trading activity, iush be noted that the number of
outstanding shares of stock indexes has increagedicantly. As Statman, Thorley, and
Vorkink (2006) do, | also follow Lo and Wang (200@hd measure trading activity with
turnover (shares traded divided by shares outstghdl collected the data of daily stock
amount traded, and the total stock amount tradeshah index. The latter data was limited
and it was not automatically available on daily ibahus the total amount of stocks is
collected manually and adjusted on yearly basighabthe last value of each year represents
the total shares outstanding every month duringa in question. The values of outstanding
shares are adjusted for stock splits over time. ddily stock turnover is then calculated by
dividing the daily amount of stocks traded by tb&lk amount of stocks in the index. For
monthly and weekly observations, the numeratohéssum of the daily stocks traded during
each month or week.

Figure 1 presents monthly index turnovers from dbservation period for all fourteen
indexes. Turnover level varies among the indexessacEurope and the growing long-term
trend before 2001 is not observable in these grablsvever, it is still visible that the
turnover series are nonstationary, and this leatisass in the coefficient standard errors of the
vector autoregression methodology used in thisystigien though the turnover is a relative
measure, it has a trend over time. Turnover is y@wa non-negative measure and thus log

transformation helps to eliminate the visual catieh between the turnover trend level and
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volatility around it. With a log transformationam able to remove nonlinear trends from the
data and reject the null hypothesis of a unit tming the Phillips and Perron (1988) test
Despite the fact that the unit root was not found ¢us the data could be used in the
analysis without detrending, | will follow the meiths and the following data modifications
used by Statman, Thorley, and Vorkink (2006) to imése the comparative potential of the
studies. Thus | further modify the time series Byng Hodrick and Prescott (1997) algorithm
to detrend the turnover serfedlso simpler linear time-trend methods could teediin
detrending, but they are not flexible enough irdiing trends of various turnover patterns of
equity indexes | examine. Figure 1 contains theedoline that is a trend calculated from the
log turnover series. The detrended time series uselis study is the monthly difference
between log turnover and its trend. Detrendingttineover series might create a bias against
finding the results supporting overconfidence hiapets, since the realised returns may
actually cause long-term trends in trading volum&bee VAR results of nondetrended
turnover analysis are also observed, and partlprtep and commented in the following

sections.

! The Phillips and Perron (1988) test statisticlférindexes varies from -2.95 to -7.41 for log marke
turnover and from -7.00 to -12.51 for detrendedrwayket turnover. The critical value of 5% for tlst statistic
is -2.89.

2 The Hodrick-Prescott (1997) algorithm minimises tariance of the raw serigground the trend to
create the trend serissThe second difference of the trend penalisestraris in the growth rate of the trend
component. The filter choos&sto minimis&_; (v, — s.)? + AXTZ3 [(se41 — S¢) — (S — S¢-1)]? . Thel is the
penalty parameter and trend becomes smoother Wwhemeases. | follow the common practice of setting
2=14,000 in monthly, antl=270,400 in weekly analysis. Since the purposesofgithe HP filter is to detrend
the series and not forecast the trend, | allowtrtveding method to be two-sided, i.e. to use tha bdafore and
after timet in smoothing.
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Fig. 1. Monthly turnover for 14 European stock indexes wi#nd line.

This figure presents the monthly stock turnover tlee 14 stock indexed included to the study. Thadwer ratio i
calculated by dividing the amount of stocks tradeshthly by the total amount of stocks includedhe index. The tirr
period is the full observation period from June 28® December 2014. The index ticker names arespted in Table 1. Tl
dotted trend line is calculated by using the HddRecescott (1997) algorithm.
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Fig. 1 (continued)

Table 2 presents summary statistics of the montidyket-wide turnover and returns in
addition to the control variable, market volatijifgr the full period sample from June 2001 to
December 2014. The second part of the table alssepts the subsample summary statistics
for the two non-overlapping time series that aterlaised in examining the difference of
results before and after the financial crisis i0&@pre- and post-crisis periods). The means
and standard deviations (SD) of subsample turnoaexot very different from each other
and this supports the rejection of the unit roothia series. However, | still also obtain the
detrended log turnover for the time series, andr theeans and standard deviations also
indicate stationary time series.
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Table 2. Market descriptive statistics.

This table reports the detailed statistics on teeksindexes included in the study. All values egportedin percentag
points. Turnover is the monthly turnover calculabydshares traded during a month divided by outktanshares at tk
time. Detrended log turnovetu¢n) is log transformed and detrending is done by qudime HodrickPrescott (199
algorithm. Returnrgt) is the monthly index return calculated as natlagarithmic change from the first and last obston
each month. Volatility \olatility) is the French, Schwert, and Stambaugh (1987)tiliglameasure based on de
observations antheir standard deviations during a month. The fiest of the table reports the full period from 901 t
December 2014 and two other parts report the pré-pasterisis subsamples, from June 2001 to December 20G8fron
January 2009 to December 2014, respectively. Tthexiticker names are presented in Table 1.

Full period
Period 6/2001-12/2014
Monthly obs. 162
from weekly obs. 709
from daily obs. 3480

ASE ATX BEL BUX CAC DAX HEX ISEQ KFX MADX OMX SMI UKX WIG

Turnover

Mean 501 4.01 548 549 1085 1344 556 450 3.86 15382 99.23 10.22 3.85

SD 190 162 245 211 308 372 153 154 133 485 41B2 3498 154

Minimum 200 151 220 232 524 662 283 178 164 647533360 290 151

Maximum 12.64 10.28 14.42 12.96 22.82 32.91 10.10 9.751 9.31.03 20.47 21.83 20.05 10.20
Detrended log turnoveturn)

Mean -2.19 -1.25 -1.64 -1.43 -0.93 -0.88 -1.12 -1.66 21.0-0.80 -1.09 -1.10 -0.79 -2.70
SD 13.70 9.63 9.54 10.69 8.37 813 9.38 11.64 8.80 8.060 9462 7.37 13.85

Minimum -43.51 -22.67 -23.32 -29.40 -19.09 -21.79 -Z7-89.26 -23.78 -24.28 -23.52 -22.54 -21.40 -30.79
Maximum 349 283 273 335 27.1 313 280 329 277 23822244 185 392

Return (et)

Mean -0.47 062 044 0.72 0.26 068 0.30 023 0.82 0527 0845 047 103

SD 9.04 6.82 556 681 569 665 726 6.33 556 6.06 5.646 4450 6.63

Minimum -31.07 -29.74 -21.67 -29.63 -18.20 -22.84 -32:30.97 -18.98 -18.54 -16.37 -15.92 -14.38 -27.94
Maximum 2255 19.11 12.62 19.99 13.42 19.95 2593 16.9551 16.90 14.62 12.41 11.87 21.92
Volatility (volatility )

Mean 778 6.09 524 639 566 6.03 6.71 581 529 590 54845 445 561

SD 406 4.13 360 3.89 359 371 364 381 318 3.38 3426 33.05 2.89

Minimum 229 168 072 163 043 164 076 124 142 14231104 034 128

Maximum 28.25 34.49 2552 37.30 22.46 23.21 19.27 31.63%82 25.05 22.60 23.20 21.76 21.69

The two subsamples from June 2001 to December 20@8from January 2009 to
December 2014 are formed to test the effects ofd¢hent financial crisis on the analysis. |
also included a crisis dummy for the period of kiighest return volatility during the crisis,
that is to say, from October 2008 to December 200& dummy is not included in the base
case study, since the results were not highly sfteby the added variable. In Figure 1 there
is not a large market-wide temporary change indwen during the crisis, but it seems that
after the crisis the turnover has constantly desg@an all countries included in the study.
Nevertheless, this effect is contrary to the ovefidence hypothesis when compared to the
market performance that has done quite well after d¢risis (See Appendix A for the
performance of fourteen stock indexes and theirthigmreturn volatility {olatility) during
the observation period). This post-crisis phenomeisothe main reason to use the two

subsamples in studying the main hypothesis of @rdidence pre- and post-crisis.



Table 2 (continued)

Period

Monthly obs.
from weekly obs.
from daily obs.

