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Abstract

In real world financial markets, dividend processes as well as fundamental values are
governed by imprecision; neither the objective probabilities of returns nor the actual
amounts of possible returns are known for certain. With a novel experimental approach,
we analyze the impact of risk, imprecision in probabilities (ambiguity), imprecision in
outcomes, and a combination of the latter two in an individual decision task and in a
market environment. In contrast to the previous literature, we do not find any significant
imprecision premia for imprecise probabilities. However, we do find significant and persis-
tent imprecision-in-outcomes seeking in the individual task as well as the market setting.
Looking deeper into the combination of individual attitudes and market behavior, we find
that these patterns survive despite a high level of heterogeneity in individual’s beliefs
about outcomes.

JEL: G11, G12, C92, D81
Keywords: ambiguity aversion, imprecision, uncertainty, asset markets, experimental fi-
nance
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1 Introduction

In financial markets, dividends as well as returns are inherently uncertain and therefore gov-
erned by imprecision.1 Similarly, assets’ fundamentals are also not precisely known but again
uncertain. Neither the objective probabilities of the realization of returns nor the actual
amounts of possible returns are known to investors with certainty. This means that real world
settings not only include unknown probabilities, but to some extent also unknown outcome
realizations. Investment opportunities, for example, often contain imprecise estimates about
probabilities, outcomes, or both. Even though traders and investors might have some idea
about the feasible ranges of returns, estimating precise outcomes is almost impossible. There-
fore, investors’ attitudes towards and sensitivity to imprecision, as well as their dynamics in
a market setting are important factors in financial decision-making. The aim of this paper is
to disentangle the effects of these two dimensions of uncertainty in individual decision-making
and in an experimental market environment.

Most of the previous work in this field is based on the terminology of ambiguity in the setting
of unknown probabilities (probability distributions, respectively). Due to its theoretical and
even more practical relevance in financial contexts, recent research in experimental economics
has incorporated, tested, and further developed the causes and consequences of ambiguity
aversion in experimental asset markets in the laboratory.2 However, results for ambiguity
aversion remain mixed. In a seminal paper in this field, Camerer and Kunreuther (1989)
conduct experimental markets for insurance against potential losses. They find mixed and
rather minor effects of ambiguity on prices and the quantity of trades for insurance against
potential hazards. Weber (1989) and Sarin and Weber (1993) then explore ambiguity effects
in experimental asset markets in a multitude of different experimental designs. Their findings
indicate that market prices for ambiguous assets are consistently below prices for risky assets
and thereby identify a robust “ambiguity premium” for assets representing lotteries with a
50% winning probability.

In a more recent study, Bossaerts et al. (2010) explore the impact of ambiguity and ambiguity
aversion on equilibrium asset prices and portfolio holdings in a simultaneous trading scenario.
Their findings suggest that, given some state probabilities are unknown, sufficiently ambiguity
averse subjects find open sets of prices for which they do not hold an ambiguous portfolio. In
contrast to this simultaneous-trading setup, Kocher and Trautmann (2013) let subjects self-

1We primarily use the terms imprecision and vagueness but also interchangeably refer to ambiguity, as this
terminology is common in the decision analysis and economics literature building on Ellsberg (1961). Budescu
et al. (1988, p. 282, footnote 1), however, argue that “a statement, phrase, or event is ambiguous if it is capable
of being understood in two or more different, but precise, ways. It is vague if it is not clearly defined or capable
of being understood precisely.” The terms vagueness and imprecision therefore capture our research objective
more accurately.

