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How do markets react to (un)expected fundamental value shocks? An
experimental analysis

Wael Bousselmi®, Patrick Sentis®, Marc Willingert®

ABSTRACT

We study experimentally the reaction of asset markets to 1 unc anuntal value (FV) shocks. The
pre-shock and post-shock FV are both constant, but after .. shock the FV is either higher or
lower than before. We compare treatments with expectad siiocks (the date and the magnitude
are known in advance, but not the direction) to treaiments with unexpected shocks (subjects
only know that a shock may occur but are unawai > of the date and the magnitude). We observe
mispricing in markets without shocks and in n.arkets with shocks. Shocks tend to reduce the
post-shock price deviation and to increase the difference of opinions (DO), whatever the type
of the shock (expected or unexpecte. and ' s direction (upwards or downwards). In contrast to
standard predictions, the large - DO ater a shock is not accompanied by an increase in

transaction volumes, but by ... *n depression of share turnover.
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How do markets react to (un)expected fundamental value shocks? An

experimental analysis

I. Introduction

Financial markets are inherently noisy and asset prices convey onlv »artia. ‘nformation to the
traders (Grossman, (1976), Grossman and Stiglitz, (1980)). One ot ." » fundamental reasons is

that financial markets are affected by exogenous shocks (Subi ‘hman' am and Titman, (2013))

which move prices away from their equilibrium path, lead ng *, v bbles and crashes.

The experimental literature on financial markets n.~ pirovided ample evidence about the
relevance of price bubbles in laboratory asset mark.‘<. The seminal findings of Smith et al.,
(1988) (SSW (1988) hereafter) have been repl. *.ted and extended by a growing literature
(e.g., King et al., (1993), Van Boening et al.. (193), Lei et al., (2001), Noussair et al., (2001),
Haruvy and Noussair, (2006), Caginalp et al., (2011), Noussair and Richter, (2012), Noussair

and Tucker, (2014), Noussair et al., (?014) nd Stockl et al., (2015))".

So far, most experiments r.*ed on a deterministic process of fundamental value (FV
thereafter). While such a ( as: umption is useful for identifying and isolating the characteristics
of speculative behavior 17. the lab, it may lead to particular behavioral insights that are valid
only for rather -...ealis.’c contexts. For instance, a deterministic FV may encourage
speculation by tro'ere who are over-confident in their ability to buy low and sell high.
Introducing .andom aess in the FV process may therefore temper experimental traders’
speculative e .pectations and, as a consequence, prevent the formation of price bubbles.

Compared to a situation where the FV is deterministic, and therefore perfectly anticipated,

1 For detailed reviews on experimental asset markets we refer to Palan, (2013) and Powell and Shestakova, (2016). In
addition, the review of Nuzzo and Morone, (2017) is of particular interest as it is focused on diffusion of information.
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when traders are exposed to a stochastic FV process, they face both strategic uncertainty and

background uncertainty, providing therefore a more important role for expectations.

The purpose of this paper is to study experimentally the formation of asse. price bubbles in
experimental markets where the FV can be affected by an exogenons si. >k, which is either
expected or non-expected by traders. More specifically, we compa. ~ narkets in which traders
are perfectly aware that a shock will occur, i.e. they know the perioa in which the shock will
occur and its magnitude but not its direction, to markets in v ...~h traders only know that a

shock may occur, but ignore the period, the magnitude ana (~e direction.

The empirical relevance of expected shocks is illus..~ted by political events such as the Brexit
referendum vote in UK in 2016. Similarly, the 1. - .nt history provides numerous examples of
unexpected exogenous shocks that affected 1.nancial markets, e.g. the subprime crisis and
more generally shocks that are provoked by events such as natural hazard, civil wars, popular
uprising, political scandals or ol-er rea;ons. Although most of these shocks have an
indisputable impact on the FV, “aeir maznitude and exact timing (when they are unexpected),
cannot be measured precis..” Furthermore, in real financial markets, several shocks of
different timings and me snit 1de, often arise in a given time period. In contrast, experiments

allow us to manipulat , the FVv process, and the timing and magnitude of the shocks.

In our framework = shrck consists in an upwards or a downwards shift of the FV path. We
consider bin. vy sym metric shocks, i.e. the upwards shift is of the same magnitude than the
downwara® s'.aie with uniform probability. We compare markets with shocks to markets

without shocks by considering mean-zero shocks, keeping thereby constant the expected FV



before the outcome of the shock applies. In markets without shocks we implement a constant

FV path as in Noussair et al., (2001).

Introducing a mean zero perturbation of the FV path is similar to ¢ tdir2 an wunfavorable
background risk, i.e. a risk with a null or negative mean, to a preexisting ,.~k. Such increase in
risk may affect negatively risk-taking for decreasingly risk-averse - ents as shown in Gollier
and Pratt (1996), a conjecture which is experimentally stvnportec Beaud and Willinger,
(2015). We therefore expect that the introduction of a b...vy symmetric shock in an
experimental asset market is likely to increase the deman.' for the risk-free asset before the
occurrence of the shock and therefore to mitigate the “rmi..on of a price bubble. On the other
hand, after the shock, as the risk is resolved we ea,=ct risk-averse traders to take more risk,

1.e. a higher demand for the risky asset.

We are also interested in how the volume ot uading is affected by such shocks. The answer
depends on how shocks affect the ¢ fferenc : of opinions (DO thereafter), i.e. the dispersion of
beliefs. We expect that before 7. e pected shock traders’ DO increases. In contrast, once the
shock is realized and uncer 'ty has vanished beliefs converge. Relying on the theoretical
and empirical literature .boi t the relation between the DO and trading volume, we expect
trading volume to respond poitively to the increase in the DO: high trading volume before

the realization of th~ sho'~ and low trading volume after it.

We impleme ‘ted a vithin-subject design for which each subject was involved in a market
without a "ho .« .ollowed by a market with a shock. Subjects were endowed with different

types of portfolios and their main task was to submit bids and asks for trading units of a



financial asset. We elicited individual price expectations at the opening of each market round

in order to measure the traders’ difference of opinions (DO) in each independent group.

Our main findings are the following. First, we observe overpricing wi’ 1 re ,pect to the FV in
markets without shocks as well as is in markets with (expected or .=<expected) shocks.
However, mispricing is attenuated following a shock. Second, a..~ a shock we observe an
increase in the DO, whatever the type of the shock (expected r unex rected) and whatever its
direction (upwards or downwards). Third, there is a shary drc_ 1 transaction volume after a

shock whatever its type and direction.

Our experiment is closely related to Weber and Wei>ns (2009) who studied the impact of new
information about the FV. Following the arriv.' Hf new information they observed a clear
pattern for trading volume in their data: the f ~quency of transactions drops sharply, whether
the new information increases or decreases the FV. A similar result was established by Nosic
and Weber (2009), but Marquarc et al. (2019) found that turnover increases after the
announcement of new informe .ton Additional evidence is therefore needed. Although our
experimental design involve, “trong methodological differences, several of our findings agree
with those of Weber an . W :lfens (2009) and Nosic and Weber (2009). Our experimental
design is based on t'e stanu.rd SSW setup but with a constant FV as in Noussair et al.,
(2001): 9 traders »~ ma." 2t, 3 types of initial portfolios of equal expected value, 3 traders
assigned to each ortfe 10 type, 15 trading rounds and all rounds paid. A shock consists in
moving upw. rds or lownwards the FV in round 8. In contrast, in Weber and Welfens, (2009)
and in Ncic ana Weber, (2009), groups have different sizes and are randomly reformed
during the 4 tfirst rounds (out of 10). There is only one portfolio type which is reset at the

beginning of each round, and a single round is randomly selected to be paid. A positive



(negative) shock consists in announcing in the middle of a round that the two low (high)
payout states are discarded. Despite all these differences several results are remarkably
similar: a sharp drop in turnover after a shock, an increase in the 'O, .~d a positive

correlation between DO and turnover.

The rest of the paper is organized as follows. In section 2 we revic v the main findings of the
experimental literature on asset markets with deterministic FV. ! ection 3 describes our
experimental design. In section 4 we discuss the theorr tica’ . -edictions of FV shocks on
prices, transactions and the DO. Section 5 presents our 1.~ults and Section 6 discusses our

findings.

II. Literature review

Most of the literature on experimental finan. ‘2l markets has focused on a single asset with a
deterministic FV, i.e. subjects kno v in alvance the time path of the FV. Moreover, until
recently this literature also as,um2d a monotonic (non-stochastic) FV process. Recent
exceptions are Noussair and Powel, (2010), Kirchler et al., (2012), Breaban and Noussair,
(2015) and Stockl et al., (Z2'5). A few papers also introduced a stochastic FV “random-walk
FV-processes” (Weber ana “’elfens, (2009), Nosic and Weber (2009), Kirchler, (2009), Nosic
et al., (2011), Kirch.c et al., (2011), Stockl et al., (2015)). There is therefore limited
knowledge with respec' to one of the key components of real financial markets, namely
stochasticity An in.»ortant reason is that in real asset markets, the FV process is not only
stochastic <.* ** i< also unobservable. Experimental asset markets provide therefore a valuable
source of kno . "ledge because the experimenter is able to observe the FV process and traders’

behavior and expectations when markets are affected by controlled FV shocks. While the



identification of the reactions of market prices and transaction volumes to such shocks is a
challenging issue with real market data, it becomes much more easy with experimental data.
We next briefly discuss some of the findings of experimental asset m ke~ that will be

relevant to our study, with respect to price bubbles (II.1) and trading vo’ 1me ; (I1.2).

I1.1 Price bubbles

Following SSW (1988), most of the later literature relied on a detei ninistic and monotonic
FV process. Many of these later papers (e.g., Noussair ¢. al (7001), Noussair and Richter,
(2012) Smith et al., (2000), Haruvy et al., (2013), Huber a. 1 Kirchler, (2012), Kirchler et al.,
(2012)%, Tkromov and Yavas, (2011), Giusti et al., (2212, .ud Straznicka and Weber, (2011))
established that price bubbles are frequently J“served and robust to various market
mechanisms, e.g. short-selling (Haruvy and Nou <.ir, (2006) and King et al., (1993)) lack of
common knowledge (Lei et al., (2001)), ava.'abiiity of non-speculative markets (Lei et al.,
(2001)) and constant FV process (Noussair t al., (2001)). However experimental papers
which implemented an increasing F 7 over ime (e.g., Giusti et al., (2012), Johnson and Joyce,
(2012) and Stockl et al., (2015, dir’ not find significant evidence for bubbles, confirming the
conjecture of Smith, (207 and Oechssler, (2010) that bubbles are less likely under
increasing FV patterns, wh ch correspond to the market experience of most individual

traders.

A few papers ex.mine . the case where the FV is non-monotonic (Noussair and Powell,
(2010), Breayan an . Noussair, (2015) and Kirchler, (2009)). Noussair and Powell, (2010)
investigatc 1 b yw the FV’s trajectory affects price discovery in an experimental asset market
and transaction prices behavior facing downwards and upwards variation of FV. In their Peak

treatment, the FV first rises and then falls, while in their Valley treatment the FV follows the

2 The authors show that adding a “gold mine” context to the standard declining FV process considerably abates bubbles.
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opposite pattern. They found that both Peak and Valley treatments generate bubbles when
traders are inexperienced. Breaban and Noussair, (2015) studied how the time path of the FV
trajectory affects the level of adherence to the FV, by comparing the levs. o1 mispricing for
decreasing and increasing FV trajectories. They observed closer adher :nce to FVs when the

trajectory follows a decreasing rather than an increasing trend.

In experiments where the FV fluctuates randomly (e.g. C llette t al., (1999), Kirchler,
(2009)), market prices tend to underreact to changes in FV le".uing to lower prices when the
FV is predominantly increasing and to higher prices "vhen the FV is predominantly
decreasing. In other words there seems to be a tempc.“ng «cct of random shocks on the price
deviation from the FV. Finally, Hussam et al., (200¢) observed that bubbles are rekindled after
an increase in liquidity or an increase of the var. v ce of the dividends, even with experienced

subjects.

I1.2 Trading volume

Fewer papers examined the im' act on f-ading volume (e.g., Gillette et al., (1999), Lei et al.,
(2001)) compared to those —ho studied mispricing and bubbles. In our experiment, we
concentrate on the impac’ ot hocks on turnover.

