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Framing Effects, Selective Information, and Market Behavior:
An Experimental Analysis

Erich Kirchler, Boris Maciejovsky and Martin Weber

The results of an asset market experiment, in which sixty-four subjects trade two as-
sets on eight markets in a computerized continuous double auction, indicate that ob-
Jectively irrelevant information influences trading behavior. We find that positively
and negatively framed information leads to a particular trading pattern, but leaves
trading prices and volume unaffected. The experiment also provided support for the
disposition effect. Participants who experience a gain sell their assets more rapidly
than participants who experience a loss, and positively framed subjects generally sell
their assets later than negatively framed subjects.

Communication about asset return distribution is a
central issue in finance. Investment advisors are legally
obligated to inform clients about potential investment
risks, which are usually expressed as the variance or
standard deviation of the underlying distribution of the
investment’s future returns. Investors are implicitly as-
sumed to accurately perceive and interpret statistical
information, irrespective of how that information is
presented.

In recent years, many new ways of acquiring finan-
cial information have become available, with the main
source, of course, being the Internet. Yahoo!Finance,
for instance, offers free market information, business
news, and personal finance plans, while BigCharts al-
lows investors to create personalized interactive charts.
Market data provider eSignal even assumes a positive
relationship between information quantity and invest-
ment success by promising “You’ll make more, be-
cause you’ll know more.”

Evidence suggests investors generally benefit from
the provision of information. Empirical studies, how-
ever, indicate that more information does not necessar-
ily lead to more knowledge. In the psychological litera-
ture, this is referred to as the illusion of knowledge, and
is confirmed empirically for many decision domains.
For example, Park [2001] shows that even when news
media recipients are socially involved with issues cov-
ered in the media, they are prone to the illusion of
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knowledge. The tendency increases the more recipi-
ents use the media.

In the finance domain, Barber and Odean [2001] in-
vestigate the performance of investors who switched
from phone-based trading to internet trading. While
these traders initially beat the market by about 3%
prior to going online, their performance decreased af-
terward, resulting in a performance of 2% below the
market. Similarly, Choi, Laibson, and Metrick [2002]
report evidence of underperformance in the market
timing of online traders in 401(k) plans. Access to vast
quantities of investment data on the internet, therefore,
does not necessarily imply better performance.

Information plays an important role not only in in-
dividual investment decisions, but also in market en-
vironments. Market efficiency requires that aggregate
market prices will not be affected by either objec-
tively irrelevant information, or by selectively distrib-
uted information. For example, if some traders re-
ceive a positive signal about an asset’s likely returns,
and an equal number receive the opposite signal, this
information, because it is completely revealed, should
not affect aggregate market prices. Thus, while indi-
vidual investors may be prone to biases like the illu-
sion of knowledge, aggregate market prices are con-
sidered unbiased.

This paper focuses on the communication and the
quality of information in the context of a competitive
asset market. We investigate the impact of objectively
irrelevant information on trading behavior by drawing
upon a novel type of framing. Traders are confronted
with randomly distributed selective information about
the performance of potential investments. The infor-
mation is provided in either a positive or a negative
frame, and is essentially irrelevant to the decision.
Since we symmetrically distribute the additional infor-
mation among traders, aggregate market behavior is
expected to remain unaffected. In addition, we also in-
vestigate the robustness of the disposition effect in a
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competitive market environment with available
real-time data.

Our results indicate that objectively irrelevant infor-
mation does influence trading behavior. Moreover,
positively and negatively framed information leads to a
particular trading pattern, but leaves trading prices and
trading volume unaffected. Our findings also support
the disposition effect. Participants who experience a
gain sell their assets more rapidly than those who expe-
rience a loss. This effect is further mediated by fram-
ing: Positively framed market participants generally
sell their assets later than negatively framed partici-
pants.

This section proceeds with a discussion of framing
effects and the disposition effect. We introduce the ex-
perimental design and the procedure in the next sec-
tion. The third section covers the results, and the final
section discusses our findings.

Framing Effects

Expected utility theory assumes descriptive
invariance, which implies that different representations
of the same choice problem should yield the same pref-
erence. However, several empirical studies indicate
that this axiom is frequently violated in individual de-
cision making. McNeil et al. [1982], for example, show
that the same medical statistics, framed either in terms
of mortality rates or in terms of survival rates, lead to
different preferences. Framing effects are also ob-
served in decisions involving risky lotteries and mone-
tary payoffs (Kahneman and Tversky [1983], Tversky
and Kahneman [1981]). More recently, Statman [1995]
and Kahneman and Riepe [1998] have applied the con-
cept of framing to financial decisions, such as dol-
lar-cost averaging.