2A comprehensive overview of (mostly) the theoretical standard economics literature can be found in
Barberis and Thaler (2003), whereas Guidolin and Rinaldi (2013) provide a detailed review of related finance
literature.
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select into one of two mutually exclusive markets for either a risky or an ambiguous asset in
first-price sealed bid market environments to avoid arbitrage between risk and ambiguity. They
find no ambiguity premia in average market prices. Corgnet et al. (2013) run experiments to
analyze trader reaction to ambiguity when dividend information is only revealed sequentially
over three experimental periods. Their results suggest that the observed price changes in
their experiment are consistent with the news revelation with respect to dividends; however,
the degree of ambiguity does not have a significant influence. According to their findings,
the role of ambiguity in explaining financial anomalies is limited. Füllbrunn et al. (2014)
analyze ambiguity in two market institutions – call markets and continuous double auction
markets – to incorporate the effects of market dynamics and transparency, and to explore
whether ambiguity effects hold in either of the two institutions. Subjects simultaneously
trade two asset types – risky and ambiguous assets using an Ellsberg setup – with either
a low or high winning probability, but in separate markets; no arbitrage is possible. They
find significant ambiguity effects in low-feedback call markets for assets which provoke high
ambiguity aversion but no effects of ambiguity in high-feedback continuous double auction
markets. Huber et al. (2014) investigate the influence of skewness in asset fundamentals on
asset prices under different states of uncertainty in double-auction markets. They find that
market prices for skewed assets initially differ from those of non-skewed assets for risky as well
as for ambiguous assets. However, due to learning by repeated sampling of the distributions
this difference in market prices mostly disappears towards the end of trading.

As previously stated, most of this work has been done on uncertainty about probabilities,
despite the practical relevance of uncertainty or imprecision in outcome realizations. The
study most closely related to our setting is Du and Budescu (2005), who compare preferences
for precise and imprecise probabilities and outcomes, respectively, in individual choice tasks.
In their experiment, subjects evaluated investment options varying in terms of their sources of
imprecision (probabilities and/or outcomes) in the gain as well as the loss domain by employing
two response modes (a certainty equivalent elicitation as well as a simple choice list method).
In the certainty equivalent elicitation task, which is closest to ours, they find that subjects
value the options with imprecise outcomes most, followed by the all-precise (risky) options,
whereas they dislike most those options with imprecise probabilities.

The contribution of our paper to the literature is twofold – first, we want to analyze the impact
of imprecise outcomes and/or probabilities in a standard asset market environment in a large-
scale laboratory experiment. Second, we want to be able to relate individual attitudes towards
imprecision across both dimensions to market outcomes as well as individual trading behavior.
Therefore, we conduct a laboratory experiment consisting of both an individual decision task
as well as a market experiment. In the individual task, we elicit subjects’ certainty equivalents
for risk/imprecision attitudes, whereas we incorporate exactly those types of imprecision in
the subsequent market experiment by operationalizing imprecision in risky/imprecise buyback
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prices. Lottery outcomes (respective buyback prices in markets) are either risky, imprecise
in probabilities, imprecise in outcomes, or a combination of both imprecise probabilities and
outcomes. With this novel setup, we cannot only observe and characterize individual behavior,
but also the impact of individual attitudes towards risk/imprecision in the respective market
setting.

Our main findings show that in the individual task subjects are on average imprecision-in-
outcomes seeking, whereas we do not find any such pattern for risk, imprecise probabilities, or
the combination of imprecise outcomes and probabilities. Additionally, this pattern translates
to market outcomes: market prices are significantly higher than expected fundamentals in
markets with imprecise outcome realizations. Also, as for individual certainty equivalents, we
do not find significant deviations from expected fundamentals in any other treatment. The
analysis of bid-ask spreads across treatments reveals that these are highest in markets with
imprecision in outcome realizations. This pattern suggests the highest degree of heterogeneity
in individual valuations in this setting, whereas we do not find any significant treatment
differences in other market variables.

2 The Experiment

We conduct a laboratory experiment which consists of two main parts: (i) an individual
decision task to elicit subjects’ preferences towards imprecision, and (ii) a continuous double
auction market to explore individual trading behavior and aggregate market outcomes in the
face of imprecision. In both parts we aim to analyze the effects of either imprecise probabilities,
imprecise outcomes, or both, in comparison to precise probabilities and outcome realizations
(i.e., ‘risk’). Thus, we run a 2×2 between-subjects experimental treatment design as depicted
in Table 1.

Table 1: Experimental treatments. Overview of the two treatment variables “Probabilities”
and “Outcome Realizations”, which determine the lottery in the individual decision task and for
realizing the asset’s buyback price in the market experiment. Precise probabilities and outcome
realizations refer to exact values which are common knowledge among all participants. Imprecise
probabilities and outcome realizations are defined by an unknown distribution over values within
a specified range.