Our set up is closely “elated «. Weber and Welfens (2009)’s design. At the beginning of their
experiment it is co~mou. ! nowledge to subjects that each unit of stock can take one of four
different values, vith -qual probability. After 2 minutes of trading new information is
provided in ‘he fol owing way: with equal probability, either the two higher values are
discarded \nes auve FV shock) or the two lower values are discarded (positive FV shock), the
remaining values being equally likely. Following such a shock, Weber and Welfens, (2009)

observed that the frequency of transactions drops sharply, whether the FV increases or



decreases. They also observed a similar effect for order placements which are significantly

reduced after the shock.

The drop in transaction volume following the arrival of new information is -.ot v eIl understood, but
seems to be related to a change in the DO. In the periods preceding an expectew. ~hock the DO is larger
than in the absence of shocks, an in the periods following the shock t ‘lief. seein to converge which
tends to depress turnover. Note also that the negative impact of a F'/ shoc - on trading volume can be
compared to the impact of the unexpected introduction of a Tobi ‘ax 1. wu experimental asset market.
Hanke et al., (2010) and Kirchler et al., (2011) observe a sioniuicant .rop in trading volume in each
market where a Tobin tax is introduced. Furthermore, witk. ~ut surpr se, if only one market is taxed, the
drop in trading is amplified in the taxed market while trading ‘< intensified in the untaxed market (the

tax haven).

Our brief overview of the literature points ot the k ~owledge gap about the impact on mispricing and

trading volumes of FV shocks. Our experiment conuibutes to fill in this gap.

III. Experimental 7. ~sign

A total of 270 student ,ubj cts® from various disciplines of the University of Montpellier
(France) participated i tie experiment. They were recruited from a large subject-pool (with
over 5000 volur.cers) with ORSEE (Greiner, (2004))). They were inexperienced with
experimental acser ~~_.gets and could participate only in one session. The experiment was
programmed ith tk e z-Tree software (Fischbacher, (2007)). In each session, two independent

groups’ of i".e subjects were involved in two consecutive markets: market 1 and market 2.

3 Most of our subjects are graduate student from scientific, economic and business administration disciplines. Descriptive
statistics about our sample are available upon request. Haigh and List, (2005) showed that professional traders do not better
(and partly worse) than university students in an investment task that examined myopic loss aversion.

4 In one of the sessions we had only one group due to the absence of several subjects.
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Each market consisted of 15 periods, during which individuals could trade units of an asset. It
was common knowledge that the asset’s lifetime was equal to the 15 periods. The numeraire
in the experiment consisted of "Experimental Currency Units" (ecus), wk ch . -ere converted
into euros at the end of a session at a predetermined, publicly known, ¢ nv’ rsion rate (1 euro
= 337.5 ecus). Each session lasted approximately 3 hours, including insu. ~tions and payment

of subjects. Subjects earned on average 28 euros.

The experiment was broken into three treatments: T1 “Ex sect . *V shock”, T2 “Unexpected
FV shock” and TO “No-shock”. Market 1 is the same 1. all treatments and similar to the
market studied by Noussair et al., (2001) and Kirci.'»r e. ..., (2012) in which the FV of the
asset is constant over the entire life of the asset. 1. ‘reatment T1 and T2, we introduce a FV
shock in a way similar to Weber and Welfens, (2009), Bao et al., (2012)°, Corgnet et al.,
(2013) and Marquardt et al., (2019)). More p ~cisely, market 2 involved a shock in period 8
on the FV which becomes either larger or lower compared to the pre-shock value. In T1
subjects are informed that a rando: » shock will arise at the end of period 8. In treatment T2
the shock was the same as in T. br. suyjects ignored that a random shock would arise at the
end of period 8°. Treatms.* TO is our control treatment: subjects participate in two
consecutive identical m.rke:s with constant FV (two markets without shock). Table 1
summarizes our expe imentai Jesign and the parametric setting. The instructions provided to
subjects are availak'> in > sendix 2.

Our experimenta. setti.g is close to the following studies. Weber and Welfens, (2009)

consider a :'ngle '-ading period with an interruption in the middle to announce new

5 One of owm tca... ~*< involves unexpected shocks as in the learning-to-forecast experiment of Bao et al., (2012).

6 T2 is the clox < to the real stock market, where traders have often good or bad unexpected news about the value of their
stock. To prevent . "=ception we used a design characterized by an unexpected news, knowing that the news in our design are
related to the terminal value of stocks (buyout).

Two experimental market studies used a design characterized by an unexpected Tobin tax news (Kirchler et al., (2011) and
Hanke et al., (2010)). In both studies subjects do not get any information about the potential implementation of transaction
taxes before the main experiment starts and they are not informed whether and when the tax regime is changed again.
Furthermore, the tax rate is also placed on the trading screen once a tax has been introduced. By contrast in the following
studies (Bloomfield et al., (2009) and Cipriani and Guarino, (2008)) subjects know in advance that Tobin tax will be levied.

9



information about the possible states of the world. In their experimental design, the new
information “shifted” the FV upwards or downwards, and subjects had only 120 seconds for
trading before and after the shock. Corgnet et al., (2013) studied the ef’ecw. ~f ambiguous
public news. They consider an experimental market with three trar ing periods and four
minutes for each period. In their design, subjects know that they will hav_ news at the end of
each of the three periods. In the Marquardt et al., (2019) design, ~Jjects participate to two
markets with 12 two-minute periods each, where an expec ed shc :k (either good or bad
business conditions) is announced after the first two per ods ...1 the business activities are
neutral again in the two last periods (such in the first twe neriods). The particularity of our
design is that we rely on the SSW asset market with . con...at FV. Participants were involved
in 15 trading periods of 2 minutes each. The shock ~Iways happened in period 8. This allows
us to have a reasonable number of periods both  »“ore and after the shock to observe eventual
price bubbles and to detect changes in prices, vo.ames and expectations. Our design allows
for 8 periods of 120 seconds each before the shock and 7 periods of 120 seconds after the
shock. This design allows for more “eedbac < information (e.g. closing prices after each round)

and more rounds to allow for th . ev .ntu~l mispricing and adjustments in turnover.

Each session was divided it three parts: part one was a real effort task, part two consisted in

two consecutive expe  imentai .narkets and part three in a risk preference questionnaire.

IV.1 - Part one: 1 *al ef’ ort task

In part 1 sub =cts he 1 to perform a real effort task in order to accumulate private money. The
task consi. ‘ed v count the number of “1’s” in a grid containing a sequence of “0’s” and “1’s”.
The reason of part 1 was to avoid the house-money effect (De Bondt and Thaler, (1990),

Thaler and Johnson, (1990) and Ackert et al., (2006)) that is likely to favor speculative

10



behavior. In particular, in treatment T1 for which the shock was expected, speculative
behavior could have been over-amplified if subjects would have played with the
experimenter’s money. The money earned in part 1 was available to subjer ts 1. participating
in the second part of the experiment. Subjects received a flat rate for task completion.
Precisely, all subjects who had succeeded in achieving the task receivel 6,750 ecus (which
corresponds to 20 euros) to participate in the second part of the ~ .periment. Subjects who
failed in part 1 earned only the show-up fee and where aske 1 to leec /e the room’ before we

started part 2.

sk ke sk sk ske s sk sk sk sk sk ske sk sk sk sk sk sk ske sk sk sk sk steoske stk sk sk skeoskeoskeosieskeokeske skeosieskesl okeskenn T sk sk skeosie stk sk sk sk skeoske sk skeoske sk stk skokeske skosk skok

INSERT TAbIF 1

sk sk sk sk sk sk sk sk sk sk sk sk sk sk sk sk sk sk ske sk sk sk sk sk steoske stk sk sk skeoske sk skeoskeske s, sk sk sk skeoske skeosie sk sk sk sk stk sk sk sk sk sk sk skeoskeoske stk skokeskoskosk skok

IV.2 - Part two: Experimental markets

In this part, subjects participated ir. two co isecutive markets. Before market 1 began subjects
were randomly assigned to a gr sup of n'ne traders. The groups remained identical for the two
markets. In each group subj «*< were randomly assigned to one of three types: P1 trader, P2
trader or P3 trader. Eac'. gt up consisted of 3 traders of each type. Each trader type was
defined according tc the cowiposition of its portfolio. However the expected value of a
portfolio was equa' “0 6,5 ecus for all types (P1, P2 and P3). Table 1 describes the portfolio

composition of ea h tyr ..

Before sta.‘in, u.e first market, subjects were involved in a training phase for two minutes to
allow them to become comfortable with the interface. Gains and losses of the training phase

were not counted as accumulated wealth for cash payment.

7 This happened only once over all sessions.
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a) Market One
After the training phase, subjects participated in the fifteen market period- o1 .~arket 1. Each
trading period lasted 2 minutes, during which subjects could buy and/r ¢ se'. units of a single
stock. Prices were quoted in terms of experimental currency unite (ec. <), and gains were

converted into euros at the end of the session. The traded asset haa . “.fteen period lifetime.

At the end of each period, the asset paid a dividend of :the. 'S or 15 ecus, or incurred a
holding cost of either -15 or -45 ecus. A random draw dete..~ined at the end of each period the
dividend or the holding cost for that period, with un.“tm ,.obability (according to the roll of
a four-sided die). The expected value of the diviuond/holding cost equals therefore zero in
each period. Dividends and holding costs were »r cumulated in a separate account and were
added and subtracted from the final market gai.* (accumulated and distributed at the end of the
session). The separate account was introducea in order to keep constant the liquidity and the
number of stock over time. How -ver, sujjects were informed after each period about the

realized level of dividend/holdi’ g ¢ st o that period.

Each unit of the asset p7.d ¢ terminal value (buyout) of 300 ecus to its owner at the end of
market 1. Thus the F¥ for eacl1 unit of the asset is equal to 300 ecus at any period® of market
1. The dividend ~+oces. the number of periods and the terminal value were common

knowledge.

8 The FV of a unit of asset in period ¢ equals ft: BuyOUt+[ T_t) xE (dt) JgU0=1,2,...,T, where ft
correspond to the FV in period t , T the total number of periods, ¢ the current period and  E (d [) the expected value of
the dividend payment in period ¢ .Inour markets FE (d [) =0 forall t ,so f = Buyout forall t

12



At the beginning of each period, subjects were required to make a price forecast about the
current period contract prices. We asked them to provide a forecast in interval form, by setting
a lower bound and an upper bound in the beginning of each period. In ordr ¢ to ‘ncentivize the
forecasting task, we introduced a variant of Selten’s measure of pred ctiv. success (Selten,
(1991)). According to our predictive success rule the payoff of a forec st increases in the
number of correctly predicted transaction prices and decreases in “+: size of the forecasting

interval. The forecast profit of subject i=1,...9€ pericdt wes defined as follows:

m; ,=Max(G; ;0) ,where G,;, equals’:

8

a—a,| i

10%—5#;1)‘@—(130
ht at
h . i
10 —;ifa,—a’,<0

',

18
G, ,=¢

wherea’, is the size of the realized pr. «. i=*=al,ie. a’, ={ max,(P,)-min,(P)+1} |
a; is the size of the predicted int-.,." ie. a  &{upperbound—lower bound+1} for
subject 1 , hbt is the total numbe - of transactions in period t,h is the number of
transaction prices which fal' into *b. forecasted interval®. Note that we constrained the

forecast payoff in order to avoid iusses: the maximum possible forecast payoff was 10 ecus

and the minimum O ecus.

9 We used th follov..ng  forecast  profit formula only in the first two  sessions,

la—a"" h -

N . . 19
Gl. r=5 fi 25 - —;ifai—abt>0 and GMZS h[, s lfai_a [SO . For the remaining sessions we

h t w oy t
[ 6
h a—a, . i _ h . 6
used Gitzlbh——"_;&);lfai—at>0 and Gi,t_]‘oh(, sifa,—a’,<0
, a )
t t

10 A referee |, ~ir .ed out that our method for eliciting forecasts was complex and therefore could have generated confusion.
Even though it n."sht have generated some noise in the prediction data, there is no reason why it could have created more
noise in the test treatments (with shocks) than in the baseline treatment. Moreover, test treatments were always introduced in
sequence 2, therefore subjects became more accurate in the prediction task because they were once experienced and learned
to make better predictions. We provide support for this claim by comparing the relative prediction error, i.e. [median forecast
-FV|/FV, between sequence 1 and sequence 2. The relative prediction error is significantly lower in the first half of sequence
2 than in the first half of sequence 1 for all our treatments with one exception (sign-rank tests, 5% ).
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b) Market 2
There is only one difference between market 1 and market 2 (in treatme’ ¢s .'' and T2): the
presence of a FV shock in market 2 at the end of period 8. Let us d :scr oe precisely each

treatment.