20

Pre-crisis subsample

6/2001-12/2008
91
396
1943

ASE ATX BEL BUX CAC DAX HEX ISEQ KFX MADXOMX SMI UKX WIG
Turnover
Mean 451 423 541 518 1234 1493 6.03 523 431 17.8%1111.28 1421 3.90
SD 151 18 255 172 287 351 156 129 148 492 3234 3.235 1.69
Minimum 222 151 220 232 817 954 340 243 164 818237 6.06 808 177
Maximum 10.49 10.28 13.89 1296 22.82 3291 9.73 9.71 1931.03 20.47 21.83 20.05 10.20
Detrended log turnoveturn)
Mean -1.48 -1.05 -225 -1.79 -0.29 0.07 -040 -0.94 -0.68.50 -0.94 -0.26 0.06 -2.54
SD 11.54 1084 9.23 1022 805 7.65 859 868 897 7.851710.9.40 7.37 14.88
Minimum -27.63 -22.67 -23.32 -29.40 -19.09 -17.18 -59.41.10 -23.78 -22.51 -23.52 -22.5 -21.40 -30.79
Maximum 26.46 28.32 26.88 21.55 27.06 31.33 19.52 22.76712 18.68 21.79 23.45 18.48 39.24
Return (et)
Mean -0.33 056 -0.18 083 -042 -0.16 -050 -0.69 0.00220.-0.23 -0.15 -0.12 0.78
SD 772 7.00 6.08 698 572 7.00 799 6.76 6.01 549 6.1862 4.436 7.20
Minimum -28.62 -29.74 -21.67 -29.63 -18.20 -22.84 -32.20.97 -18.98 -18.54 -16.37 -15.92 -14.38 -27.94
Maximum 15.68 12.03 12.62 19.20 13.17 19.95 2593 13.62611 15.27 14.62 894 9.01 2041
Volatility (volatility)
Mean 593 538 532 638 562 621 727 575 528 496 6.8393 449 588
SD 354 452 420 435 395 412 402 441 354 330 3.6377 3.345 272
Minimum 229 168 142 181 062 194 208 124 180 142821 104 105 205
Maximum 28.25 3449 2552 37.30 2246 23.21 19.27 31.8582 25.05 22.60 23.20 21.76 21.69
Post-crisis subsample
Period 1/2009-12/2014
Monthly obs. 72
from weekly obs. 313
from daily obs. 1537
ASE ATX BEL BUX CAC DAX HEX ISEQ KFX MADXOMX SMI UKX WIG
Turnover
Mean 563 375 558 590 898 1155 497 358 329 12349 6.6.65 516 3.79
SD 215 123 233 247 219 308 129 134 0.79 264 19712 2.1.81 135
Minimum 200 225 326 232 524 662 283 178 192 647533 3.60 290 151
Maximum 12.64 7.87 1442 1274 1545 2314 10.10 7.69 6 58.36 13.17 1270 11.95 7.49
Detrended log turnoveturn)
Mean -3.09 -151 -0.88 -0.97 -1.75 -2.09 -2.02 -257 215118 -1.28 -2.16 -1.87 -2.90
SD 16.06 791 994 1132 875 860 10.28 1457 862 8360 7.7.44 7.29 1251
Minimum -43.51 -17.22 -22.35 -22.17 -18.96 -21.79 -27:4£9.26 -20.98 -24.28 -17.35 -18.0 -20.14 -23.64
Maximum 34.86 27.99 27.32 3355 2261 2575 28.00 32.8812 23.58 24.23 24.40 15.63 23.67
Return (et)
Mean -0.66 064 117 067 080 140 093 115 162 0681189 100 1.23
SD 1053 6.63 4.77 6.63 562 6.11 6.17 561 483 6.74 4720 4464 588
Minimum -31.07 -18.87 -14.13 -16.14 -13.09 -19.01 -56-15.81 -14.24 -15.67 -13.93 -15.01 -11.46 -16.82
Maximum 2255 19.11 11.94 19.99 1342 17.41 2449 16.®551 16.90 13.97 12.41 11.87 21.92
Volatility (volatility )
Mean 10.12 699 514 639 571 580 601 58 531 7108 5226 441 527
SD 344 339 268 325 311 312 298 292 268 312 3.0840 2.248 3.07
Minimum 296 241 072 163 043 164 076 241 142 159231 158 034 128
Maximum 19.76 16.94 13.33 1520 1593 17.09 16.00 17.26021 16.01 14.10 15.06 13.24 16.92
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In the study | follow Statman, Thorley, and VorkifR006) methodology in which |
explain the previously described detrended logaduen, turn, and daily market returmet,
with lagged daily returns and turnovers, and cdrne process with the volatility of the
index, volatility, following the volatility measure of French, Schtyend Stambaugh (1986).
Statman, Thorley, and Vorkink (2006) follow thisteaway of measuring volatility, but they
also include another control variable, cross-sedli@aispersion, calculated from stock level
information. Since | will not observe the stockdédata in my study, and there is not any
direct volatility indexes fitting the data, | wikave the dispersion control variable out from
the analysis. If used, the dispersion would conth@ potential trading activity associated
with portfolio rebalancing which might be causedlange differences in the individual stock
returns. The unreported analysis shows that theasisrhave been rather stable during the
fourteen year analysis period, only slightly incieg during crisis periods in 2001 and 2008.
I will also include different sets of dummy variablinto the analysis. In the monthly and
weekly level study there is a dummy for each moddining the observation period (163
dummies) and a dummy for each country (14 dumnt@sjapture the month-, week- and
country-specific fixed effects. Nonetheless, thdaenmies are left out from the final result
tables due to the large amount of data.

The stock turnoverturn, is used as a trading activity measure, andthesdetrended log
turnover which is calculated based on the shareuatrteaded in each index monthly. Market
return, ret, is the monthly return including dividends paid thie stocks. Indexes are value-
weighted portfolios and all underlying stocks irdexes are included at all times. The
subsample standard deviations ffet are stable and thus indicate stationary time seflibe
subsample means foet are differing more, most likely due to the crigiat is included in the
end of the first subsample. Only by dropping coupfidast observations of 2008 from the
mean calculation, the mean return increases tdetreds of the post-crisis period mean. The
turnover and return variables for all fourteen ek are visualised on monthly basis in
Appendix B. The trading activity measure variesrdyearound zero and thus indicates that
the detrending of the series has been execute@yop

The reported control variable in this studhy)atility, is the monthly volatility calculated
from the daily returns each month, measured in grgage points. The use of volatility
control measure is based on Karpoff (1987), whdistlithe relationship of contemporaneous
volume and volatility. The volatility measure isrslar to the one used in Statman, Thorley,
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and Vorkink (2006) and it is based on French, Schywend Stambaugh (1987)he control
variable is correcting for realised autocorrelatiavhich is caused by non-synchronous
trading of stocks. The return volatility increasednporarily during the crisis time, but has
been rather stable at other times during the observperiod.

Statman, Thorley, and Vorkink (2006) use only agknlarge U.S stock index
(NYSE/AMEX) in their study. Since | use data of fteen separate smaller European
indexes, my main study mainly observes the resiiitse panel data that pools all the indexes
together. The monthly and weekly panels includ&2.@nd 9,926 observations, respectively,
and the sequential panel variable is defining ifferént indexes in the pooled analysis. After

obtaining the results of the pooled data, | pretemtanalysis of the separate indexes.
3.2. Empirical methodology

I will follow the vector autoregression and impulesponse functions methodology used
in the study by Statman, Thorley, and Vorkink (20@6observe the lagged return effects on

the stock turnover. Statistical analysis of thelgtis executed by using Stata 12 software.
3.2.1Vector autoregression model

The general form of the vector autoregression (VARYel is

K L
Yt=OC+ZAkYt—k+ZBlXt—1+et (1)
k=1 =0

whereY; is n x 1 vector of periotl observations of endogenous variable, 2 x 1 veaftor
turnover and return in this mod& is a period observations of the volatility, the exogenous
control variable, ané is a n x 1 residual vector, 2 x 1 vector of tureoand return residuals
in this model. A, and B, are the regression coefficients which estimate redationship
between turnover, return, and volatility.andK specify the amount of lagged observations
used in the model. In the VAR methodology, the eorgoraneous correlation between
endogenous variablesjrn andret, is captured since the residual veatdnas a covariance
structure.

The amount of lags in the VAR model is the same theed in Statman, Thorley, and
Vorkink (2006), that is to sayk = 10 andL = 2. These are determined by their data and the

® Montht volatility is calculated asolatility? = ¥T_, r? + 2¥T_, r,r,_,, wherer, is dayz’s return andl
is the number of trading days in month
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Schwartz Information Criteria (SIC). The selectisrbased on a log likelihood function that
is adjusted by a penalty for the number of parareete= 2 indicates that contemporaneous
and two lags of volatility variableyolatility, is used to explain and predict the endogenous
variables. Notably, the lagged endogenous variaffes 10) are starting with the first
monthly lag, since naturally the current value @ taken into account. For comparison
purposes, the same lag lengths are used when mngpllge panel data and the data of separate
indexes, even though SIC might suggest some vamidtrr the optimal lengths. The weekly
study that is not fully reported, but only partignemented on here, includes the valuek of

24 andL = 8, since the main focus of the weekly analysititake a closer look at the first

six months of the monthly analysis.
3.2.2lmpulse response functions

Based on the VAR model, | also execute impulsearesp functions (IRF) to visually
illustrate how a shock in a residualaffects the current value of the dependent vagjabin
or ret. The impulse response function traces the effeet one standard deviation shock in
one endogenous variable residual to current angdutalues of the endogenous variables.
The complete equation of the bivariate VAR modeistrates the components of the model
including the endogenous variables, stock turncma index return, and the exogenous
variable, stock index volatility:
K L
[ree =[]+ 2 e o]+ ) movotatitioy s+ [G70] - @
k=1 1=0
In the impulse response function, the shock irsauale will change the current value of
the dependent variable, turnover or return. Theclsivall also have an effect on the future
values of the dependent variables, since the laggedbles are also used as explanatory
variables in the model. The main purpose of thiglygtis to obtain the relation between
current turnover and lagged returns. To test thjgothesis | use the impulse response
functions and shock the market return residegl;, by one standard deviation. Also the
response of future turnover values to the shodkercurrent turnover is observed to study the
turnover autocorrelation. Using the respective VAkdel executed first, the impulse

regression function output is a simple graph of hloevendogenous variables are related after
the shock.
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4. Resaults

In this section | will present the results of theetor autoregression analysis and the impulse
response functions. The both methods are condfmtéde pooled data of all indexes as well
as for the single indexes, and the results aretegpand commented on separately. The base
case results are on the monthly level but also lygekults are examined.