Outcome Realizations
Precise Imprecise

Probabilities
Precise risk

io
(Imprecise Outcomes)

Imprecise
ip iop

(Imprecise Probabilities) (Imprecise Outcomes and Probs.)
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Each of the four treatments is defined by a distinct lottery. risk represents what is com-
monly referred to as risk and what is the basis of the most prominent models in finance (e.g.
Markowitz, 1952; Sharpe, 1964): subjects have precise information about the outcome realiza-
tions as well as about the respective probabilities over outcome realizations in this lottery. For
ip (Imprecise Probabilities) and io (Imprecise Outcomes), either the respective probabilities
or the corresponding realizations are imprecise, i.e. in a certain interval and not known with
certainty. In iop, the lottery consists of both, imprecise probabilities and imprecise outcomes.

2.1 Individual Decision Task

In the first part of the experiment, we elicit individual attitudes towards imprecision via
certainty equivalents (ce). We administer an individual decision task similar to Budescu
et al. (2002) and Du and Budescu (2005). We chose to elicit risk and imprecision preferences
by asking for a certainty equivalent, since we wanted to keep the task as closely as possible
to the reasoning in the market setting. There, the decision whether to buy or sell an asset
should be based on the exact same considerations as described in the following.

Subjects are offered a distinct lottery depending on their randomly assigned treatment and
are asked to enter the Taler amount they are demanding in order not to enter the lottery. The
entered amount is exactly the amount which gives a subject the same utility as entering the
lottery. After each subject has entered their certainty equivalent (ce), a number between 8
and 208 is randomly drawn. If this random number is greater than a subject’s ce, she receives
the randomly drawn number in Taler. If the random number is smaller than a subject’s ce,
she enters the computerized lottery. The respective payouts in Taler are randomly determined
and converted to euros with an exchange rate of 1:30 only at the end of the experiment.

In the individual decision task, we operationalize precise and imprecise outcomes and prob-
abilities, respectively, as follows. For precise outcomes (risk and ip), there are two possible
realizations: either 58 or 158 Taler. In contrast, imprecise outcomes (io and iop) are oper-
ationalized by realizing a randomly distributed Taler value either in the range [8, 108] or in
the range [108, 208] (in steps of 5). Regarding the respective probabilities we define precision
as assigning probabilities p = 0.50 and 1− p = 0.50 to each of the two outcomes or outcome
ranges, respectively. Imprecise probabilities are then characterized by randomly determined
probabilities p ∈ {0.00, 0.05, 0.10, ..., 0.90, 0.95, 1.00} and 1− p. Note that p is randomly dis-
tributed and can lie anywhere between 0 and 1 (in steps of 0.05). Similarly, any distribution
of outcome realizations within each of the two outcome ranges is possible. With imprecision,
neither subjects nor the experimenters know the distribution of p (in ip and iop) or of outcome
realizations (in io and iop), respectively. Both imprecise outcome realizations and imprecise
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probabilities are drawn from random distributions at the end of the experiment.3 Table 2
summarizes the lotteries’ parameters in Taler terms for each of the four treatments.

Table 2: Treatment parametrization. This table shows the parameters of the four lotteries
each corresponding to one particular treatment. Outcome realizations are either 58 or 158 in
treatments risk and ip, or a randomly drawn value from either the range [8, 108] or [108, 208] in
treatments io and iop. The probability p corresponding to the lower outcome or outcome range,
respectively, is either .5 (risk and io), or takes a randomly drawn value from the range [0, 1] (ip
and iop).