T1: Expected fundamental value shock:

Two final buyout values are possible after the shock: 200 or 4%. ecus with equal probability.
Hence, the expected value of the buyout in the pre-shock . ~riods was equal to 300 ecus as in
market 1. All subjects knew that at the end of periou ? ou. of the two possible buyout values
would be randomly selected and publicly announce!' to all members of their group. The shock
could be upwards if the selected value was equ! to 400 ecus or downwards if the selected
value was equal to 200 ecus. After the shock, .he .inal buyout was displayed on the subject’s
screens and the FV was equal to the selected buyout.

T2: Unexpected fundamental valu * shock

In treatment T2, although subj’ cts wer~ aware that a FV change was possible, they had no
clue about the possible amp!'. *des of the changes nor about the period in which such a change
could occur. At the begir 1ing of market 2, they were simply told that the initial FV was equal
to 300 ecus as in me.ket 1 vut that possibly new information regarding the terminal value

could be provided *ring “ e market.

At the end o1 neriod 3, a warning message was displayed on their screens, in which they could
read that 1. © ".1a: buyout was no longer equal to 300 ecus but to 400 ecus in the upwards case
or to 200 ecus in the downwards case. In addition to the displayed message, the experimenter

announced aloud that a new redemption value was set.
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At the end of the session one of the two markets was randomly selected to be paid out.
Subjects were aware of this rule before starting market 1. The final gain/"oss  ecus for the

selected market was determined as follows:

Final gain=Final cashbalance +

( Final buyout x Inventory of asset)+Savings ¢ ~count »alance

Note that the savings account consisted of the accumu..*ed net dividends and forecasts
profits. The cash balance could evolve with success e uausactions, in particular by capital

gains (losses) due to differences between selling anu “uying prices of units of stock.

Subjects’ final earning was equal to their imai gain for the selected market plus their

participation fee.

IV3 - Part three: Risk aversic 1 ar d d mographic questionnaires

Subjects were asked a serie, ~f questions about their self-declared risk attitudes. Following
the questionnaire of Viei ter t al. (2015), we asked each participant about her willingness to
take risks in genera' and in specific contexts (driving, financial matters, health domain,
occupational risks sporw. and social risks). They had to indicate their answer on a scale
ranging from 0 to *0: (0 fextremely risk averse and 10 if fully prepared to take risks. In a final

short questio. naire v 'e collected data about subjects’ individual characteristics.

The next section exposes the theoretical predictions of FV shock effects.

15



IV. Predictions

In this section we state our key predictions about the impact of a FV shoc). Our statements
rely both on theoretical arguments as well as on empirical regularities repo.ted by the
financial literature. We break the predictions into two categories: predicu. ' s about changes in

asset prices and predictions about changes in trading volumes.

IV.1 Impacts of shocks on asset prices

According to the Efficient Market Hypothesis (EMH) cor. » atio 1 among investors clears all
positive net present value trading opportunities (Fama, (19,)), implying that securities are
fairly priced, based on their FV and the information tn.* is available to investors. Therefore,
following an exogenous shock, stock prices <hould onvergence quickly to their new FV.
There are many cases against EMH (see Rc “ert ~. Haugen, (1999)). Market can overreact to
news (De Bondt and Thaler, (1985)) an. <. = ‘ons from the FV can be persistent creating

momentum and favorable conditions ©

~r the appearance of bubbles (Jegadeesh and Titman,
(1993)). Barberis et al., (1998) ana Manel et al., (1998) identified many cognitive biases
favorable to such outcomes: con. > vati .m, herding, overconfidence, the confirmation bias and
the disposition effect. Buoble, driven by such cognitive biases are sometimes called

“behavioral bubbles” (I *Gr-.awe and Grimaldi (2004)). How such bubbles are affected by FV

shocks is unknown.

In our experir.cat we consider a single asset that is exposed to a mean-zero FV shock. Some
traders may L ~or ¢ more risk-averse if they anticipate such shocks. They may react by
reducing thy’. exposure to such risk by selling shares of the risky stock. Gollier and Pratt,

(1996) and Huang and Stapleton, (2017) identified the conditions under which an expected
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utility maximizer, exposed to an independent unfavorable'’ background risk, becomes more
risk-averse. This property, called risk-vulnerability, implies that agents treat independent risks
as substitutes. Therefore, if a mean-zero (or unfavorable) shock is introdr ceu, such an agent
adjusts downwards his level of risk-taking. Symmetrically, if the risk re wres’ nted by the shock
is removed he adjusts upwards his level of risk-taking. In short, a rick-v. 'nerable agents is a

net seller before the shock and a net buyer after the shock.

In contrast to the risk-vulnerability conjecture that is based r.. “xpected utility theory, non-
expected utility agents may treat independent risks as ~omplements (Quiggin, (2003)),
suggesting exactly the opposite prediction: the prescnce . a mean-zero shock increases the
demand for the risky asset before the shock and rea. ~es it after the shock.

Prediction 1: In markets with anticipated shocks 2 erpricing is attenuated (amplified) before
the shock and amplified (attenuated) after the shock if traders are risk-vulnerable (non-

vulnerable).

Prediction 1 applies only to exy :cte 1 shocks. We conjecture therefore that the traders who are
unware about the occurrenc. ~f a shock in the future will behave as the traders in markets
without shocks. Therefe e t >fore the shock arises, similar mispricing will be observed in
markets with unexpe .ted shocks than in markets without shocks. However, following an
unexpected shock *he c. *.nt of mispricing will depend on traders’ beliefs revision and its

impact on trading ‘olur e. We discuss this issue in the next sub-section.

IV.2 Impa-ts s >hocks on the difference of opinion (DO) and the trading volume
Before discussing how shocks affect the DO and the trading volume, we provide an overview

of the financial literature about the relation between the DO and trading volume. The

11 Arisk is unfavorable if its expected value is negative or null.
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standard view of the EMH is best expressed in the no trade theorem. Some authors (e.g.,
Milgrom and Stokey (1982)) argue that if agents have rational expectations no trade should
occur even in the wake of new private information. This view was ch7.len_~d by several
important contributions, e.g. Harrison and Kreps, (1987), Tirole, (19¢2) 2ad Varian, (1989)
among others. Their key argument is that if traders have different p. ~rs they will have
different expectations about market prices even if all information. ‘< common knowledge. In
other words, heterogeneity of beliefs generates trade (Variar (198%), M. Harris and Raviv,

(1993), Kandel et al., (1995), Cao and Ou-Yang, (2009) ar 4 B-..c sjee, (2011)).

Most of the theoretical work that focused on the re.. tion __cween the dispersion of opinions
and the volume of trade identified a positive ‘nteraction: increasing the variance of
expectations increases the volume of trades. Su-t a prediction is derived from a variety of
assumptions. Following the arrival of now public information, such as earnings
announcements, traders’ can have disagreemen.s (Copeland, (1976), Kandel et al., (1995) and
Banerjee and Kremer, (2010), het rogeno 1s reactions (Karpoff, (1986)), different opinions
(Varian, (1985) and M. Harris - ad "aviv, (1993)), heterogenous priors (Kim and Verrecchia,
(1991)), information asymr .‘ries (Kim and Verrecchia, (1994)), differential interpretations
(Kim and Verrecchia, (1¢,7) or a combination of some or all of these (Banerjee, (2011)). The
common idea is tha' public information is processed differently by different traders (or
analysts), thereby ~=2atn,_ ‘aformation asymmetries and diversity of opinion leading to higher
trading. In Kim «~d Vr.recchia, (1991)’s model, investors have private signals of different
precisions bc fore th: public announcement. Investors with a more precise signal put more
weight on the. private information and less on the public information, generating ex post
heterogeneity. In Milton Harris and Raviv, (1993) traders have common priors and observe

the same public information, but have different interpretations of it.
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Empirical support of a positive relation between the difference of opinion and trading
volume'? was provided by the accounting research community (see Bambe et .' (2011) for a
review): Comiskey et al., (1987), Ziebart, (1990), Ajinkya et al., (19" 1), ferpstra and Fan,
(1993), Bildersee and Ronen, (1996), Bamber et al., (1997), Roulstone, 2103) and Antweiler
and Frank, (2004)). The standard empirical measure of forecas. 1‘;persion is the standard
deviation of analysts’ forecasts normalized by the absolute -alue o the average forecast".
Trading volume is usually measured as the percentage of .har-. .-aded relative to the number
of shares outstanding. We rely on similar measures in o.* experiment. To our knowledge,
Gillette et al., (1999) and Nosic and Weber (206" aic .ae only experimental paper that
addressed the relation between dispersion of expec. tions and trading volume. While Gillette
et al., (1999) found a negative relation between t'.e dispersion of traders’ price expectations
and trading volume, in contradiction to the “eo.etical literature, Nosic and Weber (2009)
observed a positive relation. Interestingly, Nosic and Weber (2009) investigated two
competing hypotheses about hig’ r tracing volumes: differences in risk attitudes and
differences of opinion. They ‘ind chat only differences of opinions are significantly and
positively related to trading . ~lume. Given the mixed evidence there is a need for additional
data about this relation.

We summarize the prr vio'is ai.cussion as prediction 2.

Prediction 2: The »~lumc -, transactions increases in traders’ difference of opinions.

We can now discu s ho v trading volume and the difference of opinions might be affected by

shocks. Two *xperir ental studies have provided evidence that shocks have a negative impact

12 Recently S var os et al., (2017) found a similar pattern for the divergence of investors’ sentiments, i.e. trading volume is
increasing in inve tors’ divergence of sentiments.

13 Note that several authors interpret high trading volume as an indicator of the difference of opinions, e.g. Kandel et al.,
(1995).
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on trading volume. Nosic and Weber (2009) observed a larger number of transactions before
subjects received a signal, than after receiving it. Similarly, Weber and Welfens, (2009) found
substantially lower levels of trading following a FV shock. Hanke et al., (20:>" and Kirchler
et al., (2011) also observed that trading volume drops after the introc icti-n of a “surprise”
Tobin tax'®. Introducing suddenly such a tax is similar to an unexpecteu “egative FV shock.
Supporting evidence about the negative impact of tax shocks .~ trading volume is also
provided by simulation results (Mannaro et al., (2008)). B.sed on this evidence we state

prediction 3 as follows:

Prediction 3: Trading volumes drop after the realization of « “hock.

Finally we expect that the presence of an expectea .hock increases the dispersion of beliefs
before its realization and leads to convergence «* beliefs after it, because once the shock is

realized, information asymmetry is reduc=d.

Prediction 4: The presence of an experted shock increases the difference of opinion before the
shock occurs, and reduces it afterwas <.

Prediction 4 does not apply to u. ~¥pect.d shocks. We conjecture however, that if traders are
unware about the shock, the DU ~hould not be affected, neither before, nor after the

realization of the shock.

V. Results

The results srction is organized as follows. In subsection 1, we provide an overview of the
price patterns in markets with and without shocks. We investigate the effects of shocks on

bubbles in subsection 2 and on transaction volumes in subsection 3. In subsection 4 we

14 In both experiments, the introduction of the Tobin tax was unexpected by the participants.
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discuss our main hypothesis about the positive relation between the difference of opinions and

turnover. For all tests, we set a 5% threshold level for rejecting the null hypothesis.

V.1 Descriptive results

In this subsection we provide an overview of the data. Figure 1 shows e time series of the
median transaction price by treatment and direction of the shock in firs. v d second markets."” It can
be seen that on average median prices are substantially arove tt 2 FV in most periods.
Mispricing is visible in our experimental markets with and . ithout shocks whatever the
direction (upwards or downwards) and the type (expected v unexpected) of the shock.

We summarize these observations as result 1.
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Result 1. Mispricing arises in ¢ [ m .rke*s, with and without shocks.

With respect to market 1, = .ult 1 is in line with the findings of Noussair et al., (2001) that “4
constant FV is not ~uff cier ¢ to remove the tendency for bubbles and crashes to form in
experimental ma kets”. However, when subjects replicate the market without shock, bubbles
are clearly at’cnuat~d in market 2 (see figure 1, TO). The attenuation effect is probably due to
subjects’ experi....e as observed in previous studies (Peterson, (1993), Van Boening et al.,

(1993) and  ufwenberg et al., (2005)). By contrast, when market 2 is affected by a shock,

15 We opted for the median rather than the closing price or the mean price in order to avoid the problem of single outliers.
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over-pricing remains persistent whatever the direction and the type of the shock. The presence

of shocks seems therefore to fuel over-pricing and the formation of bubbles.