Weber, Keppe, and Meyer-Delius [2000] investi-
gated the impact of endowment framing on market
prices in an experimental asset market. Participants
were given either 1) cash plus a certain amount of posi-
tively valued risky assets (long position, positive fram-
ing), or 2) a larger amount of cash and certain
state-contingent liabilities (short position, negative
framing). In terms of final wealth, the endowments
were identical. In line with the predictions of prospect
theory, Weber, Keppe, and Meyer-Delius [2000] found
that overpricing! was observed more often for nega-
tively framed market participants than for positively
framed participants.

In contrast to the Weber, Keppe, and Meyer-Delius
[2000] study, where participants’ actual initial endow-
ments were altered, we investigate whether framing ef-
fects are also robust under weaker conditions, for ex-
ample, when participants only obtain different and
more importantly irrelevant information.

Our experimental procedure differs from the way
framing effects were originally studied by Tversky and
Kahneman [1981]. Their subjects were presented with
scenarios in which a hypothetical decision problem
was semantically framed in terms of “gains” or
“losses.” However, the concept of framing in studies
emphasizing the role of language in the decision prob-
lem lack conclusive empirical evidence. Kiihberger
[1995] found that a variation of missing items of infor-
mation in the decision problem produced markedly dif-
ferent framing effects. Moreover, with fully described
decision problems, no framing effects emerged at all.

However, the results of a meta-analysis of 136 em-
pirical studies indicate that the framing effect is a gen-
erally reliable phenomenon (Kiihberger [1998]). A fur-
ther meta-analysis, which focused particularly on
Asian disease-like studies, indicates that risk prefer-
ence depends on the size of the payoff, the probability
level, and the type of goods at stake (Kiihberger,
Schulte-Mecklenbeck, and Perner [1999]).

In our experimental procedure, we use a novel type
of framing that is not based on semantic variations of a
decision problem. Instead, participants are informed
that dividends are randomly determined and drawn
from a normal distribution with a commonly known
fixed | and fixed o, where we assume W is the
aspirational reference payoff. For a given probability p,
pe {0, ..., 0.5}, we let Xp and Xp denote the 100p and
100(1 — p) percentiles, respectively. For a given p, sub-
jects are told that dividends will be less than Xp with
probability p (negative framing), or that dividends will
exceed Xp with probability p (positive framing). We
distinguish between two independent markets, A and
B, in which percentile information follows two differ-
ent probabilities. The framed information on market A
deviates more extremely from p than the framed infor-
mation on market B (pa < pp).

Our experimental approach is also related to the
“anchoring and adjustment” bias (Tversky and
Kahneman [1974]), a sequential decision situation in
which initial information serves as an anchor from
which adjustments in the decision process are made
insufficiently.2 In our design, the positively and nega-
tively deviating dividend information represents the
initial information, the anchor. If subjects respond to
this additional percentile information, we expect trad-
ing behavior to be influenced systematically. This is
because positive information should increase traders’
dividend expectations and negative information should
lower them, leading to a particular trading pattern. Pos-
itively framed buyers are expected to purchase assets
from negatively framed sellers, and negatively framed
sellers are expected to sell their assets to positively
framed buyers.

If the framed information does have a systematic
impact on traders’ dividend expectations, we hypothe-
size that there will be differential trading activity on
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markets A and B. Because the additional irrelevant in-
formation deviates more strongly from the aspirational
reference payoff | on market A, we expect that the
more extreme information on this market will create
more diverging dividend expectations on the part of the
traders. We assume this will increase the likelihood
that pairs of participants willing to trade will actually
meet on the market.

The experimental design also allows us to investi-
gate whether framing effects vanish if the decision
problem is fully described, as suggested by Kiihberger
[1995]. The market possesses complete information in
our experiment, as positively and negatively framed in-
formation is symmetrically distributed among traders.

One might argue that the percentile information in
our approach serves two different roles: an informa-
tional role, and a framing role. From a normative per-
spective, the additional percentile information is logi-
cally redundant. Nevertheless, knowledge of the mean
and the standard deviation of the normal distribution
may be perceived as useful in the decision making pro-
cess, for example, to learn about the shape of the distri-
bution.