4.1.Vector autoregression results

The vector autoregression is first executed topgbeled data including all fourteen stock
indexes combined, followed by the more detailedyam for the separate indexes. For the
full period, the results indicate light support ftre overconfidence hypothesis, and the
subsample analysis reveals the difference in tla¢ioa between lagged returns and turnover

when pre- and post-crisis periods are compared.
4.1.1Panel data analysis

Table 3 summarises the results of the pooled lat@arvector autoregression between
detrended log turnoveturn, and returnyet. The results are shown for the full period from
June 2001 to December 2014 and for the two subssmiphe table is organised by three six-
column sets for the endogenous variabtasn(andret) and by rows for lagged endogenous
and exogenous Vvariable coefficients. For each woefit, | report the estimated value
(Coeff.), standard error (SE), and tpevalue @-val.). For clear table presentation, the
significance levels are not shown on the table alhdvaluesare rounded to two digits. |
generally refer to coefficients witp-values of 0.05 or less as significant, and coeffits
with p-values of 0.01 or less as highly significant.

For all observed periods, Table 3 shows that laggedover is explaining the current
turnover, that is to say, thatirn is autocorrelated with a highly significant firktgged
coefficients of 0.37, 0.40, and 0.31 respectivaly the full period and the two subsamples
(with low standard errors of 0.02, 0.03, and 0.03greinafter, the full period and the
subsamples from 2001 to 2008 (pre-crisis) and f20®0 to 2014 (post-crisis) are referred to
in respective order in this study. The turnoverftoents of the second and higher lags are
rapidly declining in magnitude right after the fitag, and thus the strong autocorrelation of
turnover persists only for a short period of timiéhe weekly analysis reveals that the

autocorrelation is extremely strong only with thstfweekly lag and diminishes drastically
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already on the second lag observations for allogisriFigure 2 visualises the autocorrelation
of the pooled data on the monthly level.

To study the overconfidence hypothesis, the pddicittention is paid to how the current
turnover is dependent on the lagged returns irewfft observation periods. For the full
period, the first lagged return has a significandifive effect on turnover, with the coefficient
of 0.09 (with standard error of 0.04). Also for theth subsamples, the first lag &t is
positive, but these coefficients are not significam the long-term analysis, and thus |
separately analyse this effect on the weekly l&ater. However, both of the subsamples have
significant second lag coefficients of 0.15 an®60.Moreover, other significant coefficients
are positive and negative within the subsamplespagtively, meaning that before the crisis
turnover increased with lagged returns, but thiatien does not hold after the crisis. The
positive and significant association between tmedwer and lagged returns of the full period
Table 3. Vector autoregression (VAR) estimation results,gbaata, all periods.

This table reports Coefficients, their standardmr(SE), and-statistic significance levelp{val.) of a VAR of detrende
logged market turnoveturn) and returnret), with 10 lags, for the full period sample as vadlfor the two subsamples, that

are summarised in Table Zhe VAR also includes contemporaneous and twe ¢dghe exogenous variable return volat
(volatility), as described in Table 2.

Full period Pre-crisis subsample Post-crisis subsample
turn reg turn ret turn ret
Coeff. SE p-val.Coeff SE p-val. Coeff. SE p-val.Coeff SE p-val. Coeff. SE p-val.Coeff SE p-val

rets 0.09 0.04 0.05-0.03 0.02 0.18 0.10 0.06 0.12 -0.05 0.03 0.0808 ®@.08 0.32 -0.03 0.03 0.36
ret -0.02 0.04 0.69 0.00 0.02 0.96 0.15 0.06 0.02 -0.02 0.03 0.6120- 0.08 0.02 -0.08 0.03 0.02
rets 0.00 0.04 0.97 0.02 0.02 0.29 0.05 0.06 0.44 -0.07 0.03 0.0205-W.08 0.53 0.07 0.03 0.04
ret.s -0.09 0.04 0.04 -0.01 0.02 0.55 -0.10 0.06 0.11 -0.02 0.03% 0.%.16 0.08 0.04 -0.04 0.03 0.19
ret.s 0.02 0.04 0.67 0.00 0.02 0.88 0.19 0.06 0.00 -0.03 0.03 0.3412-®.08 0.13 -0.02 0.03 0.47
ret.s -0.07 0.04 0.10 -0.02 0.02 0.29 -0.09 0.06 0.14 -0.05 0.037 0.60.03 0.08 0.73 0.03 0.03 0.35
ret.s 0.11 0.04 0.01 -0.03 0.02 0.10 0.11 0.06 0.07 0.00 0.03 1.0013 @.08 0.09 -0.08 0.03 0.01
rets 0.01 0.04 0.85 0.01 0.02 0.67 -0.01 0.06 0.90 0.01 0.03 0.8504 ®@.08 0.58 0.01 0.03 0.73
reto -0.01 0.04 0.73 0.01 0.02 0.62 -0.01 0.06 0.82 0.04 0.03 0.1705 @.08 0.50 -0.03 0.03 0.29

retao -0.05 0.04 0.23 0.02 0.02 0.45 0.00 0.06 0.93 0.01 0.03 0.8205-®.08 0.51 0.05 0.03 0.14
turn., 0.37 0.02 0.00 0.00 0.01 0.83 0.40 0.03 0.00 0.02 0.01 0.171 @®3 0.00 -0.01 0.01 0.61
turn., 0.02 0.02 0.28 -0.02 0.01 0.13 0.02 0.03 0.49 0.00 0.02 0.7601 @.04 0.72 -0.02 0.01 0.18
turn.s 0.08 0.02 0.00 0.01 0.01 0.58 0.08 0.03 0.01 0.00 0.02 0.79 6 @®4 0.09 -0.01 0.01 0.42
turn.a -0.05 0.02 0.03 -0.03 0.01 0.01 -0.04 0.03 0.23 -0.04 0.021L 0.0.06 0.04 0.07 -0.01 0.01 0.38
turn.s 0.05 0.02 0.03 0.01 001 0.25 0.01 0.03 0.68 0.03 0.01 0.057 @®4 0.07 -0.01 0.01 0.40
turn.s 0.06 0.02 0.00 0.01 0.01 042 0.12 0.03 0.00 0.01 0.01 0.57 3 @@4 0.46 0.01 0.01 0.45
turn.z -0.01 0.02 0.51 0.01 0.01 0.37 -0.06 0.03 0.03 0.01 0.01 0.5802 @.04 0.59 0.02 0.01 0.15
turn.s -0.08 0.02 0.00 -0.01 0.01 0.16 -0.06 0.03 0.05-0.05 0.010 0.0.10 0.04 0.01 0.02 0.01 0.14
turn.g -0.03 0.02 0.13 0.00 0.01 0.89 -0.01 0.03 0.78 0.01 0.01 0.5106-0.04 0.09 0.00 0.01 0.95
turn.io -0.07 0.02 0.00 -0.01 0.01 0.62 -0.05 0.03 0.07 0.00 0.01 0.8508 0.04 0.02 -0.01 0.01 0.42
cons -0.10 0.02 0.00 0.04 0.01 0.00 -0.10 0.03 0.00 -0.06 0.02 0.G4m10 0.02 0.00 0.03 0.01 0.00
volatiity;  1.15 0.09 0.00 -0.33 0.04 0.00 1.01 0.12 0.00 -0.53 0.06 0.0095 ®.31 0.00 -0.74 0.13 0.00
volatiityr, -0.45 0.10 0.00 0.07 0.05 0.17 -0.27 0.13 0.04 0.09 0.06 0.1B46-0.31 0.13 0.00 0.13 0.98
volatility:» -0.36 0.10 0.00 0.00 0.05 1.00 -0.20 0.13 0.12 -0.01 0.06 0.8%94 0.32 0.00 -0.22 0.13 0.10
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Fig. 2. Coefficients, lagged turnover explaining turnoyenel data, all periods.