Visual inspection of figure 1 provides further insights about the effects - 7~ shock on prices.
On average the median price remains above the FV before and aftc. the shock in all
treatments. There seems to be a different price reaction for upwa- ds ¢ ~.'! downwards shocks.
While the latter seem to trigger under-reaction'®, no specifi. vias appears in the case of

upwards shocks.

V.2 Mispricing

In this subsection we provide evidence about - ..-»+icing, based on standard bubble measures
of the traditional experimental literature anc. .= n.>re recent measures proposed by Stockl et
al., (2010). The various measures and the.. 1€ tions are summarized in table A of appendix
1).

Market 1 serves as a benchmark with 1.7 ect to which we assess the impact of the shocks on
prices and volumes. We first _hec.” w'iether the benchmark behavior of markets is the same
across treatments. Table B of app. :dix 1 reports bubble measures for each session of market
1. Although there is somc ~.riance across treatments, for none of the bubble measures there is

a significant differer. *= 7 cros , treatments for market 1. This is stated as result 2.

Result 2. The e 1s v significant difference in asset mispricing and trading volumes across Ist

markets.

Support for result 2: (rank-sum tests, see table B appendix)

16 In Bousselmi et al., (2018) we document that prices underreact only after a negative shock, but not after a positive shock.
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As expected bubble measures do not differ across treatments for 1st market. In particular, no
difference is detected in 1st market between treatments for which shocks are expected and
unexpected. We can therefore assume that in all treatments subjects gai .ea ~‘milar market
experience at the end of 1st market and that the remaining differences ¢ yser sed in 2nd market
are only due to treatment effects.

Let us turn now to markets with shocks. Table C of appendix 1 ai.>'.1ys the bubble measures
for 2nd market broken down by sequence: “before” and “aftc - the : hock. First, note that in
the “No-shock” treatment (TO), the bubble measures d, nc. iffer between the first half
(periods 2-8) and the second half of the 2nd market (perio..~ 9-15). In treatments with shocks,
several patterns emerge'”: after a shock price amy'tuac (PA) and volatility (Vol) tend to
increase, independently of the type and the directio.. of the shock. Considering the type of the
shock, we also observe a fall in transaction -c.ume (ST) just after the shock which is
significant in the case of expected shocks. W~ ais0 observe a depression in the transaction
volume independently of the direction of the si.ock. The decrease is however significant only
in the case of an upwards shock. S -n-ran} test results for these observations are provided in
table D (appendix 1). We sv am'rize our observations about the impact of shocks on

mispricing as result 3.

Result 3. After a shoc ., price Jeviation tends to decrease.

Support for result *-

We provide ‘dditior al support for the impact of shocks on mispricing by focusing on the
determina. ts s price deviation (PD thereafter), based on panel regressions (table 2). In

contrast to other bubble measures (e.g. PA, ND, D and others'®), the PD measure is available

17 Support is provided in appendix (Table D), based on Wilcoxon signed-rank tests.
18 PA: Price amplitude, ND: Normalized absolute FV deviation and D: Duration. (See Appendix 1)
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for each period. The estimates reported in table 2 show that after a shock (dummy Post), the
price deviation tends to decrease. The decrease is however significant only if we control for
the Type of the shock (equal to 1 if the shock is unexpected) and for the “ate..~tion variable
Post x Type. The direction of the shock (upwards or downwards) anc the cype of the shock
(Expected or Unexpected) have no significant impact on price deviation.

Result 3 seems to reject the risk-vulnerability hypothesis (predicu. >+ 1), according to which,
when the shock is anticipated, over-pricing is attenuated befo ¢ the s ock and amplified after

it.
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V3 transaction volumes

In accordance with prediction 3, v = obse ve a sharp drop in trading volume after a shock.
Neither the direction nor the ty’ e o sheck does affect the magnitude of the depression of the
volume of trades. The reduc’.. n in share turnover between positive and negative shocks is not
significantly different (V/M V, p-value = 0.165). Similarly, we find that the reduction in
transaction volume 7.ter the shock does not depend on the type of shock, expected or
unexpected (WMW p-va'— = 0.165)". Further support is provided by the regressions of table

3: the variable Po. “ (= 1 after the shock) has a negative impact on share turnover.

Result 4: Sho -rs> depress equally the volume of transactions, whatever the direction of the

shock (upwaras or downwards) and the type of shock (expected or unexpected).

19 These tests are based on diff turnover = average share turnover before the shock (period 2-8) — average share turnover
after the shock (period 9-15).
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Figure 2 supports this result, and shows clearly that share turnover decreases after a shock,

whatever the direction and the type of shock.
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Support for result 4:

In accordance with the results of the non-parameti. ~ tests, the regressions reported in table 3
confirm that the variable Post has a significv.t negative impact on share turnover in
regressions (1) — (3). Furthermore, the interac. on variable Post x Dir is not significant. Post
x Type has an insignificant attenuation effect o.« the shock, meaning that the negative effect of
the shock on turnover is attenuatec when he shock is unexpected. Note that one of the key
variables that affects share turrove  is the difference of opinions (DO) which is captured by
the variable SF, a normalizer. ~easure of the dispersion of forecasts. The next sub-section will
be dedicated to the analv .is « f this variable and its relation to share turnover. Note that result
4 supports prediction 3 according to which “trading volumes drop after the realization of a

shock™.

V.4 Share turno er and difference of opinions
We now «’sctss vur key observation: the sharp drop in trading volume after a shock and its
relation to the difference of opinions (DO). We focus on a possible change in the DO after a

shock. According to prediction 2, transaction volume and the DO are positively correlated: an
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increase (decrease) in the difference of opinion leads to more (less) intensive trade, a
conjecture supported by the literature (Copeland, (1976), Varian, (1985), Karpoff, (1986),
Kim and Verecchia (1991, 1994, 1997), M. Harris and Raviv, (1993), K .nac’ et al., (1995)
and Banerjee and Kremer, (2010)). Since after a shock we observe a dre 5 in share turnover we
also expected to see a reduction in the DO. However as shown below ou. *ata exhibits a clear

increase in the DO, (see also Figure 3).
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We consider the following possible measures fo. t'ie DO: (i) the difference between the most
optimistic and the most pessimistic forecast in =ach trading period, i.e. maxf,—minf, | the
normalized dispersion of forecasts (ii) SkF,=0 f[/ MF, |, where 0 is the standard

deviation of the subjects’ forecasts m peric it and MF, is the mean of the median forecasts

in period t, and (iii) the relati, ~ absolute forecast deviation, RAFD= ﬁ

where f! is the me dian to. >cast of subject i inperiod t and FV the mean FV®,
(see Akiyama et al., (7J14), Akiyama et al., (2017) and Hanaki et al., (2018)).

SF,Athemaxf,- min’  indicator are almost perfectly correlated (Spearman rank > 0.90, p
= 0.000) in a1’ verio is. Therefore, we shall rely exclusively on SF, (noted SF hereafter and

in the table ") in the remainder of the paper and test for robustness with the RAFD measure.

Note that SF is also one of the most widely used measure for the DO in empirical research

20 FV =300 without shock, FV = (1/15x((300%8)+(400*7))) for an upwards shock and FV = (1/15%((300x8)+(200x7))) for
a downwards shock.
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(Comiskey et al., (1987), Ziebart, (1990), Ajinkya et al., (1991), Terpstra and Fan, (1993),

Bildersee and Ronen, (1996), Bamber et al., (1997) and Roulstone, (2003)).

Prediction 2 (the volume of transactions increases with the DO), is teste { or the basis of panel
regressions (table 3) with dependent variable share turnover. Ip”~nenc nt variables are
Post (equal to 1 if t > 8), Type (equal to 1 if the shock is .~expected), and Dir

(equal to 1 if the direction of the shock is downwards). We also t.ke into account all the
possible interactions among these variables. SF' has a ‘e .ufic nt and positive impact on
turnover as predicted. The effect of SF' is however tempered . y the negative impact following
a shock (Post) which is amplified by the type of shoc.. (SF' x Type) and further accentuated
when the direction of the shock is downwards (Post » “F x Dir). The post-shock effect seems
to reflect a negative trend in turnover: as = fin 1 period gets closer fewer transactions are

realized. We summarize these findings as - c-1t ©

Result 5: An increase in the differenc. -f ¢ yinion increases turnover.

Support for result 5: (see ta'.le -

Does the combination  f re,ult 4 (shocks depress share turnover) and result 5 (larger DO
increases share turns ver' imnly that shocks also affect negatively the DO? We answer this
question by ident’.ying the variables that affect the DO. Table 4 reports panel regressions with
dependent vari-ble 7, which clearly show that shocks affect positively the dispersion of
forecasts. The ~ffec” is mainly due to downwards shocks as shown by regressions (3) and (5):
when the i1.* caction variable Post x Dir is included in the list of regressors, the variable

Post is no longer significant. Note also that when the shock is unexpected there is a negative
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impact on SF in all periods. In other words, when the shock is expected there is an additional

positive influence on SF, that is probably due to the uncertainty about its direction.
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Result 6: Following a shock the difference of opinion ir crer <. whatever the type and the

direction of the shock.

Result 6 clearly rejects prediction 4 that after a si.~ck we should observe a convergence of

opinions, and a larger DO before than after the s, ~ k.

V.5 Robustness check

In this section we address tv . notential concerns with our data analysis. First, does the impact
of the shock on share tur .ov r depend on the type of measure of the DO? Second, is there an

endogeneity issue wit', share w.rnover and the DO?

We test for the ro ustne ss of the impact of shocks on the DO by substituting RFAD to SF as
dependent v riable the results are reported in appendix 1, table E). After the shock RFAD
increases ‘igrucantly as for SF. Similar to SF, we also find that when the shock is
unexpected there is a negative effect. However, the interaction variable Post X Dir  is not

significant, but its inclusion in the regression does not alter the significance of the variable
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Post. Therefore, we conclude that our findings a robust with respect to a substitution of the

measure of the DO.

The fact that shocks affect the DO (result 6) suggests that the dispersi m ¢ forecasts (SF) is
an endogenous variable. This may be problematic for result 5 which w. - established on the
basis of the assumption that SF is an exogenous variable. 1¢ <ontrol for the potential
endogeneity of share turnover and the DO we rely on instrume¢ ntal va iables using a two-stage
least squares (2SLS) approach. The binary variable 7ype i unr ... =lated with turnover, and we
therefore chose it as an instrumental variable (IV). Our res "Its (see appendix 1 table F) show
that the 2SLS estimates are very close to the OLS esimaiw... [n addition we compare the OLS
and the 2SLS model coefficients using the Durv.~-Wu-Hausman test (p-value = 0.5330),
which allows us to claim that the difference 01 ~pinion can be considered as an exogenous

regressor.

VI. Discussion and cor.cluui«g remarks

The main question investiga’ed in u.'s paper is whether FV shocks affect bubbles and asset
mispricing, trading volun-_ "nd the difference of opinions in experimental asset markets. We
found strong evidence that ."ocks affect negatively the volume of transactions, positively the
difference of opinions . 1d t1at they tend to mitigate mispricing. However, there is no general

impact of shocks »n bub )le measures.

Mispricir. - ... ~=ars in almost all markets, with and without FV shocks. More precisely prices
remain above ‘he FV even after the shock, independently of the type of shock (expected or
unexpected) and the direction of the shock (upwards and downwards). Overall shocks do not

seem to have a clear effect on most of the bubble measures. We tentatively conclude that
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shocks do not affect the formation of bubbles, despite a tempering effect on price deviation.
We thereby provide additional support to the hypothesis that the formation of bubbles is a
quite general phenomenon in experimental asset markets, whether the Fv 1. decreasing or
constant, whether alternative activities are available or not, and whethe sh cks affect the FV
or not. It seems therefore that the bubble phenomenon is rather drivew. by the institutional
design of the stock market. For instance, Haruvy and Noussair, (7 J06) showed that short-

selling reduces sharply the prices leading to frequent trades be ow the FV.

Concerning trading volume, we found that shocks depress ~tually the volume of transactions
whatever the direction of the shock (upwards or avvnw..us) and whatever the type of the
shock (expected or unexpected). We also founu <trong evidence that after a shock the
difference of opinions increases. Taken togethe. f'iese two facts seem to contradict both the
theoretical predictions and previous expern.em.al findings about a positive correlation
between trading volume and the DO. Howcver, our data remains compatible with the

hypothesis that traders’ DO affects 'ositive y trading volume.