Assuming that information dissemination takes
place,3 however, rules out the informational role, since
the redundant percentile information was symmetri-
cally distributed to market participants with prior sta-
tistical training. Any behavioral regularities observed
are therefore likely to be due only to the framing role.

Disposition Effect

The disposition effect is one implication of prospect
theory (Kahneman and Tversky [1979], Tversky and
Kahneman [1992]). In contrast to the utility function
implied by expected utility theory, the value function v
postulated by prospect theory is defined in terms of
gains and losses relative to a reference point, not in
terms of absolute levels of final wealth. Prospect the-
ory assumes the value function is concave for gains and
convex for losses. In a financial context, therefore, we
expect that winner assets will be sold more readily than
loser assets in order to collect the gain and “repair” the
loss, respectively (Shefrin and Statman [1985]).

This hypothesis has been supported empirically for
field data (Heisler [1994], Odean [1998]), and in ex-
perimental asset markets (Heilmann, Lager, and
Oehler [2000], Weber and Camerer [1998]). Odean
[1998] analyzed trading records for 10,000 accounts at
a large discount brokerage house and found that inves-
tors held losing stocks for a median of 124 days, while
winners were held for only 104 days. Using an experi-
mental call market, Heilmann, Lager, and Oehler
[2000] showed that the number of assets offered and
sold was higher during periods of rising trading prices
than during periods of falling trading prices.
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In contrast to Heilmann, Lager, and Oehler [2000],
who used the price of the previous trading period as the
reference point, we focus on individual behavior. We
define the reference point as Weber and Camerer
[1998] did, as the subject’s purchase price. But unlike
the experimental procedure of Weber and Camerer
[1998], which determined prices by a random process,
our market prices are determined solely by the market
participants themselves on a computerized experimen-
tal asset market.

We contribute to the existing literature by studying
the disposition effect in the context of a competitive
market environment using available real-time data. We
expect that purchase prices that are lower than the pre-
vious trading price will imply a gain and lead to more
rapid selling, while purchase prices that are higher than
the previous trading price will imply a loss and lead to
less rapid selling.

The Experiment

Participants

Our experiment consisted of eight sessions of an
experimental asset market. There were sixty-four par-
ticipants, all students at either Vienna University or
the Vienna University of Economics and Business
Administration. Forty-nine were economics students;
the remaining fifteen were enrolled in other social
science disciplines. All participants had taken at least
introductory courses in statistics.

There were twenty-two females and forty-two
males, aged nineteen to thirty-one (M = 22.52, SD =
2.90). On average, participants earned E19.14, with a
standard deviation of E14.94. The experiment took
about 2 hours and 15 minutes.

Experimental Design

The experiment was conducted in a 2 x 2 factorial
design in order to study the interaction of differently
framed participants within one market. The independ-
ent variables were 1) the framing of dividend informa-
tion (positively vs. negatively) as a between-subjects
factor, and 2) the probability of the framed information
as a within-subjects factor (low versus high probabil-
ity; pa = 0.05 and pg = 0.45). Participants were ran-
domly assigned to one of the two framing conditions.
All were informed that dividends would be randomly
drawn from a normal distribution with u € {95, 135,
105} and ¢ € {20, 30, 40}. See Table 1 for the combi-
nation and sequence of L and ©. In order to keep sub-
jects’ attention levels high, we balanced 1 and G across
trading periods.

Prior to the trading periods, participants were given
the actual 1 and ¢ as well as additional irrelevant per-
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Table 1. Positive and Negative Dividend Information for All Periods—Markets A and B

Market and c1=20 Market and c2=30 Market and o3 =40

(Period) Xp— Xp (Period) Xp— Xp (Period) Xp— Xp

=95 A(l) 56-134 A(2) 36-154 A(3) 17-174
B(©9) 92-98 B(8) 91-99 B(7) 90-100

U =135 A4 96-174 A(5) 76-194 A(6) 57-214
B(6) 132-138 B(5) 131-139 B4) 130-140

usz = 105 A7) 66-144 A(8) 46-164 A(9) 27-184
B@3) 102-108 B(2) 101-109 B(1) 100-110

centile information, Xp (negative framing) and Yp (pos-
itive framing). Figure 1 shows what information was
available to subjects at the beginning of the trading pe-
riods.

Experimental Procedure

The experiment consisted of four phases:

1. We measured subjective propensity toward risk
by using certainty equivalents and binary lot-
tery choices to control for possible differences
in individual risk attitude.