This figure compares the coefficients between dhfié lags of monthly turnover and samples in thisly. The cefficients
measure the effect of lagged turnover on the curt@mover. Darker columns represent positive goieffits and lighte
columns represent negative coefficients.

and the first subsample supports the overconfidagpethesis and are similar to the findings
of Statman, Thorley, and Vorkink (2006). The sectagbed return coefficient of the pre-
crisis subsample is significant and highly negatared it is followed by other negative
coefficients. This reversed post-crisis effect iscdssed in more detail later on the section
including the separate post-crisis analysis.

The coefficients of the lagged returns explainihg turnover on the monthly level are
summarised in Figure 3, and they present the kairfg of this study. The X (category) axis
is presenting the observed time period. The leftrmokimns show the coefficients for the full
period from June 2001 to December 2014, the middlemns for the pre-crisis period from
June 2001 to December 2008, and the rightmost a@ufar the post-crisis period from
January 2009 to December 2014. The Y (value) axihe coefficient magnitude and the Z
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Fig. 3. Coefficients, lagged return explaining turnovemegladata, all periods, monthly.

This figure compares theoefficients between different lags of monthly rat@nd samples in this study. The coeffici
measure the effect of lagged returns on the cuteenover. Darker columns represent positive cokffits, lighter columns
represent negative coefficients, and all stripddroas represent the coefficients that are signifiea 5% level or less.

(series) axis marks the monthly lags from the eursaalue. The dark columns represent
positive and the light columns negative coefficsgrdnd all striped columns represent the
coefficients that are significant at 5% level osde The overconfidence hypothesis is
supported by the significantly positive striped wuohs in the full and pre-crisis periods.
However, there is a clear change in the relatiometiirn and turnover when the financial
crisis has passed, even though the first laggedreoefficient seems to be positive for all
periods and this observation is analysed next.

The first lag coefficients in Figure 3 for each ipdrare positive and thus | observe the
first four monthly lags also on a weekly level teeshow these observations are formed.
Figure 4 has the same chart area properties tlgame=8, but the lags presented on the Z axis
are weekly lags instead of monthly lags. The wed&lel analysis shows that there is a
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Fig. 4. Coefficients, lagged return explaining turnovemeledata, all periods, weekly.
This figure compares the coefficiertistween different lags of weekly return and sampiethis study. The coefficier

measure the effect of lagged returns on the cutuenbver. Darker columns represent positive coieffits, lighter columr
represent negative coefficients, and all stripddroas represent the coefficients that are signifiea 5% level or less.

significant positive relation on all periods betwdagged returns and trading activity, and
this relation last over a month until the differerabtained already in monthly analysis starts
to show. This finding is supporting Statman, ThgprMorkink (2006) findings, though for the
shorter period of time than they observed, and fihing shows significant support for an
immediate increase in trading after the marketrnstuncrease. This finding supports short-
term overconfidence, and holds for all observapeniods in the study. Approximately six
weeks of lagged returns have a positive effecthenttirnover during the full observation
period.

As in Karpoff (1987), Table 3 reveals the contenapeous volatility to have a large and
positive significant effect on the turnover thas ltaefficients of 1.15, 1.01, and 0.95. Lagged
values of the exogenous variable must be intergnetth caution since the autocorrelation in
volatility is widely recognised. Coefficient estitea are very sensitive to the number of lags
included in the exogenous control variable, ande hHefollow the Statman, Thorley, and
Vorkink (2006) and add the contemporaneous observand two monthly lags. In the

weekly study, the number of lags used is eight week
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As is consistent with weak-form market efficientlye dependent variablet in Table 3
shows that lagged returns or turnovers are nottalpeedict the contemporaneous return, and
only a few small significant coefficients are ohsatl in the results. For example, the first
lagged turnover coefficients explaining return agg significant and very small 0.00, 0.02,
and -0.01 (with standard errors of 0.01, 0.03, #&dl). The similar non-significant
coefficients explaining the subsequent returnsfaoed in weekly study as well as in the
study with raw nondetrended turnovén keep the scope of the study in the main hypathes
| focus on the results related to the lagged retuafiecting turnover in the subsequent
sections.

| followed Statman, Thorley, and Vorkink (2006) Mycluding the calendar month
dummies for the full period panel data from Januaripecember to the analysis. The results
indicate that the trading activity is higher in thest trading months of a year and slightly
drops during the summer months. These findingshareeported here or included in the base

case study, since the inclusion does not affectoatye key findings.
4.1.2 Single index analysis

To get more detailed information about how the ltequresented in the panel data section
are actually formed, Figures 5, 6, and 7 visudl®eVAR coefficients on the index level for
the full period and the two subsamples, respegtivEhe figures contain the coefficients of
the fourteen separate stock indexes and the pateel(dsualised previously in Figure 3) for
turn as endogenous variable with monthly lagsedfup to ten months. The Y (value) axis is
the coefficient value and, for the comparison pegs these axes are scaled to have the same
minimum and maximum values for each observatioimodeiThe X (category) axis presents
the index in question, and the rightmost categeqyresents the pooled data including all
indexes. The Z (series) axis marks the monthly,lagd the first month is located in the back
and the lags are increasing to the front, sincefitBe lag is assumed to have the highest
impact (largest coefficient) on the current vallibe dark columns mark again the positive
coefficients and the lighter columns the negatiwefiicients. The striped columns mark each
coefficient that is significant at 5% level or 1e3® keep the scope, the single index results
for the current return as a dependent variablsatreeported here, but the results are similar
to findings of Statman, Thorley, and Vorkink (2008upporting the weak-form market
efficiency. There are no large differences betwaiéierent time periods or indexes.

To observe the results related to the overconfidemgpothesis, Figures 5, 6, and 7

visualise how the current turnover is affected bgnthly lagged returns. In the full period
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graph, Figure 5, there are only a few significamfticients, and all of the coefficients are
smaller than 0.40. Only a half of the significanefficients are positive. This graph hardly
gives any support for the overconfidence hypothesis even an individual country shows
any strong effect of turnover following the monthéturns. For the CAC, ISEQ, MADX, and
UKX there are no significant coefficients, and significant first lags are in ASE, DAX,
KFX, and WIG indexes. The separate VAR analysestlier two subsamples reveal the
difference between the pre- and post-crisis tine #Hctually causes the larger significant
effects for the full period to offset.

Fig. 5. Coefficients, lagged return explaining turnovengse indexes, full period.

This figure compares the coefficients between difie lags of monthly return and indexesttive full period from Jur
2001 to December 2017 he coefficients measure the effect of laggedrrnet on the current turnover. Darker colu
represent positive coefficients, lighter columnpresent negative coefficients, and all striped mwis represa the
coefficients that are significant at 5% level adeThe index ticker names are presented in Table 1
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In Figure 6 representing the pre-crisis stock maffi@m June 2001 to December 2008,
there are many significant coefficients and thet vagjority of them are large and positive.
Twelve of the significant coefficients are largean the 0.40 that is the upper limit for the full
period coefficients. However, the first lags do seem to have substantially larger effect to
the contemporaneous turnover than the later lagmetlieless, this finding supports the
overconfidence hypothesis, as the current turna/éollowed by increased lagged monthly
returns. The ASE index shows the strongest sugpothe overconfidence hypothesis with
three highly significant first lags. HEX, KFX, SMand UKX do not have any significant
coefficients and thus the support for overconfigeocagainst it is not found.
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Fig. 6. Coefficients, lagged return explaining turnoveng$e indexes, pre-crisis.
This figure compares the coefficients between difii¢ lags of monthly return and indexes in thegisis period from Jur
2001 to December 2008. The coefficients measurestfeet of lagged retms on the current turnover. Darker colu

represent positive coefficients, lighter columngresent negative coefficientand all striped columns represent
coefficients that are significant at 5% level adeThe index ticker names are presented in Table 1
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In Figure 7, the second subsample representingdkecrisis stock market from 2009 to
2014, the coefficients look completely differenthel vast majority of the significant
coefficients are actually negative, indicating mseel relationship between lagged returns and
contemporaneous turnover compared to Figure 6.€lhegative values are observable in
Appendix C with other index-specific coefficientadap-values since the 3D graphs show
them only partially. The post-crisis finding of @arge amount of negative coefficients goes
against the overconfidence hypothesis, but this dud imply that there would not be any
overconfidence in the market after crisis. Poteérdgigplanations for this post-crisis finding
and decreasing trading volume are presented |Btetably, despite the large amount of
negative significant coefficients, there are &iM positive first lag coefficients, even though
they are not significant. ASE index that previoushowed strong support for overconfident
trading during the pre-crisis period does not hawe significant coefficient in the post-crisis
analysis, and most of its coefficients are negatBEL20 and OMX indexes show the
strongest support against the overconfidence hgsath having four significantly negative

coefficients during the post-crisis period.

Fig. 7. Coefficients, lagged return explaining turnovengse indexes, post-crisis.