Some of our results agree . th earlier findings in the literature. Result 5 agrees with the
findings of Weber and W clfc 1s, (2009) and Nosic and Weber, (2009) who reported a drop in
turnover after new in’ormatio.. about the FV became available. The nature of the shock that
we consider in our ~xpe. ' ient is similar to the provision of new information about the FV.
Results 5 and 6 a1. also .n line with earlier findings by Nosic and Weber (2009) who observed
a positive re'ation etween the difference of opinion and turnover, as well as a positive
relation be ‘we i he variation of the difference of opinion and the variation of turnover before

and after a shock.
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An alternative explanation for the drop in turnover after a shock is the heterogeneity in risk
attitudes among the population of traders. Unfortunately, our data does not allow to test this
hypothesis, because we elicited subjects’ risk aversion only once (at the :nu ~f the market)
and therefore we are unable to measure how the distribution of risk-a- ersi ,n was eventually
affected by the shock. Note however, that Nosic and Weber, (2009) 10 nd that transaction
volume is not affected by the disparity in risk-aversion, but «~'y by the DO. It could

nevertheless be interesting to investigate changes in risk-attitu 'es in t. ture work.
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Figure 1: Time series of median prices

Figure 1 plots the time series of the mean of median transaction price by treatment and direction of the shock
in first and second markets. The horizontal axis shows the period and the vertical axis ir dicates the median
transaction price. The dashed dotted line indicates the mean of median price in first mark’ . ~nd the bold dotted
line indicates the mean of median price in second market. The FV is equal to 300 ecus in marke.. *vithout shock
and in the 8 first periods of markets with shock. In periods 9 -15 of markets with shoc!, tn FV is either equal to

200 (downwards shock) or 400 (upwards shock).
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Figure 2: Time series of share turnover

Figure 2 shows the mean share turnover by treatment and direction of the shock in first and second markets.
The horizontal axis shows the period and the vertical axis indicates the mean of share t1 .nover. The dashed
dotted line indicates the mean share turnover in first market and the bold dotted line ind ¢ *es the mean share
turnovers in second market.
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Figure 3: Time series of the difference of opinions (DO)

Figure 3 represents the mean DO by treatment and direction of the shock in first and second markets. The DO is
measured by the normalized standard deviation of traders’ forecasts: SF; = aft/MFt, ~here %, and MF;
represent the standard deviation of the traders’ forecasts at period t and the mean of mec a.. “arecasts at period
t, respectively. The horizontal axis shows the period and the vertical axis indicates the SF. The das.. >d dotted line
indicates the mean SF in first market and the bold dotted line indicates the mean SF in s :cond markets. Note
that we eliminated outliers by adding the condition: or < 190.
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Tables

Table 1: Experimental design
Portfolio type: Dividend distrihutic. \
Mar | Type | Direc- endowments (ecus, (ecus), probabili. < FVfrom | FV from
A S Groups . period 1 period 9
kets tion shares)/ portfolio expected v .u. and o 8¢ t0 15°
value (ecus)® vari «nce”
» All groups: G1, G2,
= G3, G5, G6, G7, G8,
= G17, G18, G19, G20, _
S G21, G22, G23, G24, FV = 300
G25, G26, G27
S %
? 2 G17, G18, G19 FV =300
o w
|_
| (-45, -15, 15, 45)
P1: (5850,3)/ 6,750 | \_ (114 14 10
- 2 G1, G3, G5, P2: (4950, 6) / £ 77 | r )= (1/4, 1/_4, 1/4, 1/4) FV = 300
~ 2 G7 P3: (4050, 9) / 6,70° E(D)=0
= |:| b ) ' e g?(D)= 1125
< % c |
g wi 3 | 62,66 G8
o FV = 200
G20, G21 or
3 =y ' : FV =400
gl - G24,G25
8
=
@ s G22, G23,
2 8 G26, G27

Note: Each market had 15 transactic s pr.iods of two minutes. Each subject participated in two consecutive
markets: 1st market without shock frllo.. d by 2nd market (with shock in T1 and T2 and without shock in TO).

2 T0: 1st market and 2nd are with ut shock, T'l: 1st market is without shock and 2nd market with an expected
shock, T2: 1st market is without < .10cw ~nd 2nd market with an unexpected shock.

b Direction is upward or downw~ (T1 and T2).

¢9 traders per group. The gro .ps r mained identical for the two markets. In each group subjects were randomly
assigned to one of three portfu.”* ypes: P1, P2 or P3. Each group consisted of 3 traders of each type. The expected
value of a portfolio is equs to 6,7oC cus for all types.

dEach dividend outcome ucct’ s with probability 1/4 in each period.

&fThe expected buyout va.. - for .narket 1 is constant and equal to 300 ecus. For market 2, the expected buyout
value in the pre-shoc' periods (_-8) was equal to 300 ecus. In the post-shock periods (9-15) the expected buyout
value was equal to 3 10 ecus * TO, to 400 ecus in the upward case and to 200 ecus in the downward case.



Table 2: Variables affecting price deviation (median price — FV)

Table 2 summarizes the results of seven panel regressions (fixed effects) for 2nd market, where Price deviation =
(median price — FV) is the dependent variable. Independent variables are the binary variables TO (equal to 1 if the
treatment is TO), Post (equal to 1 for periods 9-15 and to O for periods 1-8), Type (equ . *n 1 if the shock is
unexpected and to 0 otherwise), Dir (equal to 1 if the shock is downwards and to 0 otherw.se). Se . ~ral interaction
variables are included: Post X TO0 captures the post-shock effect whatever the directio’. v *he type of the shock,
Post x Dir captures the post-shock effect of the downward shock, Post x Type ce ture the post-shock effect
of the unexpected shock and Dir x Type captures the additional effect of a downward s ~ck that is unexpected.
Post x Dir x Type captures the post-shock effect of a downward unexpected shock (..™*er kriowing the direction

of the shock).
Dependent variable = Price Deviation
(1) (2) (3) (4) (5) (6) (7)
Post -1.767 -1.896 -1.767 2415 -1.767 -4.023*  -4.924*
(0.154) (0.164) (0.154)  (0.195)  (0.154) W M2 (0.062)
70 -6.954 -7.315 -13.407  -13.407 -1.7¢° -1. 09 -2.986
(0.565) (0.548) (0.301)  (0.301) (0.794) I7.894)  (0.829)
Post x TO 0.774
(0.817)
Dir 12.098  11.57" 24.135*
(0.213)  (0.238) (0.084)
Post X Dir 1..55 2.103
(0.64 (0.601)
Type -11.239  -12.962  -4.094
(0.251) (0.189)  (0.752)
Post x Type 3.691 5.019
(0.146)  (0.178)
Dir x Type -21.269
(0.264)
Post x Dir X Type -2.773
(0.594)
_cons 12.078** .. 138**  6.432 6.734 18.072%*  19.125%** 8781
(0.015)  (r015) (0.335)  (0.315)  (0.012) (0.008)  (0.337)
N 270 70 270 270 270 270 270
chi2 2.36" 2.407 3.920 4.131 3.685 5.806 9.569
r2_o 0.0 8 0,18 0.088 0.089 0.079 0.081 0.223

*p<0.10. * p < 0.05. ** p < 2 0]

N: number of observati s, chi?: Pcarson’s 2, r2_o: overall R-squared.




Table 3: Variables affecting share turnover

Table 3 summarizes the results of four panel regressions (fixed effects) for 2nd market, where Share turnover is
the dependent variable. Independent variables are, SF corresponding to SF; = af, / MF, where o, and MF,

represent the standard deviation of the traders’ forecasts at period t and the mean medi-n .~vecast at period t,
respectively. Independent variables are the dummies Post (equal to 1 for periods 9-15 and to 0 1. periods 1-8),
Type (equal to 1 if the shock is unexpected), Dir (equal to 1 if the shock is downv ara: . Several interaction
variables between these variables are included. Post X SF represents the interactior. “etv een the two variables
Post and SF. Type x SF represents the interaction between the two variables Type ~nd »5.” Dir X SF represents
the interaction between the two variables Dir and SF. Post X Type captures the , ~st-shock effect of the
unexpected shock. Dir X Type captures the additional effect of the dov .awa ' and unexpected shock.
Post x SF x Type represents the interaction between the three variables Post, F - ad Type, which captures the
post-shock effect of the downward and unexpected shock (after knowing . ~ direction of the shock).
Post x SF X Dir represents the interaction between the three variables P st, SF and Dir. Post X Type X Dir
represents the interaction between the three variables Post, Type and Dir. Post X ;F X Type X Dir represents
the interaction between the three variables Post, SF, Type and Dir.

Dependent variable = Share turnover

(1) 2) 3) i~
Post -0.067** -0.123%** -0.071** 0.038
(0.019) (0.003) (0.05., .0.514)
SF 0.504*** 0.281 0.4, 7** 0.821***
(0.004) (0.174) (0 N5NY (0.010)
Type -0.091 0.106
(0.114) (0.366)
Dir RNV 0.025
(0.415) (0.846)
Post X SF -0.012 0.102 -..007 -0.091
(0.947) (0.586) \0.970) (0.712)
Type X SF 0.330 -1.471%**
(0.289) (0.005)
Dir x SF 0.118 1.110**
(0.708) (0.033)
Post X Type 0.071* -0.081
(L2 (0.277)
Dir x Type -0.138
(0.372)
Post x Dir 0.003 -0.025
(0.940) (0.773)
Post x SF X Type 0.885
(0.223)
Post x SF x Dir -1.879%**
(0.001)
Post x Type X Dir 0.120
(0.330)
Post x SF X Type X " _, 1.325
(0.112)
_cons 0.272*** 0.333*** 0.296*** 0.229**
(0.000) (0.000) (0.000) (0.016)
N 214 214 214 214
chi2 18.538 25.329 19.203 53.165
r2_o 0.110 0.139 0.133 0.168

*p<0.10. * 1<y .uo. ***p<0.01
N: number of o " .rvations, chi2: Pearson’s y2, r2_o: overall R-squared.
Note : For all regre sions we eliminated outliers by adding the condition : oy< 190.



Table 4: Variables affecting the difference of opinions (SF)

Table 4 summarizes the results of five panel regressions (fixed effects) for 2nd market, where the dependent
variable is SF. SF equals to SF; = 9, / MF,, where o, and MF; represent the standard de .ation of the traders’

forecasts at period t and the mean of median forecasts at period t, respectively. Indepe’ ae. * variables are the
dummies Post equals to 1 for periods 9-15 and to 0 for periods 1-8, Type equals to 1 if unexpecteu -hock and to 0
otherwise and Dir equals to 1 if downward shock and to 0 otherwise. Several interactir .1 ve ‘iables between these
variables are included. Post X Type captures the post-shock effect of the unex, ~cte . shock. Post X Dir
captures the post-shock effect of the downward shock. Dir X Type captures the add “ionai . *fect of the downward
and unexpected shock. Post X Type X Dir represents the interaction between the three . “viables Post, Type and
Dir. N, chi2 and r2_o represent the number of observations, Pearson’s y2 and th' ove !l R-squared, respectively.

Dependent variable = SF

(1) (2) (3) (4) (5,
Post 0.040%** 0.027** 0.001 0.040** -0. .06
(0.000) (0.011) (0.894) (0.0n"" v.634)
Type -0.076 -0.086* -0 151*” -0.158**
(0.138) (0.081) (0. (0.010)
Dir 0.009 -0.039 -L."R0 -0.125*
(0.865) (0.457) (0.224, (0.061)
Post x Type 0.023 0.014
(0.111) (0.420)
Post x Dir 0.089*** 0.093***
(0.00v, (0.000)
Dir x Type 0.164* 0.169*
(0.067) (0.062)
Post x Typex Dir -0.008
(0.753)
_cons 0.144%** 0.154%** 0..25~ «* 0.182%** 0.203***
(0.001) (0.000) w.o 1) (0.000) (0.000)
N 214 214 4 214 214
chi2 34.041 36.982 86.603 37.895 92.758
r2_o 0.137 0.7.,8 0.081 0.310 0.355

*p <0.10. ** p < 0.05. *** p < 0.01
N: number of observations, chi2: Pearson’s » *, r2_. < :rall R-squared.
Note : For all regressions we eliminated o' .iers .y adding the condition : o5 < 190.