Possible Possible
Treatment Outcome Realizations Probabilities

risk
58 50%
158 otherwise

io
[8, 108] 50%

[108, 208] otherwise

ip
58 [0%; 100%]

158 otherwise

iop
[8, 108] [0%; 100%]

[108, 208] otherwise

2.2 Market Experiment

The second part of the experiment is an experimental asset market in which subjects trade
one of four distinct types of assets, each corresponding to one of the four treatments. In
each market there are eight subjects trading in a computerized continuous double auction
environment with single-unit trading. Each trader is endowed with 5 units of the asset and
800 Taler in cash holdings. Subjects then trade for three minutes. At the end of trading, the
experimenter buys back each unit of the asset for a liquidating, state-dependent buyback price
to be determined by drawing balls from one or more non-computerized, opaque Ellsberg-type
urns (Ellsberg, 1961). Thus, the asset’s buyback price is the result of a lottery as depicted in
Table 2 for each treatment.

In each treatment one urn is filled with two types of balls – yellow or white – corresponding
to two precise outcomes (risk and ip) or to two outcome ranges (io and iop), respectively,
as shown in Table 2. Before trading begins, subjects decide by majority voting which color,

3In particular, we use the Random Integer Generator from www.random.org. For imprecise outcome
realizations, we draw a series of 21 integers between 0 and 20, multiply each of them with 5 and add 8 for
the outcome range [8, 108] and 108 for the outcome range [108, 208]. For imprecise probabilities, we draw a
series of 20 integers of either 0 or 1 to determine p as the sum of the 20 integers over 20. The randomly drawn
samples for each experimental session are available upon request.
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if drawn, leads to which of the two possible outcome realizations or ranges of outcomes,
respectively.

In the market experiment, we operationalize precise and imprecise probabilities, respectively,
as follows. For precise probabilities (risk and io) the urn is filled with exactly 10 yellow and 10
white balls. With imprecise probabilities (ip and iop) the urn contains a randomly determined
composition of balls.4 Neither subjects nor the experimenters know the proportion of balls in
the urn. Thus, the urn might contain only white balls, only yellow balls, or a mixture of both.

In treatments with precise outcome realizations (risk and ip), the yellow or white ball drawn
from the urn strictly determines the realization of the buyback price to be either 58 or 158
Taler. Conversely, in treatments io and iop – for which outcome realizations are imprecise
–, there are two additional urns each of which are filled with 21 balls labelled with possible
buyback prices, one with realizations in the range [8, 108] and one with realizations in the
range [108, 208] (in steps of 5).5 Again, neither subjects nor the experimenters know the
distribution of buyback prices in the urns. The yellow or white ball then determines from
which of the two additional urns – the one with realizations less than or equal to the expected
value or the one with realizations greater than or equal to the expected value – the buyback
price for the asset is drawn. Then, one of the randomly distributed outcome realizations in
the relevant urn is randomly drawn to determine the buyback price of the asset.

2.3 Experimental Implementation

We ran 17 experimental sessions with a total of 320 students from different fields of study.
46.6% of subjects are female, with a mean age of 23. All sessions were conducted between
March and October 2018 at Innsbruck EconLab at the University of Innsbruck. The exper-
iment was conducted with z-Tree 3.6.7 by Fischbacher (2007) and employs the continuous
double auction market environment of GIMS (Palan, 2015). Subjects were recruited using
hroot by Bock et al. (2014).

In total, each experimental session lasted approximately one hour. After reading aloud and
allowing sufficient time to study the written instructions of the individual decision task, sub-
jects were asked to enter their respective ces. Then, subjects received written and read-aloud
instructions for the trading environment of the market experiment and had the possibility to
familiarize themselves with the market institution by trading in a neutral trial period of four
minutes. After that, an additional set of detailed, written instructions on how the buyback

4Once again, we use the Random Integer Generator from www.random.org to draw series of 20 numbers
of either 0 or 1 from a random distribution, which determine the number of yellow (0) and white (1) balls in
the urn.

5For each of the two urns we draw 21 integers between 0 and 20 using the Random Integer Generator from
www.random.org prior to each experimental session. The possible realizations written on the balls are then
the drawn integers multiplied by 5 plus 8 for the outcome range [8, 108] and plus 108 for the outcome range
[108, 208]. The randomly drawn samples for each urn of each session are available upon request.
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price is determined by random draws from opaque urns and thus by realizations from a lottery
was read aloud. Subjects then voted on which ball – yellow or white – should pay which of
the two outcomes or outcome ranges, respectively. After revealing the majority decision, the
three-minute trading period started. After trading concluded, one randomly chosen partic-
ipant randomly draws one ball (yellow or white) from the urn relating to the asset’s type
(all treatments), and also draws a ball labelled with a buyback price from the urn relating
to the previously determined outcome range of the respective asset type (only treatments io

and iop). The experimental instructions as well as screenshots of both experimental parts are
available in Appendices A and B.