This figure compares the coefficients between diffié lags of monthly return and indexes in the qooisis period fror
January 2009 to December 20Ihe coefficients measure the effect of laggedrnst on the current turnover. Dar
columns represent positive coefficients, lightduoms represent negative coefficigraad all striped columns represent
coefficients that are significant at 5% level agdeThe index ticker names are presented in Table 1
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4.2.Impulse response function results

As explained in the methodology section, Table @ashg the VAR coefficients does not
tell the complete truth about the impact of exogenwariable observations. All of the VAR
coefficient estimates are used in the impulse nespdunctions (IRF) to trace the impact of
the shock in residual, which has a magnitude ofstaedard deviation. This way it is possible
to trace the impact of each endogenous variablekstooeach other, that is to say, how return
shocks affect returns and turnovers, and turnokecls affect returns and turnovers. Even
though the VAR analysis output contains resultsvben all variables and many impulse
response functions could be obtained, only thectffeof return shocks are presented
thoroughly here.

4.2.1Panel data impulse response functions

Figure 8 presents the impulse response functica tafnover shock affecting the current
turnover for the following months, and Figures 9dat0 present the impulse response
functions of a return shock affecting the curramhbver on the monthly and weekly level,
respectively. All impulse response functions areceted after the panel VAR analysis, in
which all the indexes are combined. The figure® alsow 95% confidence boundaries for
each function. Figure 8 shows the effect of onedded deviation shock in turnover on the
following months’ turnover values. The previousigcognised autocorrelation is again visible,
and the positive relation seems to last many moaties the shock. The confidence interval
of the function is very narrow and thus the sizdhaf effect is known quite precisely. This
relation is shown only for the full period and ¢ tmonthly level, since the findings are very
similar with the two subsamples and on the weedlgl. Due to the log transformation of the
turn variable, the vertical axis of each IRF figure skaWwe percentage change in monthly or
weekly turnover relative to the non-shocked vaka. example in Figure 8, | observe similar
results than Statman, Thorley, and Vorkink (2008} the turnover shock results
approximately 3.0% increase in the following moathirnover, and the cumulative increase
during the following six months is 11.0%. The catesnt results in turnover impulse response
function imply that the sequential turnover patseamd behaviour are similar in the U.S. and
Europe. Notably, the detrended turnover seriese®nmpulse response functions to zero over
time. The non-detrended and weekly level resultsuareported, but indicate mainly positive

and declining values for all 24 months before ttiece dilutes.
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Fig. 8. Impulse response function, turnover response twuar shock, full period.
Impulse response functions with 95% confidencerwate This figure shows turnover response to a turneheck on th

monthly level for the full period from June 2001@ecember 2014. The shock to the residyah has a magnitude of o
standard deviation.

Figure 9, Panels A, B, and C, shows the impulsparese function graphs for the full period
and the subsamples in the case of the return singollse affecting the contemporaneous
turnover. The function is executed on the montklel, and the first six months separated
with a dashed line are shown on the weekly leveFigure 10. The function results are
observed after the panel data VAR analysis for eauoe period. Statman, Thorley, and
Vorkink (2006) find evidence for the overconfiderntgpothesis from this analysis, and the
findings here reveal similar results but with smakffects. In Figure 9 the shock has a very
small positive, less than 0.5% effect during thikofeing month in all observation periods,
and especially mild response over months for tiiepkriod (Panel A), since the cumulative
six months effect is 0%. The pre-crisis period ogses are clearly more positive in Panel B,
supporting the overconfidence hypothesis with cativg six months effect of 1.5%. The
responses on the post-crisis period (Panel C) feardrary effects, as the cumulative six
months response is -1.9%. This supports the prevituding that the overconfidence
hypothesis does not hold strongly within Europeatiomal stock exchanges in the full
observation period, and that the pre-crisis per@maals more support for the overconfident
investing behaviour than the post-crisis periodeta will discuss possible explanations to
this finding compared to Statman, Thorley, and Mdtk(2006), who find very high

accumulated turnover response to a return shoaktbegdirst six months.
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Fig. 9. Impulse response function, turnover response tomethock, monthly.

Impulse response functions with 95% confidenceruals. This figure shows monthly turnover respotsea return shoclon the
monthly level for the full period from June 2001December 2014 (Panel A), the mmésis period from June 2001 to December :
(Panel B), and the post-crisis subsample from JgnR809 to December 2014 (Panel C). The shock ¢éorésiduale; has
magnitude of one standard deviation. The dashexideparates the first 6 months observations, asdp#riod is shown orhe
weekly level in Figure 10.
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On the weekly level impulse response functionsdlygse the return shock affecting the
weekly turnover during the first six months, thaitd say, 24 weeks. It should be noted that
months are generally longer than four weeks and tha 24 week period does not exactly
match the six month period. Figure 10 shows howtuineover is affected on a weekly basis
during each observation period. Interestingly, eigleeks from the shock the impulse
response functions give very similar results fdr adservation periods. The cumulative
effects of the shock on the weekly turnover ar&%32.10%, and 1.42% for the full, pre-
crisis, and post-crisis periods, respectively. Tngest change in responses is shown from the
week 9 to 16, as the respective cumulative effestthe weekly turnover are 0.00%, 2.22%,
and -2.16%. These results are not directly compartd the monthly impulse response
function results, but the direction of the effeate the same from third week onwards, that is
to say, positive response during the-pre crisisogdeand negative response during the post-
crisis period.

Due to the scope of the study | do not presenintipellse response function graphs for the
response of the return to a one standard deviatiock inturn andret. In these cases, the
measured change is the difference in return condptyethe average return. The overall
results of all observation periods are not sigatiity different from zero, and the finding is
consistent with weak-form market efficiency ashe ¥AR analysis where the current return
is not explained by lagged return on lagged turnolkis finding is similar to the findings of
Statman, Thorley, and Vorkink (2006).
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Fig. 10. Impulse response function, turnover response torrethock, weekly.

Impulse response functions with 95% confidenceruats. This figure shows weekly turnover resporsea treturn shoclkon the
weekly level for the full period from June 2001 Pecember 2014 (Panel A), the pmesis period from June 2001 to Decen
2008 (Panel B), and the post-crisis subsample framuary 2009 to December 2014 (Panel C). The shottketoesiduake; has
magnitude of one standard deviation. The dashed Beparate the 4 week periods’ observations femn ether.
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4.2.2 Pre- and post-crisis impulse response functionspaoison

Due to the large amount of indexes in the studstethis also a possibility to test response
magnitudes with different index combinations. Teudlise the pre- and post-crisis difference
more clearly, | collected a separate subsampleaddxes that have a positive first-lag effect
on turnover after a return shock during the firsbsample period in the monthly level
analysis. Appendix D shows the pre-crisis impubssponse functions for the single indexes,
and due to the large amount of indexes, the simglex impulse response functions for the
full period or the post-crisis data are not reporite this study separately. In other words, |
study separately the countries having the strondgest monthly lag implications of
overconfidence before the crisis and see how tleetethanges post-crisis. The indexes in the
sample are ASE (Greece), ATX (Austria), ISEQ (Inelp KFX (Denmark), MADX (Spain),
OMX (Sweden), and WIG (Poland). The impulse respdasction results of the pooled data
of this rebuilt index list are shown in Figure The figure shows how one standard deviation
shock in return affects the monthly turnover befame after the financial crisis in 2008.

Comparison of Panels A and B of Figure 11 confithwes difference in monthly turnover
responses after a return shock during the pre-parst-crisis periods witnessed already in
Figure 9. The cumulative positive effect during finst six months of the pre-crisis period is
1.8% and over 5% with the upper 95% confidence Hodrne values for the post-crisis
period are -3.8% and -8.6% with the lower 95% aerice bound. This finding gives
additional support for the results of the VAR ams&dyand impulse response functions
executed for the sample including all fourteen x&$e The pre-crisis findings are interpreted
as a support for the overconfidence hypothesis,tasdimilar to previous findings of Odean
(1998a), Gervais and Odean (2001), and Statman]efh@nd Vorkink (2006) who find that
overconfident traders increase their trading afteserving increasing returns. The results of
the post-crisis period are not giving implicatiooisthe overconfidence, and this effect is

discussed in Section 5.
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Fig. 11. Impulse response function, turnover response tomrethock, subsamples.

Impulse response functions with 95% confidenceruais. This figure shows turnover response to arneshock for the pre-
crisis period from June 2001 to December 2008 (PApeand the post-crisis subsample from Japu2009 to Decemb
2014 (Panel B). The shock to the residual faefghas a magnitude of one standard deviation. The jpariels include tt
stock indexes ASE, ATX, ISEQ, KFX, MADX, OMX, andI®. These indexes are selected based on the pd#itivlaggec
return coefficient explaining turnover. The coeffitts are observed in the impulse response furste@cuted for tt
separate indexes for the pre-crisis period (2001820and these functions are shown in Appendix D.
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4.3.Investor sentiment and trading volume

There is only a limited amount of research condiicte the relation of investor sentiment
and trading volume, but in their working paper L8p, and Zou (2012) find a positive
relationship between these two. They state thatenwaders should affect the market as they
trade, and thus the trading volume should havdatioaship with the noise. They use the
volatility index VIX to measure the sentiment iretinarket, to assess the impact of noise
traders participating in trading. Due to these mes findings | will also study separately
how adding the investor sentiment to the originAR/analysis affects the results obtained. If
the level of general investor sentiment gives aolotl information about the relation of
lagged stock returns and trading activity, thenirgldhe investor sentiment to the analysis
should decrease the coefficients of lagged retexpaining the current turnover.