. We opened the experimental asset market and
assets were traded.

3. Participants were asked to complete a short

questionnaire.

We repeated the procedure to control for risk

attitude. The exact sequence of events in the ex-

periment is shown in Figure 2.

Phase 1. After brief instructions, participants
were asked to reveal their certainty equivalent for a lot-
tery that offers a payoff of 100 experimental currency
units (ECUs)* with a probability of p = 0.50 and zero
otherwise. They were also asked to make seven deci-
sions among risky lotteries.> The payoffs of the lotter-
ies are listed in Table 2. As a control for position ef-
fects, the lotteries were systematically varied with
respect to a; (the highest possible payoff), a, (the low-
est possible payoff), A (certain payoff), and the se-
quence of aj/a, (risky payoff).

The certainty equivalent allows us to infer partici-
pants’ attitudes toward risk. More precisely, it allows
us to discriminate between risk aversion, risk neutral-
ity, and risk-seeking behavior. A certainty equivalent
that is lower than the expected value of the lottery,
which is 50 ECUs, indicates risk aversion; a certainty
equivalent equal to 50 ECUs indicates risk neutrality;
and a certainty equivalent above 50 ECUs indicates
risk-seeking behavior.

The seven lottery decisions can also be used to infer
risk attitude. However, since each lottery has the same
expected value, we can only discriminate between risk
aversion (if the certain payoff is chosen) and risk neu-
trality (if the risky payoff is chosen).

We randomly selected one of the seven decisions to
determine the individual payoff. This payoff from the
lotteries was then added to the total payoff from the
market. Phase 1 took fifteen to twenty minutes.

Phase 2.  After receiving instructions about the
experimental asset market6 and a short questionnaire to
check their understanding of the instructions, subjects
participated in two trial periods of six minutes each to
become familiar with the market’s selling and buying
procedures. After the trial periods, we opened the asset
market. Overall, we ran eight sessions with eight sub-
jects each on a computerized asset market using the
software zTree (the Zurich Toolbox for Readymade
Economic Experiments, Fischbacher [1999]).

The computer screen for the auction is shown in
Figure 3. Each market participant was entitled to 1)
submit bids and asks, 2) accept standing bids and asks,

FIGURE 1
Available Information at the Beginning of the First Trading Period of Market A for Positively and
Negatively Framed Subjects

In this period dividends are randomly drawn from a normal distribution with a mean of
95 ECU and a standard deviation of 20 ECU.

With a probability of 5 percent the next dividend will be larger (smaller) or equal to 134
ECU (56 ECU). This means that on average in five out of 100 cases the observed
dividend will be larger (smaller) or equal to 134 ECU (56 ECU).

Note: The information provided to subjects in the negative framing condition is displayed in parentheses.

93



KIRCHLER, MACIEJOVSKY AND WEBER

FIGURE 2
Sequence of Events in the Experiment
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where only better offers, i.e., higher bids and lower
asks, were allowed, or 3) remain passive. Bids and asks
were automatically ranked to indicate the most favor-
able offer. Information about the trading history, pro-
vided as a chronological list of contracts, was dis-
played throughout the trading periods.

The market was performed as a continuous anony-
mous double auction. Participants were endowed with
1,000 ECUs (100 ECUs equals EO0.18), plus five risky
assets A and five risky assets B (these assets were
traded separately on markets A and B). To ensure com-
parability, the sequence of the two markets was chosen

94

in advance and applied to all eight sessions. Dividends
were randomly determined and drawn from a normal
distribution (see Table 1).

We informed participants that the markets would
be open for at least eight periods, and at most twelve
periods. The probability that the markets would end
after the eighth, ninth, tenth, or eleventh period was
25%. At the end of the final market period, the liqui-
dation value of the asset would be zero. Again to en-
sure comparability, we randomly chose the last mar-
ket period once for all eight sessions. According to
this random selection, we determined that each mar-
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Table 2. Lottery Payoffs in Experimental Currency Units

Expected

Lottery Payoff P Value
1 al 160 0.20 88

a2 70 0.80

A 88 1.00 88
2 al 150 0.32 99

a2 75 0.68

A 99 1.00 99
3 al 178 0.28 106

a2 78 0.72

A 106 1.00 106
4 al 140 0.35 101

a2 80 0.65

A 101 1.00 101
5 al 135 0.40 105

a2 85 0.60

A 105 1.00 105
6 al 188 0.25 98

a2 68 0.75

A 98 1.00 98
7 al 130 0.30 102

a2 90 0.70

A 102 1.00 102

Note: A denotes the certain payoff, a; and a; denote the risky payoff.

ket ended after the ninth period. Each trading period
lasted for 180 seconds.