Appendix 1

Table A: Definition and computation of bubble measures

Measure Computation

Share turnover (ST) ST =gq,/ TSU N
Price amplitude (PA) PA = max {(P, — f)/fi} — min AP, £)/;.]
Price deviation (PD) PD, = P, —f, s

Normalized absolute FV deviation
(ND)

ND =¥, ¥ilPi — fe| /TSU

Duration (D)

D= Max{T: Po—fi < Peyr fron 7 < Pyr-n _ft+(T—1)}

Total dispersion (TD)

T
TD = Z P, - f,]
t=1

Average bias (AB)

1 T
AB:—Z P- )
T t=1(t ,

Relative absolute deviation (RAD)

RAD= = 3T,

Relative deviation (RD)

1P, = T1fel
RD = % T (- )IIf]

Volatility (Vol)

Vol=3 Ty 7 )~ (s —7,0)

Geometric absolute deviation
(GAD)

1 3
GAD =exp J V=1 1n(:_t) )—1

Geometric deviation (GD)

6D= (I ()" -1

Boom Duration (BoomD)

M ax nu™ber of consecutive periods for which P; is above FV

Bust Duration (BustD)

Me.” nur iber of consecutive periods for which P, is below FV
i

Where: g, represents the quar ity of units of the asset exchanged in period t and TSU is the total

stock of units that subjects 1iold. ., is the median transaction price in period t and f; is the FV

in period t. T stands for t'e 1 'tal
period t and

number of periods and Py is the price of the ith transaction in

ST: Share Tur.over is cgual to the total trading volume over a market divided by the number

of shares out itandin ' (the total number of shares). The number of shares outstanding is
always equal tc 54 *.1 our experiment. Usually, a high turnover is associated with bubbles.

PA: Price Ampli ude: A high
FV.

amplitude means that extreme prices depart strongly from the

ND: Normalized Absolute FV Deviation: considers the quantities and the prices jointly and

can identify large trading quantities and deviations from the FV.



D: The duration (D) is the number of periods for which one observes an increase in market
prices relative to the FV of the asset (Porter and Smith (1995)).

TD: Total Dispersion is the sum of the absolute difference for each perior. >=tween the price
and the FV. Thus a high (low) total dispersion indicates large (small) price de. ‘ations from
the FV and is consequently a measure of price variability.

AB: Average Bias indicates the average gap from the FV. Since there .= both positive and
negative values depending on the periods, and because it is an a,era ,., » negative (positive)
value indicates an aggregate tendency to be below (above) the r*/

PD: Price deviation captures the difference for each period . ~twe’ n price and FV.

RAD: Relative absolute deviation captures the sum c* *.ie @ solute differences for each
period between price and FV. This indicator is then nu.mal..<d by the absolute mean of the
FV over all the periods and the number of periods. Thus RAD measures mispricing, i.e.
price deviations both above and below the FV. A hi," FAD indicates prices do not track
the FV, allowing the identification of either bubble. ~nd/or crashes. For example, a RAD
of 0.3 means that prices differ on average per \.~r1od ot 30% from the average FV.

RD: Relative deviation measures the over or L~ derpricing. Since there is no absolute value,
a negative (positive) RD indicates priccs ~re on average below (above) the FV. This
indicator is therefore very complementary .1 tne RAD. For example, a high RAD with a
zero RD (Stockl, Huber, and Kirchler (2110)) would mean that prices largely differ from
the FV but are equally below and above it.

Vol: The Volatility (with P, and P,__tte respective prices and f; and f;_the respective FV
in periods t and t—1) measr ces .he variability of prices in relation to the FV. The more
instability and fluctuations the. * ar* from the FV, the higher this indicator will be.

GAD: Using the georr:*ric mean, GAD allows to measure price deviations while having
the property of beinc nur .eraire independent.

GD: Geometric ¢ ~vi'.cior allows over- and undervaluation to be measured by using
geometric mear



Table B: Bubble measures for 1st market (without shock)

Bubble measures for 1st market for each group by treatment (T1 = expected shock, T2 = unexpected shock and TO = no-shock). ST: share turnover, PA: price amplitude, ND: normalized absolute
FV deviation, TD: total dispersion, AB: Average bias, RAD: Relative absolute deviation, RD: Relative deviation, Vol: Volatility, GAD: Geometric absolute deviation, GD: Geometric deviation,
D: duration, Boorr J: Boom Duration and BustD: Bust Duration. p-values for the Wilcoxon rank-sum test are reported at the bottom of the table * p < 0.10, ** p < 0.05, ***p < 0.01.

H,\_mﬁ ry 7 PA ND D AB RAD RD Vol GAD GD D BoomD BustD
x Gl 25 2.08 3.61 190.00  13.57 005 005 871 004 004 2 13 0
m G2 274 0 v 4.22 198.00  14.14 005 005 286 005 004 2 13 0
s G3 6.9% 0.17 5.00 250.00  17.86 006 006 1571 006 005 2 4 0
m G5 5.20 0.27 4.65 230.00 12.86 005 004 2136 005 004 1 4 1
S G6 4.87 vl .0.2¢ 1045.00 74.64 025 025 1043 025 023 3 15 0
w G7 5.43 0.13 4.:) 20 .00  14.79 005 005 657 005 005 1 14 0
a G8 7.96 0.12 1.24 5.00 093 001 000 58 001 000 1 3 1
Mean 5.35 0.16 6.20 110 7.7 0.07 007 1021 007 006 2 9 0
Median 5.20 0.13 4.39 20 .00 14. 4 0.05 005 871 005 004 2 13 0
X G20 4.02 0.02 0.17 4.14 0.0 F00 000 08 000 000 2 2 7
9 G21 3.41 0.06 3.69 198.00 1£ ", Jrs 105 48 005 004 3 15 0
£ G22 5.59 0.06 2.41 120.00 857 J03 003 48 003 003 2 15 0
2 G23 4.76 0.13 3.62 16552  11.82 0.0 004 _% 004 004 2 8 0
S G24 5.26 0.10 2.84 12350  8.82 003 0C. 6.1 003 003 2 12 0
) G25 5.72 0.12 2.31 99.50 -6.39 0.02  -0.2 14 U2 -002 2 1 5
2 G26 4.76 0.10 1.89 97.50 2.18 0.02 001 582 ,02 001 2 8 2
= G27 6.02 0.16 8.06 415.00  29.64 010 010 11..7 010 009 2 15 0
Mean 4.94 0.09 3.12 152.90 8.59 0.04 003 639 10 0n3 2 10 2
Median 5.01 0.10 2.63 121.75  8.70 0.03 003 602 00> 003 2 10 0
S G17 1.98 0.10 3.53 19050  12.89 005 004 714 005 v L ° 1
Z ¥ G18 3.69 0.07 1.92 83.75 5.98 002 002 179 002 002 1 14 0
S 2 G19 3.94 0.05 2.77 14851  10.61 0.04 004 207 004 003 3 15 °
Mean 3.20 0.07 2.74 14092  9.83 003 003 367 003 003 2 1 0
Median 3.69 0.07 2.77 14851  10.61 0.04 004 207 004 003 3 14 o
Mean (T1 + T2 + T0) 4.81 0.12 4.25 21238 13.72 0.05 005 742 005 0.04 2 10 1
Median (T1+T2+T0) 4.81 0.10 3.57 177.76  12.34 004 004 639 004 004 2 13 0

rank-sum (p-value) (T1 vs T2) 0.772 0.091* 0.121 0.105 0.105 0.111 0.128 0.224 0.143 0.124 0.188 1.000 0.490
rank-sum (p-value) (T1 vs TO) 0.067* 0.051* 0.117 0.183 0.183 0.224  0.161 0.117 0.345 0.194 0.398 0.356 1.000
rank-sum (p-value) (T2 vs T0) 0.052 0.470 0.921 1.000 0.776 0.756 0.757 0.412 0.756 0.917 0.550 0.673 0.723




Table C: Bubbles measures for 2nd market (with shock)

Bubble measures for 2nd market for each group by treatment (T1 = expected shock. T2 = unexpected shock and TO = no-shock) and by the direction of the shock (upward or downward): “before”
and “after” the shock for treatments T1 and T2; “periods 2 — 8” and “periods 9 - 15” for treatment TO. Period 1 is not considered in order to have the same number of periods before (sequence 1)
and after (sequence 2) the shock. ST: share turnover. PA: price amplitude. ND: normalized absolute FV deviation. TD: total dispersion. AB: Average bias. RAD: Relative absolute deviation. RD:
Relative deviation vol: Volatility. GAD: Geometric absolute deviation. GD: Geometric deviation. D: duration. BoomD: Boom Duration and BustD: Bust Duration. p-values for the Wilcoxon
rank-sum test are .eported at the bottom of the table * p < 0.10. ** p < 0.05. ***p < 0.01.

’nd i i~ PA ND D AB RAD RD
J'ark s Bef re  After Before After Before After Before After Before  After Before After Before After
X Gl 1 4 .59 0.01 0.05 2.61 1.57 141.00 85.00 20.14 12.14 0.07 0.03 0.07 0.03
2 U d G3 3.75 2.06 0.03 0.01 0.33 0.50 18.00 27.00 2.57 3.86 0.01 0.01 0.01 0.01
o Cpwar G5 270 150 fa 019 165 176 89.00  95.00 1271 071 004 003 0.04 000
m G7 3.44 3.5 02 0.02 0.24 0.20 13.00 11.00 1.86 -1.29 0.01 0.00 0.01 0.00
m. G2 1.61 1.02 0.0. ,.09 1.37 1.31 74.00 71.00 10.57 10.14 0.04 0.05 0.04 0.05
W pownward G6 1.39 1.35 o 0.45 11.89 9.72 642.00 525.00 91.71 75.00 0.31 0.38 0.31 0.38
= G8 4.09 1.19 0.03 0.2° 0.3¢ 1.15 21.00 62.00 -3.00 5.14 0.01 0.04 -0.01 0.03
Mean up 2.73 2.35 0.04 0.c/ 1.4 1.01 65.25 54.50 9.32 3.86 0.03 0.02 0.03 0.01
Mean down 2.36 1.19 0.04 0.28 /755 470 245.67 219.33 33.09 30.09 0.12 0.16 0.11 0.15
G20 3.13 1.78 0.03 0.01 0.32 J.1% 17.50 8.00 2.50 1.14 0.01 0.00 0.01 0.00
M Upward G21 1.09 0.50 0.03 0.03 1.90 2.7 .02.50 119.00 14.64 17.00 0.05 0.04 0.05 0.04
< G24 2.17 2.30 0.02 0.01 0.16 C..o 8.50 8.90 1.21 1.27 0.00 0.00 0.00 0.00
S G25 2.24 1.70 0.03 0.03 0.25 0.33 13.57 1> 0 0.50 -0.29 0.01 0.01 0.00 0.00
m G22 1.37 1.87 0.04 0.25 1.10 1.71 59.") o .50 8.50 13.21 0.03 0.07 0.03 0.07
< G23 1.61 1.81 0.05 0.50 1.39 2.37 75.1C 128.710 10.73 12.00 0.04 0.09 0.04 0.06
W Downward  G26 1.35 1.87 0.03 0.08 0.72 1.10 39.00 59.50 57 8.50 0.02 0.04 0.02 0.04
& G27 2.83 3.54 0.05 0.04 0.37 0.64 20.00 34.50 ©.57 -4.93 0.01 0.02 0.01 -0.02
T
Mean up 2.16 1.57 0.03 0.02 0.66 0.71 35.50 38.48 * 71 * \m| 0.02 0.01 0.02 0.01
Mean down 1.79 2.27 0.04 0.22 0.90 1.46 48.40 78.63 6.59 7.20 [ A=Y 0.06 0.03 0.04
ST PA ND D AB _.AD ___ RD
p2-p8  p9-pl5 p2-p8  p9-pl5 p2-p8  p9-pl5 p2-p8 p9-pl5 p2-p8 p9-pl5 uIN 8 p P 5_ p2-p8 p9-pl5
& G17 0.72 1.48 0.02 0.01 0.43 0.15 23.00 8.00 3.29 1.14 0.01 J.00 0.01 0.00
z S G18 1.41 0.61 0.01 0.00 0.07 0.03 3.60 1.64 0.29 -0.23 0.00 0.0/ 0.00 0.00
2 m G19 2.33 1.33 0.01 0.00 1.35 1.32 7275 71.34 10.39  10.19 0.03 0.03 0.03 0.03
Mean 1.49 1.14 0.01 0.00 0.62 0.50 33.12 26.99 4.66 3.70 0.01 0.01 0.01 0.01




2nd Vol GAD GD D BoomD BustD

Markets Before After Before After Before After Before After Before After Before After
v Gl 0.71 4.17 0.07 0.03 0.07 0.03 1 1 7 5 0 0
< . G3 3.71 1.83 0.01 0.01 0.01 0.01 1 1 1 6 0 0