Due to the lack of comprehensive European volatilidex, | will use The Economic
Sentiment Indicator as an indicator for the investntiment. The index is calculated from
the European Commission’s Business and Consumegeygirand contains weightings for
industrial confidence, service confidence, consuooafidence, construction confidence, and

retail trade confidence. Figure 12 visualises theestor sentiment in Europe during the
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Fig. 12. Investor sentiment, stock market performance, eading volume.

Daily investor sentiment (EUESEMU Index) retrievieoim Bloomberg: The Economic Sentiment Indicator is calculi
from the European Commission's Business Consumer Surveys. It is constructed from the fafigwndicators: th
industrial confidence indicator (40%), the servimenfidence indicator (30%), the consumer confideéndéator (20%)
the construction confidence indicator (5%), and tk&il trade confidence indicator (5%)For the comparison, figu
shows the STOXX Europe 600 performance (SXXP Ind8XXP and EUESEMU Indexes are scaled 1.6.2001:
Trading volume is aggregated from the daily turmevef the 14 indexes by summing tbgually weightediaily inde»
turnovers. The turnover trend in the Figure is @alied from these values by using the HodRekscott (1997) algorith
(with the penalty paramet&e270,400).
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observation period of the study. For the compatis@iso added the values of the STOXX
Europe 600 index value, of which shape is closthéoseparate national exchange indexes
included in the VAR analysis (shown in Appendix Ahe values for the two indexes are
retrieved from Bloomberg. The investor sentimerdnse to follow the market performance
very closely, and thus it might not provide any iiddal value to the analysis, since the
change in market return with several lags is alyeaohsidered in the main results.

| executed the monthly VAR analysis for the segamatlexes as previously but added the
current monthly change in the investor sentimedeinto the analysis with two lags, similar
to the return volatility control variable in thedgacase model. Figure 13 shows the pattern of
changes in the investor sentiment during the olasienrv period. The changes in the investor
sentiment also follow the return change patterm #re same pattern is visible especially
before and after the financial crisis in 2008 (8gpendix B for monthly returns). Notably,
the average of the changes in the investor sentimerery close to zero, meaning that the
sentiment changes offset each other over timegdine investor sentiment cannot increase
persistently. During the pre-crisis subsample fr@601 to 2008, the investor sentiment
decreased 29 percentage points and during thecpest-subsample from 2009 to 2014,
increased 24 percentage points, returning to treddeof 2004.

For the full period and both subperiods, the VARVRIues remain almost the same, and
the coefficients of the change in sentiment are sighificant. The VAR results are not
heavily affected by the introduction of the newiahle, which implies that the market return
itself is already including similar information aldothe sentiment in the stock market. This
finding is supported for example by Brown and C{#004) who find that past market returns
are an important determinant of the investor sesmtimand thus the sentiment is highly
correlated with contemporaneous market returns.

6%

4%

2%

-10%
»

N

o’

B ./
© ° &

A ~
D 4 4
S S S
Ne NG NG N: NG N: N: N: N: Ne N: NG

Fig. 13. Monthly changes in investor sentiment.
Figure shows the monthly changes of the investatireent (EUESEMU Index) for the full observatiorriogl.
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5. Post-crisisanalysis

In the light of the results presented for the @llservation period and the two subsamples
before and after the financial crisis, in this g@ct will take a closer look to the events after
the financial crisis in 2008. Directly by comparitige previously presented Figure 1 turnover
graphs with Appendix A index performances, one se@ that after the financial crisis the
trading volumes have drastically decreased in thdittonal stock exchanges, even though
these indexes have enjoyed market-wide increasetums since 2009. Due to the changed
market environment in the last decade, the contiautading activity decreasing in national
exchanges cannot blindly be blamed on the vaniskiectonfidence in the market, but rather
on the changed market environment Thus as an additpart of the study, | will discuss
briefly other drivers of the decreasing stock tngdin the European national exchanges.

The post-crisis downhill in the stock turnover isaher recent phenomenon, and thus
there are only a few authors to contribute acadalfgion the issue. However, the topic is
widely dealt with in media, and these media insghte analysed in more detail in this
section. To understand the idea, in 2011, the \B&ket Journal wrote that multilateral
trading facilities (MTFs) offering pan-Europeanditdrading are shaking the positions of the
national European stock exchanges. MTFs offer ifasaeling and lower costs and this has
consequently made the incumbent market playeretoedse their trading fees and upgrade
their trading system technologies. In addition, Ev@ancial Times wrote in 2013 that money
on the European markets is allocated merely to aaslfixed income rather than stocks, the
drought of mergers and acquisitions causes lowmes) and that low interest rates still
favours the debt market over equity capital. Still2014, Reuters wrote about decreasing

post-crisis trading volumes and revenues.
5.1. Decreasing and shifting trading volume

There are two possible explanations for the deorgastock turnover that is seen in
Figure 1. The first reasoning concerns the marked avhole and refers to the effects of the
crisis on the stock turnover, and the second reagaoncerns the decrease especially in the
traditional exchanges, due to the alternative trqdienues appearing to the market. The
detailed interrelation between the crisis, regatatemergence of alternative trading venues,
and trading volume is not analysed in more detailthis study, but | observe bilateral

relations between some of these variables.
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The increased regulation is a clear consequendieotrisis itself, and the alternative
trading venues have increased their market sharé¢hea new regulatory environment has
placed new rules for trade transparency, and ths lleen done partly at the cost of the
traditional trading venues. Figure 14 presentsativeual value of share trading in the selected
European stock exchanges before and after thes.ciibie data include fourteen European
regulated stock exchanges and it is collected ftwer\World Federation of Exchanges (WFE)
(It should be noted that the indexes are not tmeesthan in the base case analysis of this
study). The figure implies that the turnover in tNational Exchanges has drastically
decreased after 2008. However, when the tradi®®ARS Chi-X Europe is added to the total
trading value of the traditional exchanges, thelitng seems to climb back to its original
levels. BATS Chi-X Europe is the first multilatettaading facility in Europe that received a
status of Recognised Investment Exchange (RIE)it82 With these facts one can argue
that actually the outlier may not be the decreasiading volume we have withessed post-
crisis, but rather the pre-crisis increase causgdhbk development of electronic trading

systems.
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Fig. 14. Annual stock trading value, full period.
Summary of the value of shares traded in 14 Europegulated stock exchanges in addition to the BAF®X Europe

which is, since 2011, included in the data aftefTBAacquired Chk Europe. The data is collected from the World Fetier

of Exchanges (WFE) Annual Query Tool and includetha European indices that are WFE member examagd have de
available dung the observation period. Notably, for this @asthe indexes are not exactly the same thanisnsthdy. Th
non-euro values in the original data are converteduim® using the annual average of each exchangeatieved fror
Bloomberg. Data source: www.world-exchanges.org.

* www.batstrading.co.uk
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The Federation of European Securities ExchangeSKlrBas been the first to publish the
European Equity Market Report since 2008, afterittv@duction of the MIFID regulation.
The report gathers data from all Regulated Marke¢rators and Multilateral Trading
Facilities which are recognised as FESE membetisarEuropean equity market. The report
enables accurate comparison between trading venute terms of turnover on monthly
basis from January 2009 to January 2015. On thertepurnover values are grouped
according to the market type, Regulated Marketl{oliag traditional stock exchanges) or
Multilateral Trading Facility. It should be notelbt the largest decreases in trading happened
already before the FESE data starts. Figure 15eptesthe post-crisis development of
European equity market reported by FESE, and tke idashown on a monthly level. Note
that the BATS Chi-X Europe is categorised as MTRhia figure, even though it became a
regulated market operator in 2013.

The implication of Figures 13 and 14 is that thading volumes tumbled due to the
financial crisis and the total stock market voludespite of the exchange type. However, the
recovery of the overall stock trading has not beeen in the traditional exchanges but rather
in the alternative trading venues that have entdredanarket and increased their market share
recently. Only in 2012, almost five years after thesis, it seems that also the continuous

decrease in the traditional exchanges has stopped.

1200

1000
2
3

5 800
E

2 600
g
o
<

< 400
)
g
&

S 200
L2
g

0

O O Q Q N N Q v > > X ™ 2
m/@ . ’\’QQ N . ’19\ ﬁ9\ /\'\9\ q/Q\/ /\ﬁ/Q\ ’\9\ ,\’\9\ ’L\ /\ﬁ/\ N
N N N N N N N N N N N N N
——Regulated market operators Multilateral trading facilities

Fig. 15. Monthly stock trading value by market operator gjp@ost-crisis.