Before the market opened, participants were told
which market (A or B) and which trading period (1 to 9)
were open, and the last average market price and closing
price of the asset traded. They were also given either
positively or negatively framed dividend information,
and asked to predict the next average trading price of the
assets. Phase 2 took about eighty to ninety minutes.

Phase 3. Participants were asked to fill out a
computerized post-experimental questionnaire with
items designed to measure how well they had under-
stood the experiment and how much effort they had put
into arriving at accurate decisions. Phase 3 took about
fifteen to twenty minutes.

Phase 4. Participants again had to reveal their
certainty equivalent for a lottery offering a payoff of
100 ECUs with a probability of p = 0.50 and zero oth-
erwise, and to make seven decisions among lotteries
(100 ECUs equals E0.73). The payoffs were identical
to those used in phase 1 (see Table 2). Phase 4 took
about fifteen to twenty minutes.

Experimental Results

Descriptive Data Analysis

Over the eight sessions, with two times nine trading
periods each, participants submitted 6,983 offers, of
which 3,168 contracts were concluded. Thus, the par-
ticipants concluded an average of twenty-two contracts
per period (SD = 9.19), ranging from a minimum of
four to a maximum of sixty-eight contracts. The aver-
age market price was 368.15 ECUs (SD = 390.71).

Figures 4 and 5 indicate that, over the trading peri-
ods, the number of concluded contracts decreased in
both markets, A (x2(1) = 112.91, p < 0.001) and B
(x2(1) = 73.83, p < 0.001), while the number of offers
not accepted increased in both markets, A (x2(1) =
75.02, p < 0.001) and B (y2(1) = 20.16, p < 0.05). We

FIGURE 3
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FIGURE 4
Percentage of Accepted and Not Accepted
Offers for Market A
Percentage
80
70
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W Accepted offers
40

@ Not accepted offers
30

20
10
0

Period

posit that prices may have increased over trading peri-
ods, and this conjecture was confirmed. Average trad-
ing prices were statistically significantly higher in the
last period of both markets, A (Ma, 9 =235.77,SDa, 9=
216.29) and B (Mg, 9 = 354.34, SDg, 9 = 425.30), com-
pared to the first period (My, 1 = 150.06, SDa 1 =83.73;
F(1; 649) =40.52, p < 0.001; Mg, | = 163.94, SDg_ | =
82.45; F(1; 625) =50.74, p < 0.001).

However, Figure 6 indicates that average trading
prices on both markets sharply declined in late trading
periods, when uncertainty about market duration was
important. Thus, uncertainty about market termination
depressed average trading prices, although they were
still higher in the last period than in the first. Figure 6
also indicates that during highly uncertain times, espe-
cially in late trading periods, the variance of market
prices increased.

To control for possible differences in individual risk
attitude, we investigated whether risk attitude differed

FIGURE 5
Percentage of Accepted and Not Accepted
Offers for Market B
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between sessions and between experimental condi-
tions, with respect to elicited certainty equivalents and
binary lottery decisions. The average certainty equiva-
lent revealed by the subjects was 44.23 (SD = 31.20),
indicating a slight degree of risk aversion. Certainty
equivalents did not differ significantly between the
eight sessions (F(7; 56) = 0.48, p = 0.84).

We computed arisk attitude index from the seven de-
cisions among lotteries ranging from O = risk neutrality
to 7 = risk aversion. The average risk attitude was 3.66
(SD=2.15). Again, we observed no statistically signifi-
cant difference between the eight sessions (F(7; 56) =
0.95, p =0.47). Nor was there any statistically signifi-
cant difference between positively and negatively
framed subjects with respect to the certainty equivalent
(F(1;62)=0.09, p=0.76) and the lottery decisions (F(1;
62) =0.05, p=0.82). Thus, any differences in observed
behavior between experimental conditions are not
likely tobe caused by different underlying risk attitudes.