< Upwarr

= G5 8.43 20.83 0.04 0.03 0.04 0.00 1 2 5 1 0 1
m e G7 1.14 1.17 0.01 0.00 0.01 0.00 1 1 4 1 0 2
m. Down- ol 3.00 4.00 0.04 0.05 0.04 0.05 4 1 7 6 0 0
_”_._ ward G6 29 22.67 0.31 0.37 0.31 0.37 3 2 7 7 0 0
£ Ge 71 1150 001 0.4 -0.01  0.02 1 2 0 1 3 3

Mean up (T1) 3.50 7.00 0.03 0.02 0.03 0.01 1.00 1.25 4.25 3.25 0.00 0.75

Mean down (T1) 0. 1272 "12 0.15 0.11 0.15 2.67 1.67 4.67 4.67 1.00 1.00
o G20 1.43 0.82 0.0 0.00 0.01 0.00 3 3 4 3 0 0
8 Uoward G21 2.79 3.33 N.05 v.4 0.05 0.04 1 2 7 7 0 0
G P G24 2.07 1.12 ,.00 0.r) 0.00 0.00 1 1 4 5 0 0
M G25 3.57 5.83 0.01 rol 0.00 0.00 2 1 3 1 1 1
s G22 3.71 12.50 0.03 9.0 0 3 0.06 2 1 7 6 0 0
W Down- G23 4.11 23.83 0.04 0.u8 0. 005 2 1 7 2 0 3
M ward G26 3.86 5.00 0.02 0.04 (0° .04 1 2 4 6 0 0
U G27 3.43 1.33 0.01 0.03 L.l .02 1 1 3 0 1 7

Mean up (T2) 2.47 2.78 0.02 0.01 0.02 0.01 1.7¢ 1.75 4.50 4.00 0.25 0.25

Mean down (T2) 3.78 10.67 0.03 0.05 0.03 0.0? .50 1.25 5.25 3.50 0.25 2.50

Vol GAD GD D F oomD BustD
p2-p8  p9-pl5 p2-p8 p9-pl5 p2-p8  p9-p15 p2-p8 , Q- 15 02-p8 p9-pl5 p2-p8 p9-pl5

& G17 2.57 1.25 0.01 0.00 0.01 0.00 2 2 5 2 0 0
W S G18 0.53 0.21 0.00 0.00 0.00 0.00 2 2 2 2 7
W m G19 0.57 0.24 0.03 0.03 0.03 0.03 1 2 7 7 o 0

Mean 1.22 0.57 0.01 0.01 0.01 0.01 1.67 2.00 4.67 3. 0.67 2.33




Table D: Difference between bubble measures before and after the shock in markets with shocks

D1.Significance of differences before and after (p-values, Wilcoxon signed-rank test)

Before vs 2" cer (r ~-alur )

_ |M| PA ND TD AB RAD RD Vol GAD GD D BoomD BustD

All 2nd markets

. 0.20. 0.025* 0.315 0.303 0.524  0.238 0.637  0.030** 0.195 0.844 0.608 0.17 0.100
(with shocks)
By type of shock
mx_omnﬁmo_ 0.047** 0.059* 0.2 .3 0,13 0.297 0.752 0.916 0.078* 0.752 1.000 0.850 0.599 0.371
Unexpected 0.945 0.402 0.052* 0.0"J9** .6/ . 0.248 0.675 0.313 0.142 0.833 0.766 0.233 0.371
By direction of the shock
C_us\ma 0.039** 0.786 0.933 0.844 0.250 '+ U57* 0.058* 0.461 0.057* 0.058* 0.773 0.396 0.371
Downward 0.938 0.031** 0.375 0.375 0.938 0.016” * 0.10" 0L.078* 0.022**  0.147 0.374 0.396 0.371
* p<0.10. ** p<0.05. *** p<0.01
D2: Mean values before and after the shock (overall)
M (2nd) ST PA ND ™D AB Jar RD

Before After Before After Before After Before  After Before After Br ore  Afte B Before  After
Mean all 2.25 1.89 0.04 0.14 1.65 1.66 88.91 89.63 12.12 10.24 0.04 0.07 ! 0.05
(p-value) 0.201 0.025** 0.315 0.303 0.524 0.23% (83
M (2nd) Vol GAD GD D BoomD BustD
Before After Before After Before After Before  After Before After Before  After

Mean All 3.86 8.00 0.04 0.05 0.04 0.04 1.67 1.47 4.67 3.80 0.33 1.13
(p-value) 0.030** 0.195 0.844 0.608 0.17 0.1

* p<0.10. ** p<0.05. *** p<0.01



D3: Mean values before and after the shock by type of shock (expected vs unexpected)

ST PA ND ™D AB RAD RD
Befo-e After Before After Before After Before After Before  After Before  After Before
Mean T1 2.5 1.85 0.04 0.16 2.64 2.32 142.57 125.14 19.51 15.10 0.07 0.08 0.07
(p-value) C J)47** 0.059* 0.813 0.813 0.297 0.752 0.916
MeanT2 .76 " 6 0.04 0.16 2.44 2.24 13175  120.79 17.96  13.92 006  0.08 0.06
(p-value) 0.945 0402 0.052* 0.039** 0.641 0.248 0.675
Vol JAD GD D BoomD BustD
Before After \ w\oﬂ After Before After Before After Before After Before  After
MeanTl 471 9.45 (07 o8 007 0.07 1.71 1.43 443 386 043  0.86
(p-value)  0.078* ) 1 0.85 0.599 0.371
MeanT2  3.12 6.72 0.02 003 0.0 0.02 1.63 1.50 488  3.75 025  1.38
(p-value) 0.313 0.142 0.8 3 0.766 0.233 0.371
* p<0.10. ** p<0.05. *** p<0.01 Y AW
D4: Mean values before and after the shock by direction of the shiuck (1'p *.er us down)
ST PA ND 1) AB RAD RD
Before Before After Before After Beore Afer Before After Before After Before After
Mean up M (2nd) 2.45 0.03 0.04 0.93 0.86 50.38 46.49 | -\.ON 4.32 0.03 0.02 0.02 0.01
(p-value) 0.039** 0.786 0.933 0.844 0.25 0.057* 0.058*
Mean down M (2nd) 2.04 0.04 0.24 2.46 2.57 132.94 138.93 17 °° 7.ct 0.07 0.10 0.06 0.09
(p-value) 0.938 0.031** 0.375 0.375 C 38 0.016** 0.109
Vol GAD GD D BoomD Bu tD
Before Before After Before  After Before  After Before  After o P \M& \fter
Mean up M (2nd) 2.98 0.03 0.02 002 001 138 150 438  3.63 0.1° 5
(p-value) 0.461 0.057* 0.058* 0.773 0.396 0.3."
Mean down M (2nd) 4.87 11.55 0.07 0.10 0.06 0.08 2.00 1.43 5.00 4.00 0.57 1. ml
(p-value) 0.078* 0.022** 0.147 0.374 0.396 0.371

* p<0.10. ** p<0.05. *** p<0.0



Table E: Variables affecting the difference of opinions (RFAD)

Table E summarizes the results of five panel regressions (fixed effects) for 2nd market, where the dependent
variable is RFAD (relative absolute forecast deviation from prices) Hanaki, Akiyama, and Ishi'zawa (2018). RAFD
equals to RAFD, =% P % where T is the number of periods (T = 15), fi! is * . forecast of median
transaction price submitted by subject s in period t, N is the total number of subjects ir each grudp, FV, is the
fundamental value of the asset in period t, and FV is the average fundamental value ¢ the isset over all periods
(= 300 if no-shock, = 1/15 x ((300 x 8) + (400 x 7)) if the shock is upwards, = 1/15 x ((300 x 8) +
(400 x 7)) if the shock is downwards). Independent variables are the dummies Pos. . "uals .5 1 for periods 9-15
and to O for periods 1-8, Type equals to 1 if unexpected shock and to 0 otherwise -..." Dir e, Jals to 1 if downward
shock and to 0 otherwise. Several interaction variables between these varial.es @ ¢ . luded. Post X Type
captures the post-shock effect of the unexpected shock. Post x Dir capture. the post-shock effect of the
downward shock. Dir x Type captures the additional effect of the uownwaru and unexpected shock.
Post X Type X Dir represents the interaction between the three variables ‘ost, Ty re and Dir. N, chi2 and r2_o

represent the number of observations, Pearson’s y? and the overall R-sariare., o< actively.

Dependent variable = RAFD

(1) (2) (3) (4, (5)
Post 0.013*** 0.012** 0.011** 1 N3HEE 0.012*
(0.000) (0.022) (0.021, (0.000) (0.070)
Type -0.047** -0.046** -0.046 -0.044
(0.017) (0.035) (0.108) (0.121)
Dir 0.035* 1029 0.037 0.037
(0.079) Vel 7N (0.228) (0.236)
Post x Type 0.002 -0.002
(0.819) (0.792)
Post x Dir 0.005 0.000
(0.460) (0.979)
Dir x Type -0.004 -0.008
(0.924) (0.855)
Dir x Type x Post 0.008
(0.574)
_cons 0.066*** 0.08.%** 0.043*** 0.065*** 0.065***
(0.000) (0.000) (0.007) (0.001) (0.001)
N 214 214 214 214 214
chi2 22,753 18.355 16.285 21.424 22.144
r2_o 0343 0.210 0.108 0.344 0.345

*p<0.10, ** p<0.05, *** p< ,.01
N: number of observations, .~i7. Pea ,on’s y?, r2_o: overall R-squared.



Table F: Comparison of OLS and 2SLS regression coefficients

Column 1 summarizes the results of OLS regression for 2nd market, where the dependent variable is share turnover
(Y1 = Turnover). Column 2 summarizes the results of 2SLS regression (first stage) for 2r< market, where the
dependent variable is the difference of opinion measure (Y2 = SF). SF equals to SF = o, / MF,, where
o, and MF; represent the standard deviation of the traders’ forecasts at period t and the mean ot .. ~dian forecasts
at period t, respectively. Column 3 summarizes the results of 2SLS regression (second st .ge) or 2nd market, where
the dependent variable is share turnover (Y1 = Turnover). Independent variables are . ™ (' ndogenous variable to
test), Post equals to 1 for periods 9-15 and to O for periods 1-8 (exogenous varia. ') an. Type equals to 1 if
unexpected shock and to 0 otherwise (instrumental variable). N and R-sq represent ** ~ nun.. ~r of observations and
R-squared, respectively.

OLS regression for ~ 2SLS: first stage for 2SLS: . =cond s’ age for

(Y1 = Turnover) (Y2 = SF) (Y -~ Tur.. ~_r)
(1) (2) (3) B
SF 0.458%** 0.bo **
(0.000) (0.038)
Post -0.066*** 0.042%** - N73%* *
(0.003) (0.003) '0,003)
Type -0.070%**
(0.000)
_cons 0.273%** 0.142%** U.255%**
(0.000) (0.000) ) (0.000)
N 214 214 214
R-sq 0.11 0.14 0.10

*p<0.10, ** p<0.05, *** p<0.01
N: number of observations and R-sq: R-squared.
Note : For all regressions we eliminated outliers by adding u.. condition : o < 190.

The null hypothesis that the regress rs 7 .e exogenous is not rejected (Durbin (score), p = 0.529, Wu-
Hausman p = 0.5330)

The null hypothesis that the OL", and 2+..S coefficients are equal is not rejected (Durbin-Wu-
Hausman, p = 0.5330)



APPENDIX 2

Instructions

Appendix 2 provides a translation (from French) of Part 2 of the instructi~.... in the case of an
Expected shock.

MARKET 1

For this part you have the 20 euros you have won in Part 1 and a”. now ,9urs. In Part 2 you can
use all or part of your 20 euros to carry out transactions. For th s purpt se your 20 euros will be
converted into experimental currency (ecus), with the exchar2e 1.:7: L euro = 337.5 ecus. You
will therefore have an endowment of 6750 ecus (20 euros x “s/,5 ecus). The same exchange
rate will be applied at the end of the experiment to conv.t ecu< *.ito euros.

In Part 2 you will participate in two experimental “inai ‘2! markets on which you can trade
securities. In concrete terms, you will have the opportunn .- to buy and sell securities. When you
have finished reading the instructions, you will porticipate in a trial period to familiarize
yourself with the transaction software.

At the end of the trial period you will be assi i 10 a group of nine people with whom you
will interact for the whole of part 2. = .. 2~ position of your group will be determined
randomly by the computer program. Once fori. 2d, your group will remain unchanged until the
end of part 2. If you follow the instrur au..~ below carefully, you can make significant monetary
gains.