This figure shows the division of share tradingueabetween regulated market operators and muitlatiading facilities i
Europe. The data is collected from the FederatidBunopean Securities Exchanges (FES¥te that as of 20th May 20:
BATS Chi-X Europe has become a Recognised Invegtfarohange (Regulated market), but here it is mhetuto MTF
category for the whole period, since it does ngiresent the traditional stock exchanges in thislystiData sourc
www.fese.eu.
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5.2.Media insights of decreasing trading volume

Table 4 summarises chronologically the topics dised in media about causes of
decreasing trading volume after the financial srigh 2008. The exact measures and
definitions of trading volume in the texts are ualm, but it is assumed that the overall
volume in traditional exchanges has decreased!igealeral volume measures and thus the
results are comparable. | do not take into accbené that some of the causes are closely
related to each other, but the causes are pickigdhonording to the wording used in the text.
The texts are collected from the web pages of thi#ighers mentioned in the table, and the
full reference list of the articles is shown in Agoylix E.

The table shows that the topics discussed ovesadtar the crisis have regularly changed
in the media. The majority of the topics appearedl after the crisis started, in 2012, when
the media started to raise up the topics conceraicigof investor confidence and shifting to
other asset classes from equities. Also unstaldacosnic conditions appeared to the media
after the long-standing European debt crisis. A#@12 the stricter regulation has not been a
hot topic, but rather its consequence, off-exchdraping.

“Traders are sitting on their hantis a widely used phrase in the post-crisis medliall
of its forms. The stricter regulation is appearingnany forms, for example, tighter capital
requirements of Solvency Il and Basel Ill are sagma global response to the financial crisis.
Credit Suisse report from 2012 is dividing the twer affecting factors to seasonal and
structural. The seasonal factors including equitgcation, active turnover, hedge fund
leverage, and corporate activity are driving theurees down even though structural factors
such as high-frequency and algorithmic trading madssible by new technologies are
increasing it. However, in the U.S., the structdaators are not able to increase the total trade
amount. The huge shift from equities is explaingdrizgreased trading of equity futures and
options, ETFs, and bonds, but large bond redemptéord lowering coupon payments are
seen as a good thing for equity volumes. The deuorgarolumes of traditional exchanges are
blamed to the off-exchange operations, but also trdumes were slowing down after the
crisis. The traditional exchange trading is maimedi due to the fact that still many operations

such as IPOs, secondary offerings and a rangerftiges trading are operated via them.



46

Table 4. Media insights of decreasing trading volume, [oits.
Table shows in chronological order the topics dised in media concerning the decreasing stockngadilume after tk
financial crisis. The texts are collected via Ge@o§karch (www.google.com). See the full list oérefce in Appendix E.

Causes of the low stock trading volume after the crisis

Stricter .Lack of  Shifting to Off- Unstabl_e Taxation LowM&A
. regulation mvgstor other asset exchgnge economic issues and IPO
Date Publisher confidence  classes trading  conditions levels
07/2007 Bloomberg X X X
10/2008 Traders Magazine X X
05/2011 Traders Magazine X X
06/2011 BlackRock X X
10/2011 The Wall Street Journal  x X
01/2012 Bloomberg X X
04/2012 CNBC X
05/2012 Reuters X X X
08/2012 Credit Suisse X X X X
07/2012 The Wall Street Journal X
06/2012 The New York Times X X X X
09/2012 Pricemetrix X
01/2013 Financial Times X X X
02/2013 Business Insider
05/201: The Economi X X X X
10/201: Reuters X X
07/201: MarketWatch X X X
11/2014 Thomson Reuters X X
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6. Discussion and conclusion

Academia has widely agreed that the trading volumteessed in the markets cannot be
justified by rational motives such as portfolio a&ncing or hedging needs. The trading
activity changes not only with different rationaldabehavioural empirical factors but also
with institutional determinants. The one part oé thmpirical research has tried to find a
relation between market performance and tradingigctThe formalised theories of investor

overconfidence have recently tried to explain owefident investor behaviour associated
with market performance. Research has created @ogiton that investors become

overconfident after increasing market returns andrease their trading activity. This

behaviour is due to the investors associating ifjleen returns to their abilities to pick stocks.

Contrarily, decreasing market returns make inveskess confident and consequently make
them decrease trading. So far, empirical reseamh ot presented a lot of testable
implications to the overconfidence hypothesis, #ng there is only little empirical research
about the topic. The overconfidence models haven hgesented for example by Odean
(1998a), Daniel, Hirshleifer, and Subrahmanyam 8)98nd Gervais and Odean (2001). The
overconfidence hypothesis is tested for exampl@dean (1999) and Statman, Thorley, and
Vorkink (2006).

This study contributes to the previous researctebiing the overconfidence hypothesis in
Europe with the most recent data available. Thdysfallows closely Statman, Thorley, and
Vorkink (2006) who test the overconfidence hypothés the U.S. stock market. Also other
volume studies are mostly focused on the U.S. mgdex e.g. Ajinkya and Jain (1989),
Campbell, Grossman, and Wang (1992), and Atkinsayid1997)), and thus | contribute to
the existing literature by studying how the hypaikédolds on the European stock market that
has experienced great changes during the observaéinod from June 2001 to December
2014. The full observation period is analysed ie #tudy, but | also divide it into two
subsamples to obtain the difference in the marké&irb and after the financial crisis in 2008.
The data set includes market returns and tradingowers of fourteen European national
stock exchange indexes. The overconfidence hypstiesested in this study by using the
vector autoregression (VAR) method and impulsearse functions (IRF), which require the
VAR method conducted beforehand. The pooled datafsall fourteen indexes is analysed
separately, and more detailed analysis for sepandtxes is also done in both parts of the

methodology.
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The main finding of this study is that the overadahce hypothesis holds in the European
stock market, that is to say, the investors in@e@ecrease) their trading after observing
higher (lower) market returns. However, this r@atholds only during the pre-crisis period,
from 2001 to 2008, and the support for the hypathés not found in the post-crisis
subsample from 2009 to 2014. As a matter of fdot, trading volume has drastically
decreased in traditional stock exchanges inclugedhé study after the financial crisis,
although the market performance has recovered #fiercrisis. The post-crisis volume
decrease has slowed down only for couple of yeaws ifhe weekly level study reveals that
on the short-term, approximately six weeks, theitpasrelation holds for all observation
periods. The long-term support for the overconfaeduring the pre-crisis period is similar
to the findings of Statman, Thorley, and Vorkinlo@B) and the findings also confirm the
models of Odean (1998a) and Gervais and Odean (2@4 find that overconfident traders
increase their trading after observing increasaams.

Due to the recency of these post-crisis market tsvand the scope of the study, | do not
empirically test the causes of the decreasing ritadblume after the crisis, but | present
recent statistics and media insights related td&Etm®pean stock trading during the post-crisis
period. The two main explanations for the decrepsiading volume in the traditional stock
exchanges are market regulation and market fragitient The MiFID regulation has
enabled the market fragmentation by increasinglgcating the order flow to alternative
trading venues, the so called multilateral tradiaglities that have enabled pan-European
stock trading with fast electronic trading solusomecently, the media has highlighted that
the decreasing trading volume is also caused biclsing the asset classes away from direct
stocks to e.g. bonds, ETFs, and equity derivatives.

Although this study is motivated by the theorie®wérconfidence, there is clear empirical
evidence supporting these theories that shouldckeosvledged. There might also be other
factors explaining trading activity following theagt returns in the stock market, and the
distinction between these explanations might bgestilie. The findings of this study suggest
that further development and empirical research beawgllocated to study the regulation and
market fragmentation effects on the trading agtivithe market fragmentation effect might
also be diluted if the sample in the analysis idellialso trading data of alternative trading
venues. Moreover, it would be interesting to iniggge which investor types are most
affected by the new market environment, i.e. whmast likely to switch trading away from

the traditional trading venues.
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Appendix A. Index performance and return volatility
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Appendix B. Monthly detrended log turnover and index return
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Lagged return. full period Lagged return. pre-crisis period Lagged return, post-crisis period

turn, ret ref, ret; rety retys retys ret; retyp retiorefye refy, ret, ref; ret,y rets refy ret,; retp retoretiyy et ret, refy; ref, refs rets ret; refy retoretyy

ASE Coeff. 0.21 0.03 0.09 -0.08 0.01 -0.14 -0.03 0.12 -0.04 0.04 048 076 045 011 0.06 027 0.09 0.10-0.18 -0.09 0.17 -0.13 0.09 -0.19 -0.07 -0.22 -0.01 0.13 -0.05 0.14
pval. 004 0.80 037 044 093 012 073 022 069 066 000 000 001 052 073 0.06 053 050 020 051 029 043 037 020 039 0.10 093 033 0.1 030