FIGURE 6
Average Trading Prices and Standard Deviations for Markets A and B Across Periods
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There was also no difference in risk attitude be-
tween the first measurement (before the market was
performed) and the second measurement for either the
certainty equivalents (My = 44.23, SD; = 31.20; My =
45.58, SDi = 31.91; F(1; 62) = 0.15, p = 0.70) or the
lottery decisions (M; = 3.34, SD; = 2.10; My = 3.67,
SDi=2.44;F(1;62)=1.22,p=0.27). The results indi-
cate that market behavior did not have a recursive im-
pact on individual risk attitude.

The results from the questionnaire reveal that the
instructions were clear and easy to understand (M =
7.16, SD = 2.00), and confirmed that the participants
carefully considered their buying orders (M = 6.13,
SD = 1.91) and selling orders (M = 6.09, SD = 2.08).
Subjects also emphasized that they had tried to maxi-
mize their earnings (M = 6.83, SD = 1.94). All ques-
tions were formulated as statements that subjects
could disagree or agree with (ranging from 1 = do not
agree to 9 = fully agree).

Framing Effects

The results confirm our hypothesis that positively
framed buyers purchase assets from negatively rather
than positively framed sellers (}2(1) = 6.61, p < 0.01),
and that negatively framed sellers sell their assets to
positively rather than negatively framed buyers (y2(1)
=11.26, p < 0.001).Tables 3 and 4 show the observed
and the expected trading volume between positively
and negatively framed subjects.

We also expected that varying the probabilities of
the framed information would shape individual price
expectations. Since the framed dividend information
on market A was more extreme than on market B, we
expected trading volume on market A to be higher due
to more diverging dividend expectations.

The results at least weakly support our conjecture.
The total number of concluded contracts was higher
on market A (1,636) than on market B (1,532) (x2(1)
=3.41, p = 0.07). However, the total number of offers
not accepted did not differ between the two (y2(1) =

Table 3. Observed and Expected Trading Volume Between
Positively Framed Buyers and Positively and Negatively
Framed Sellers

0.12, p = 0.73). On market A, the number was 1,918;
on market B it was 1,897.

Figure 6 indicates that participants did not seem not
to distinguish between the two asset markets, so the ob-
served higher trading volume on market A may be attrib-
utable to the unbalanced sequence of periods of the two
markets. Figure 6 indicates that prices followed an up-
ward trend on both markets up to the sixth period of mar-
ket B, and then sharply decreased in later trading peri-
ods. Note that in the beginning of the experiment, when
participants were still highly inexperienced, market A
was opened more often than market B, while in later
trading periods this pattern was reversed. Thus, the
higher number of concluded contracts may be aresult of
this sequence of trading periods.

We also investigated whether the observed match-
ing of unequally informed subjects led to different
trading prices. For this analysis we distinguished be-
tween: 1) trades with negatively framed sellers and
buyers, 2) trades with positively framed sellers and
buyers, and 3) trades with mixed pairs of sellers and
buyers. We ran a repeated ANOVA with the trading
pattern as a between-subjects factor and the market
(A or B) as a within-subjects factor. We aggregated
the data by replacing the nine periods of the two mar-
kets by the overall mean of each market. The results
indicate that trading prices were not statistically sig-
nificantly different between trading patterns (F(2; 21)
= 0.07, p = 0.93), but did differ across the two mar-
kets (F(2; 21) = 28.71, p < 0.001).

Our findings indicate that objectively irrelevant in-
formation influences trading behavior: Positively
framed buyers purchase assets from negatively rather
than positively framed sellers, and negatively framed
sellers sell their assets to positively rather than nega-
tively framed buyers. The matching of unequally in-
formed subjects, however, does not lead to different
trading prices. We also find that a probability variation
of the framed information impacts trading volume. We
believe this is attributable primarily to the unbalanced
sequence of trading periods across markets.

Table 4. Observed and Expected Trading Volume Between
Negatively Framed Sellers and Positively and Negatively
Framed Buyers

Positively Framed Buyers

Negatively Framed Sellers

Observed Expected Observed Expected
Trading Trading Trading Trading
Volume Volume Volume Volume
Positively Framed 634 683.6 Positively Framed 905 839.5
Sellers Buyers
Negatively Framed 870 820.4 Negatively Framed 634 699.5
Sellers Buyers
1,504 1,539
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FIGURE 7
Average Time Difference Between Buying
Action and the Next Selling Action for
Positively and Negatively Framed
Participants in Gain and Loss Scenarios

Time in seconds

B Wegatively framed participants
O Positively framed participants

Scenario

Gain scenario Loss scenario

Disposition Effect

Based on the predictions of prospect theory, we ex-
pect that a purchase price lower than the previous mar-
ket price implies a gain situation that leads to more
rapid selling. In turn, a purchase price higher than the
previous trading price implies a loss situation that leads
to less rapid selling.