I.  Background
a) Duration of the ma’ not and Part 2 earnings

Part 2 is composed of tv o « Iccessive markets. Each market is divided into 15 consecutive
periods. Each period lasts 2 .1in. You will have 30 min to carry out transactions for each market.

At the end of Part 2, o2 of he two markets will be drawn at random to be paid out for real.
The computer precyram wnl then calculate your final earnings for this market. The remainder
of these instructiv ns are ‘'or market 1 only. Specific instructions for market 2 will be provided
after market 1 .> compieted.

b) Portilios

Before th. u.2~*ng of market 1, your endowment of 6750 ECUSwill be allocated to a portfolio.
In concrete . rms, part of your allocation will be available in the form of Securities and the
remainder in tne form of Experimental Currency (ecus). The value of your portfolio before
market opening 1 will be 6750 ecus, whatever its composition. The initial value of each security
is 300 ecus.



There are three types of portfolio (Table 1) called P1, P2 and P3. The three types of portfolios
all have the same initial value, equal to 6750 ecus.

Type Composition Value of securities Init"." nortfolio
(securities , ecus) (number of units x 300) value
P1 (3, 5850) 900 6750
P2 (6, 4950) 1800 | 8750
P3 (9, 4050) 2700 _i'L 6750

Table 1: composition and initial values of portf...os (1. 2cus)

Before the opening of market 1, the software will randomlv ~ssiy.> you one of the three types
of portfolios: P1, P2 or P3. Subsequently, you will receive thr sai1e portfolio composition for
market 2. The 9 members of your group will not all hav ~ the ~~.ne portfolio. 3 members will
receive a portfolio of type P1, 3 other members a portfolio »f type P2 and the remaining 3
members a portfolio of type P3.

Example: The computer program assigns you portfolio * Your portfolio at the beginning of
each of the two markets will consist of 3 units of tiuc and 585 ecus.

c) Lifetime of a security and buyout val ¢

In each period, you can buy or sell securities. L acii security has a lifetime equal to 15 periods
(duration of the market).

At the end of the 15 periods the mar <et wi.' be closed. Units of securities that you will hold in
your final portfolios will be redeemeu >V t'1e experimenter. The redemption value of each unit
of security is set at 300 ecus.

d) Deferral of the portfciio

Your portfolio is carrica ver from period to period without change in composition.

Example: At the end » f prrioa 5 your portfolio is composed of 5 securities and 5500 ecus. The
composition of your .~ tfol o at the beginning of period 6 will be the same: 5 securities and
5500 ecus.

e) Losse” and piofits

In addition to .~ansa .tion gains and losses you have two sources of additional losses and profits:
dividends .. “~racasts.
i) L vidends

At the end of each period, each unit of security you hold in your portfolio will generate a
dividend that may be positive or negative. The dividend value at the end of each period will be
randomly selected by the computer program. Four dividend values are possible: 45, 15, -15 and



-45 ecus (Table 2). Each value has a one-in-four chance of achieving each period (a probability
of 0.25). Note that the expected dividend is equal to zero. (45 + 15— 15 - 45) / 4 = 0 (see Table
3). The dividend value selected for a period will apply to all securities and participants.

Distribution of the unit dividend
Ecus Probability
45 0.25
15 0.25
-15 0.25
-45 025 |

Table 2: possible dividen vaiues

Your dividends will be paid in each period into a saviny. account. The savings account cannot
be used to make transactions. You will receive the . ~cumulated amount on the savings account
only at the end of the experiment.

i) Forecasts

At the beginning of each period, we will ask ,au to forecast the transaction prices for the next
period in the form of an interval. Con~:~*ely you will have to choose the interval in which you
think the realized prices for the peri «d will e located. This task will allow you to earn ecus. At
the end of the period the profit of your > .cast will be calculated as follows:

Forecast F rofit - Torecast Gain - Cost of Forecasting

* The profit of the forec7.. ‘aries between 0 and 5.

* The Forecast Gain ¢ ne’.ds on the number of prices correctly predicted. The number of
correctly predicted prices is vyjual to the number of transactions whose prices fall within the
range you have chc-er Thk.s gain varies between 0 and 5. Forecast gain = 5 ecus if all
transaction prices “.ulizeu “all within the forecast range.

* The Cost of th forec: st depends on the size of the interval you have chosen.

This cost is inc~asi..; with the size of the interval.

Table 3 shov s, by w 1y of example, different winning possibilities that can be realized.

Example: ' p.i..d 4, three transactions were carried out at the following prices: 340, 350 and
360 ECU. Column (a) of Table 3 illustrates several examples of forecasts. Column (b)
corresponds to the size of the interval (upper bound - lower bound + 1), column (c) indicates
the number of transactions falling within the predicted range, column (d) Forecast and column
(e) the cost of the forecast. The last column corresponds to the profit of the forecast, that is to
say the difference between column (d) and column (e).



Forecast Interval Number of Forecast Forecast cost | Profit of
interval size prices in the gain &) the
@) (b) interval (d) forecast
(©) (d) - (e)
1 340 - 360 21 3 5.00 ~0.00 5
2 335 - 365 31 3 5.00 1.20 3.80
3 330 - 370 41 3 5.00 . 2.39 2.61
4 320 - 370 51 3 5.0( __# 3.58 1.42
5 300 - 400 101 3 570 5.00 0.00
6 335 - 355 21 2 3.33 0.00 3.33
7 320 - 355 36 2 5.0% 1.78 1.55
8 300 - 355 56 2 3.0% 4.16 0.00
9 335-342 7 1 1.66 1.54 0.12
1 330 - 342 13 1 I 1.66 0.95 0.71
0 -+
1 330- 335 6 0 " 0.00 1.78 0.00
1 .
1 341 - 349 9 0 0.00 1.42 0.00
2

Table 3: .-2 nplr s of prediction profit calculation

N.B. For examples 8, 11 anu 12, . ~ cost of the forecast is greater than the gain of the forecast.
In these cases the profit o’ the forecast is equal to 0. The general rule is that if the cost is greater
than the forecast gain, the “.recast profit is equal to 0.

The profits of your fo, > aste will be paid into your savings account. As for dividends, you will
not be able to use (he amount of profits from your forecasts to make transactions and you will
receive the accun 'ilated amount the end of the experiment.

f) Tran. action conditions

You cani.w ..t more securities during a period than those you hold in your portfolio.
Equivalently, vou can buy a security only if you hold the amount corresponding to its sale price
in ecus.

Market Gain




Your total gain at the end of the market is calculated as follows:

Experimental currency in your portfolio (ecus)

+ Redemption value of securities (number of securities in your portf_'io x 300)
+ Balance of the savings account (cumulative dividends and forecast proi.:s).



Trial period

The trial period lasts two minutes and you will learn how to:
- Make a bid
- Make an ask
- Buy a security (accept an ask)
- Sell a security (accept a bid)
Gains and losses realized during this period will not be recognized in your ."al gain.

« How to use the computer program?

Trading screen (.

Zone 1= )

Zone 2 Zone 3
F AN EFS 2l D TON) ¥ Zone 4
Dwe M‘-:-. L !nl:':-- ‘:;:' I’uubuo;‘ 'lh:

- I- Block 3.1 - Popasel we 90 a0 F0se 9 106 I eI | Pec ‘!“‘"" :‘f":“

: = I ] | 5 | anew |
Block 2.1 e

Block 3.2
Block 2.2 Tives s
L e |

In each period, a screen si. i'ar "y this one will appear on your computer. Different types of
information are disp ayed o: this screen. For ease of description, the information is split into 4
Zones.

Zone 1
On the left is e number of the current period.
On the right the remaining time in the current period appears (number of seconds
remaining).

Zone 2
Zone 2 has two blocks:



Block 2.1, entitled " Securities Information ", details the different possible dividend values
for the period and the corresponding probabilities as well as the possible redemption
values (case: Market 2). Note that the information of this block is commen to all members
of the group.

Block 2.2, " Content of your portfolio " shows the current composition of yc ir portfolio,
i.e. the number of securities, your cash holding and the current val e o your portfolio.

Zone 3
Zone 3 of your screen corresponds to the transaction area.
Block 3.1 allows you to make offers to buy and sell
Block 3.2 corresponds to the order book. This is the disf.ay ar. 1 of all offers to buy and
sell. Your offers appear in blue and those of other membe s in F.ack.
Note that the order book is visible by all members of che 7 ~up.

How do you make an offer (bid or ask)?

Enter in block 3.1 the price at which you are willing tv “uy or sell in the appropriate space: on
the left for the bids and on the right for the asks. T. -1 ciick on "Validate™ to validate your offer.
Once validated, your offer will appear in blue in block 2.2, in the column " list of offers to buy
"if itis a bid or in the column " list of offers to s>l “ 1T it is an ask.

- If your bid is the highest in the list of offe.~ *a boy (ie at the top of the list), it will be more
likely to be accepted by another player.

- If your ask is the lowest in the list of ohie s (1e if it is at the top of the list), it will be more
likely to be accepted by another player

How can you delete onr of * our offers?
Select the offer you want to 0 :lete “ro'n the list of bids (or asks), then click on "Delete”. You
can only delete your offers t'ia. 20pear in Blue.

How do you sell a se.urity?
Select the price you ar . intei ><ted in in the column " list of offers to buy ", then click on 'Sell’

How do yo'' buy ~ ,ecurity?
Select the price y Ju are nterested in in the column " list of offers for sale ", then click on 'Buy
it'

Zone 4
As tra. sactions are completed during the period, the price of each transaction will be
displayed in the order of execution in the "Realized Price" panel.
The realization time in seconds is displayed in the column " Time (seconds) " and the
order of execution is displayed in the column " Completion order ".
Note that the information table in Zone 4 is common to all members of the group.



¢ Other important screens in the market:

This screen appears at the end of each period (for 15 seconds).

The composition of
your portfolio
(securities and ecus).

Screens (2) end of period

Block A

Block B

The realized
period in
ascending
order.

et Titage a2 soet da dvadentn ’1

The
randomly
selected
dividend
value by
period.

Closing price: represents
the last transaction price
in the period that has just

ended.

41000

e 8

of = urities
in your
nortfolio.

s dans wabe mm‘ o “exdes

The nuy Wer

)

Cornal dwatendes |

=

Total of
dividends =
number of
securities * the
randomly
selected dividend
value.

Termi

~'alue of your portfolio =
(secun. s * (usiig price) + ecus.

.

i

Yo de prviaen

The sum of
dividends for
the realized
periods.

Coamval profit e privisce

WTs

Profit of
forecast by
period.

Block C

Compte spsryne

The savings
account
equals to the
sum of
dividends and
the sum of
forecasts.

Block C displays 3 types of information:

1- The history of prices realized in the period just ended (display 1).
2- The evolution of the closing price during the past periods (display 2).
3- All the price history since the beginning of the market (display 3).

\

The sum of

forecasts for

the realized
periods.




Display 1:
Result after pressing the button " Realized prices ".
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Display 2:
Result after pressing the "Graphic" button.
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Display 3:
Result after pressing the "History Price™ button.
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This screen appears at the beginning o1 ~ach period to enter your forecast interval.

Enter your interval then press << Corf.;m >>,

Important: If you do not press "OK’ the m rket will be blocked.

Input area of
Enkwl vois rlavala o peivsion
SE—— I your forecast

Eoire supsraue

Final screen at end of the market

Taraps rtant [Saef

range.




This screen displays at the end of the market, it summarizes what you have in your portfolio
and your final market gain.

The last line represents your market gain in ECU.

Important: You must press "Start Market 2" to avoid blocking the experiment anu 20 be able to
proceed to the other stages of the session.

)

|— The composition of
Vidout o vee Wes (T Viloes de chationa 0008 your portfolio at the
end of the market.
Your final market |——  p o

gain (ecus). Cormavcn v Warcs 7




MARKET 2

The paragraph below was included in the instructions for market 2 in the ce se of an expected
shock.

[..]

Unlike Market 1, for which the redemption value of the shares was equa. *2 3u< ecus, for market
2 the redemption value will be equal to either 200 or 400 ecus with o charice out of 2. At the
end of period 8 the program will randomly select the cash value (T."le 2). 1 he final redemption
value will then be displayed on your screen at the end of per.cd 8. e selected value will
apply to all securities and all participants.

Distribution of redempti \n
values for market

Redemption Prohability—
value
200 AN
400 n.5

Table 2: Possible redr mptic 1 values for market 2
NB Please note that the expected redemption valuc 1s 300 ecus (200 + 400) / 2.

[..]