ATX  Coeff -0.07 0.04 016 -0.17 0.09 -0.23 -0.02 0.17 0.06 000 028 -0.03 023 -020 042 -046 012 026 044 019 -0.38 -0.05 0.05-0.18 -0.13 -0.07 -0.07 014 0.02 -0.19
p-val. 059 0.75 015 0.11 038 003 082 010 060 097 023 089 024 030 003 002 055 020 004 037 003 076 075 022 035 062 059 023 086 0.12

BEL20 Coeff. -0.18 -0.06 -0.34 -0.18 0.16 020 -0.28 (.08 -0.08 -0.03 -0.06 020 0.16 -0.21 042 043 -0.05 -0.01 -0.04 0.04 -0.31 -0.13 -0.79 -0.31 -0.61 031 -0.37 0.18 -0.24 027
p-val 016 063 0.01 014 017 0.07 001 046 048 0.7% 07% 034 044 032 003 002 080 0% 084 083 009 051 0.00 017 0.00 0.06 002 024 0.08 0.05

BUX  Coeff. 0.04 0.14-0.02 012 -0.30 0.00 0.19 -0.05 0.02 0.02 -0.06 0.09-0.13 010 -0.10 0.07 043 -0.12 0.05 -0.12  0.11 -0.04 002 0.27 -0.74 045 -0.02 -0.04 0.08 0.13
pval 0792 023 08% 027 001 099 009 065 087 087 072 055 038 049 050 064 000 041 073 032 064 086 094 020 000 0.04 093 086 0.68 0.50

CAC  Coeff -0.16 0.14 -0.16 -0.14 006 (.09 -0.03 013 -0.14 003 -024 (.18 -0.07 -0.44 010 009 -0.17 0.16 008 017 -038 032 -033 0.00-027 (.14 -0.14 -0.03 -031 0.09
pval 015 020 015 020 058 036 079 017 013 075 014 022 064 000 048 051 017 022 055 015 005 012 010 1.00 019 045 033 084 002 048

DAX  Coeff -0.20 007 0.10-0.12 008 005 0.11 008 -0.07 0.02 -0.28 0.17 040 -0.24 0.11 -0.06 -0.09 0.03 0.11 -0.05 -0.09 0.07 -0.39 -0.15 -0.37 0.19 0.00 -0.05 -0.29 0.0%
p-val 004 046 027 021 038 0.55 018 033 038 082 002 0.17 0.00 0.06 038 057 036 073 028 063 (69 076 009 054 012 035 1.00 0.77 0.06 0.51
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HEX  Coeff -0.13 029 -0.07 0.03 -0.03 0.00 0.10 -0.04 -0.07 0.05 -0.07 019 0.09 -0.08 0.14 -0.08 0.09 0.03 -0.02 0.09 -0.02 0.62-026 0.17 -0.29 021 0.09 -0.38 0.00-0.31
pval 025 001 051 076 079 0.98 027 0.68 046 059 062 016 049 055 022 (052 039 0.796 086 040 094 005 043 0.60 033 037 069 0.09 099 0.09

ISEQ Coeff 0.13 005 0.10 -0.28 -0.02 -0.08 023 -0.02 0.01 -0.19 011 035 008 -046 011 002 005 016 007 -023 -0.07 -0.19 036 010 0.05-037 0.63 -0.08 0.10 010
p-val. 046 079 056 0.09 090 059 0.13 087 096 020 059 007 068 0.02 054 092 0.79 037 069 0.18 088 066 038 081 091 036 009 083 0.78 076

KFX  Coeff 036 0.02 0.02 -0.09 -0.06 -0.09 0.11 -0.02 -0.18 0.18 019 -0.04 0.14 -0.04 0.34 035 021 0.03 -0.21 0.16 023 031 -0.16 0.14 -0.45 -024 0.19 -0.15 -0.31 0.08
p-val (.01 0.87 0.88 043 0.63 0.45 035 0.85 011 011 036 0.85 046 0.82 008 006 023 085 023 038 029 016 048 0.52 0.04 024 032 043 0.09 0.64

MADX Coeff. 0.05 -0.02 0.15 -0.03 0.03 -0.03 0.14 -0.08 001 -0.13 (.12 045 042 -0.12 025 0.02 -0.15 0.08 0.08 -0.07 -0.03 -0.39 -0.03 -0.09 -0.20 0.04 0.30-0.18 0.05-0.19
p-val 067 0.88 015 080 077 074 014 041 088 017 050 001 002 054 015 092 032 063 065 065 087 002 083 059 022 0.79 003 0.18 0.70 0.15

OMX Coeff 0.14 015 -0.06 -0.30 -0.11 007 0.06 008 -0.12 024 041 029 0.00-0.31 008 0.02 008 020 002 029 -0.55 0.05-036-0.46 -0.65 0.13 0.11 -0.26 -0.38 0.00
pval. 027 020 061 001 036 055 061 047 029 003 004 013 0599 009 067 0.8% 062 025 093 008 001 083 008 003 000 050 055 010 0.02 099

SMI Coeff -0.09 0.09 -0.04 -0.06 -0.01 0.01 -0.03 0.15-0.27 0.1% -036 017 0.02 -029 015 002 -0.26 023 -035 0.11 028 0.24 -0.36 -0.09 -0.42 0.30 0.18 -0.16 -0.16 0.33
p-val 055 033 075 063 093 092 082 021 003 011 012 048 093 0.17 052 054 021 027 010 055 020 027 0.0 065 0.03 0.15 032 0.31 028 0.02

UKX  Coeff -0.16 -0.15 0.01 -0.15 0.06 -0.01 -0.08 0.02 -0.20 0.05 -022 021 023 -0:41 038 0.30-0.32 -0.28 -0.04 030 0.13 0.02 -0.32 -0.11 -0.19 -0:06 022 0.08 -0.37 0.18
pval. 024 028 097 025 064 096 050 0.88 0.08 0.65 037 040 025 0.06 007 0.10 007 013 084 009 0355 093 016 0.60 037 075 021 0.62 0.02 025

Appendix C. VAR results for separate indexes

WIG  Coeff. 0.31 -0.09 -0.03 007 -0.10 -020 021 020 0.00 0.03 036 -020 0.19 027 026 -0.07 032 039 021 033 024 -0.34 018 0.14 -0.52 -0.33 -0.05 0.08 -0.38 0.13
pval 003 0354 084 060 045 012 011 012 099 078 009 036 034 (.18 019 073 000 003 023 007 051 033 056 0.64 007 021 085 075 0.12 061

VAR coefficients and p-values of singleindexes, all periods.
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Appendix D. Pre-crisis impulse response functions for singiexes
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Impulse response functions with 95% confidence interval, turnover responseto return shock, pre-crisis subsample

from June 2001 to December 2008.
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Appendix E. Table of media insights
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Year Publisher Writer Title Retrieved from

2011  BlackRock - Equity Market Trading in www.blackrock.com
Europe: The Case for
Refinement Over Revoluti

2007  Bloomberg Scott, M. Online Trading Blooms in www.bloomberg.com
Europe

2012 Bloomberg Wang, L., Nagi, C., and Baker, NStock Trading Lowest in U.S. www.bloomberg.com
since 2008 Amid Fund
Withdrawal

2013 Business Insider Boesler, M. GOLDMAN: Here's Where www.businessinsider.com
all the S&P 500 Trading
Volume Wer

2012 CNBC Melloy, J. Where has all the Trading www.cnbc.com
Gone? Volume Hits 4-Year
Low

2012  Credit Suisse Mackintosh, P. and Casciano, S.Where has all the Trading www.credit-suisse.com
Gone?

2013 Financial Times Stevenson, A. European Stocks Trade www.ft.com
Volumes Slump

2014 MarketWatch Reklattis, V. and Mahmudova, A. Why Trading Volume is www.marketwatch.com
Tumbling, Explained in 5
Chart:

2012  Pricemetrix - Decreasing Year-Over-Year Www.pricemetrix.com
Trade Volume - Fact Or
Fantas

2012  Reuters - Share Volume to Stay Lowas  www.wallstreetandtech.com
Euro Crisis Hits Industry

2013  Reuters Cruise, S. and Jessop, S. Dark Pool Stock Trading WwWw.reuters.com
Picks Up as Europe Debates
New Curb

2013  The Economist - Going Broke in Stocks www.economist.com

2012  The New York Times Popper, N. Stock Trading is Stil Faling www.nytimes.com
After '08 Crisis

2011  The Wall Street JournalDunkley, E. Pan-Europe Vs. the Nationals ~ www.wsj.com

2012  The Wall Street JournalPhilips, M. and Cheng, J. Traders Tune Out Noise rom  www.wsj.com
Europe

2014  Thomson Reuters Laurent, L. Europe Stock-Trading WWw.reuters.com
Revenue Likely to Fallin 201
Repor

2008  Traders Magazine Chapman, P. Gunning for the Old Guard www.tradersmagazine.com

2011  Traders Magazine Ramage, J. No Changes to Dark Pools: www.tradersmagazine.com

Buyside

Referencelist for the media insights, alphabetical order by the publisher.