To test this conjecture, we defined two scenarios,
one for a gain where the purchase price is below the
previous market price, and the other for a loss, where
the purchase price is higher than the previous market
price. The software zTree used in the experiment
(Fischbacher [1999]) enabled us to calculate the exact
time in seconds between a subject’s buying and selling,
so we are able to show that market participants who ex-
perienced a gain sold their assets significantly earlier
(Mg = 10.12, SDg = 23.30) than market participants
who experienced a loss (Mp, = 13.66, SDi. =26.90; F(2;
1,306) = 3.01, p < 0.05).

This effect was mediated by framing (see Figure 7).
Positively framed market participants generally sold
their assets later than negatively framed market partici-
pants (Mp = 13.90, SDp = 27.62; My = 10.32, SDn =
23.72; F(1; 1,307) = 6.34, p < 0.05). Thus, we assume
that framing shapes individual expectations, and
thereby influences market behavior. Positively framed
participants seemed to be more optimistic about the
likely performance and profit of their assets. They were
thus also more patient, both in gain and in loss situations.

Conclusions

This paper investigates the impact of objectively ir-
relevant information on trading behavior. We draw
upon a novel type of framing that is not based on se-
mantic variations of a decision problem. Participants
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are given complete information about a distribution,
and receive additional percentile information that ei-
ther positively or negatively deviates from an
aspirational reference payoff. Normative decision the-
ories such as expected utility theory require that this
additional information be neglected in the decision
process, so it is not expected to influence behavior in a
market environment. From a behavioral perspective,
however, we expect that the additional information will
serve as an anchor in the decision process, and system-
atically influence individual behavior even in market
environments.

We also investigated the impact of a probability
variation of the framed information and the robustness
of the disposition effect in a competitive market envi-
ronment with real-time data. Our results indicate:

1. Objectively irrelevant information does influ-
ence individual trading behavior. Moreover,
positively and negatively framed information
leads to a particular trading pattern: Positively
framed buyers purchase assets from negatively
framed sellers, and negatively framed sellers
sell their assets to positively framed buyers.
The observed matching of unequally informed
subjects, however, does not lead to different
trading prices.

2. There is weak support for the conjecture that a
probability variation of the framed information
impacts trading volume. However, we believe
this effect is attributable to the unbalanced se-
quence of trading periods in the two asset mar-
kets, not to the available information.

3. The disposition effect was confirmed. Partici-
pants sold their assets more readily in gain situ-
ations than in loss situations. The effect was
further mediated by framing: Positively framed
market participants generally sold their assets
later than negatively framed participants. The
framing of dividend information influenced in-
dividual expectations, and therefore market be-
havior as well.

Since objectively irrelevant information influenced
market behavior, our findings violate expected utility
theory and the invariance axiom. They are also incon-
sistent with refinements of the expected utility theory
that do not account for framing effects, such as
rank-dependent utility theories (Quiggin [1982]).
Such theories are similar to cumulative prospect the-
ory (see, e.g., Weber and Camerer [1987] for a more
in-depth discussion). The results reported in this pa-
per stress the importance of the subjective perception
of information, which is not captured by expected
utility theory or by rank-dependent utility theories be-
cause they focus on the processing of objective, and
thus invariant, information.
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Our results may have important implications for fi-
nancial decision making. A huge amount of investment
information is available to an increasing number of in-
vestors all around the world. Standard finance theory
assumes that markets filter out irrelevant information,
allowing individuals to arrive at unbiased decisions. In
particular, it assumes that even if irrelevant informa-
tion helps nothing, it does not harm anything either.
But our findings cast doubt on this assertion. Addi-
tional irrelevant information does not leave the deci-
sion problem unchanged. It can systematically influ-
ence trading behavior even in competitive market
environments.
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Notes

1. Overpricing refers to market prices that exceed the total value
of the lotteries traded (Rietz [1993]).

2. Tversky and Kahneman [1974] asked subjects to estimate the
percentage of African countries in the United Nations after a
number between 0 and 100 had been drawn by spinning a
wheel of fortune. Estimates were dependent on the initially
drawn number. The authors found that when a high number
was drawn, the subjects tended to estimate a higher median
percentage of countries than when a low number was drawn.

3. There is indeed strong experimental evidence that asset mar-
kets are highly informationally efficient (for a survey on the lit-
erature, see Sunder [1995]).

4. One hundred ECUs equals E0.73.

5. Correspondence between the two measures of certainty equiv-
alents and lottery choices is investigated by, e.g., El-Sehity et
al. [2002] and Fellner and Maciejovsky [2002].

6.  See the appendix for an English translation of the instructions.
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Appendix

Instructions about the Market

Thank you for participating in our experiment. The
experiment will last for about 2 hours and 15 minutes.
You will trade assets on a market, and your payoff will
be contingent on your decisions.

The following explains the trading mechanism in
detail. You will learn how to place buy and sell offers
and how to accept offers by other market participants.
After reading the instructions, there will be time to ask
questions. Afterward there will be a short test to check
whether you have understood the trading rules. The ex-
periment will not begin until all participants have cor-
rectly answered all the questions in the test. You will
then participate in a trial market lasting two periods,
where you will have the opportunity to try out the buy-
ing and selling procedures without affecting your pay-
offs. The two trial periods will last for six minutes
each. After the trial market, the real asset market will
be opened.

Let us now explain how the asset market works.
Generally, there are two ways to buy and two ways to
sell assets.

Let us start with buying. You can either 1) submit a
bid to the market, or 2) accept a standing ask made by
another market participant. If you want to submit a bid,
you must type your maximum buying price in the input
box marked “your bid,” and press the button marked
“bid.” If you want to accept a standing ask made by an-
other market participant, simply press the button “buy.”
Standing asks for the assets are ranked according to
prices and listed in columns. Of course, the best offer
for you, and all other potential buyers, is the lowest
ask, which is listed at the bottom of the column.

Let us now explain selling. You can either 1) submit
an ask to the market, or 2) accept a standing bid made
by another market participant. To submit an ask, type
your minimum selling price in the input box marked
“your ask,” and press the button marked “ask.” To ac-
cept a standing bid made by another market partici-
pant, press the button marked “sell.” Standing bids for
the assets are ranked according to prices and listed in
columns. Of course, the best offer for you, and all other
potential sellers, is the highest bid, again listed at the
bottom of the column.

Note that you can engage simultaneously in buying
and selling. However, you cannot buy more assets than
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your cash holdings allow, and you cannot sell more as-
sets than you own. If you have submitted a bid to the
market, your available money for further activities is
reduced by this amount. If you have submitted an ask
to the market, your available asset holdings are reduced
by this one offer. We do not grant any credit or allow
short-selling.

Only improving offers, i.e., higher bids and lower
asks, are allowed on the market. During a trading pe-
riod, you can buy assets, sell assets, or remain passive.
You can also engage in more than one activity at all
times. In fact, you can simultaneously submit buy of-
fers, submit sell offers, and accept standing offers
made by other market participants.

You will be informed about the remaining trading
time, the current period number, and the previous
trades and their trading prices. All trades are chrono-
logically listed in the column marked “previous
trades.”

You will now have the opportunity to try out the
buying and selling procedures without affecting your
payoffs. The trial market will consist of two periods,
each lasting for six minutes.

[Trial market]

Now the “real” markets will be opened. You will
trade assets on two separate markets, A and B. At the
beginning of each trading period, you will be reminded
whether market A or B is being opened. The sequence
of the market was determined randomly. Each trading
period lasts for 180 seconds.

At the beginning of the market, you will be en-
dowed with 1,000 experimental currency units (100
ECUs equals E0.18), plus five assets on market A and
five assets on market B. Note that the monetary endow-
ment is carried forward on both markets, but type A as-
sets can only be traded on market A and type B assets
can only be traded on market B.

The minimum number of trading periods for each of
the two markets is eight; the maximum is twelve. The
probability that the market will end after the eighth,
ninth, tenth, or eleventh period is 25%. This means
there is a 75% probability that the market will continue
after period 8. Similarly, once each period has been
reached, there is an equal chance that the market will
continue. Only when period 12 is reached is it certain
that this will be the final market period.

Dividends are randomly drawn from a normal dis-
tribution with a certain mean and standard deviation.
At the beginning of each period, you will be informed
about the mean and the standard deviation of the distri-
bution. At the end of the final market period, the liqui-
dation value of the asset is zero. This means that once
the final market period is reached, the assets carry no
intrinsic value, they will be worth zero ECUs.
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