After the two main parts of the experiment, we elicit subjects’ cognitive reflection abilities
using four items of a CRT task (Frederick, 2005; Toplak et al., 2014), financial literacy (Lusardi
and Mitchell, 2007), as well as general demographics.

Subjects’ payouts comprise their earnings from the individual decision task and from the
market experiment. For the latter, the buyback price determined by drawing balls from (an)
opaque urn(s) was multiplied by a subject’s number of shares held at the end of the trading
period and added to her end holdings of Taler. Finally, the Taler holdings from the market
experiment were exchanged for euros at a rate of 180:1. Earnings from the individual decision
task were exchanged for euros at a rate of 30:1. In total, subjects earned between 5 and 28
euros with a mean of 13.1 euros.

3 Results

In the following, we begin by discussing the results of the individual choice task. We then assess
aggregate market outcomes. In particular, we examine whether and in what way subjects’
individual preferences are reflected in (i) their individual trading behavior and (ii) in aggregate
outcomes in the dynamic market environment across all four treatments.

To eventually address points (i) and (ii) in the market environment, we designed the structure
of the individual decision task to be as closely related to the individual buy and sell decision in
the market as possible. For that reason, we asked subjects to enter their certainty equivalents
for the respective lottery (with four treatments in total, conducted between subjects). Across
all treatments, the expected value of the lottery is 108. If the elicited individual certainty
equivalent is above (below) the expected value of 108, we consider this subject to have a
preference towards (against) the respective combination of precise/imprecise probabilities and
outcomes. In the following, we outline our main result for the individual task, considering
mean certainty equivalents across conditions.
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Result 1. Individuals are imprecision-in-outcomes seeking but show no significant preferences
towards risk, imprecise probabilities, or a combination of imprecise outcomes and probabilities
in the individual decision-task.

Support: Figure 1 shows mean deviations from the expected value of 108 across treatments. We
observe that subjects’ certainty equivalents are on average almost exactly at 108 in Treatment
risk, whereas they are slightly below 108 in treatments ip and iop. Thus, subjects do not
show strong indications of risk aversion or an aversion towards imprecision in probabilities
in the individual decision-task. However, when it comes to imprecision towards outcomes
(Treatment io), we find that mean deviations from the expected value of 108 are significantly
different from zero (p = 0.0277, Wilcoxon signed-rank test). The average difference between
the certainty equivalent and the expected value amounts to an increase of 7.4%. In other
words, subjects value the lottery with precise probabilities but imprecise outcome realizations
significantly higher than its expected value. We do not find any significant imprecision in
probabilities premium, which adds to the findings of Kocher and Trautmann (2013), Corgnet
et al. (2013) and Füllbrunn et al. (2014).
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Figure 1: Market medians of subjects’ certainty equivalents across treatments. This
figure depicts the mean of median deviations of subjects’ certainty equivalents (ces) from the
expected value of 108 for each treatment at the market-level. ∗, ∗∗, and ∗∗∗ represent the 10%,
5%, and 1% significance levels from two-sided Wilcoxon signed-rank tests against zero.

The result of a significant imprecision-in-outcomes seeking behavior on average is in line with
the findings of Budescu et al. (2002) and Du and Budescu (2005), who report similar results
in a comparable task framework by eliciting certainty equivalents for lotteries with imprecise
probabilities and outcomes.

In the following, we will present the results of our market treatments based on the previ-
ously described individual outcomes. Our main goal is to analyze if the main result for the
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individual analysis, the imprecision-in-outcomes seeking on average, still holds in a market
framework or whether individual attitudes become smoothed out by market dynamics. For
the market experiment following the individual decision task, subjects were randomly grouped
into markets of eight traders each.

Result 2. Market prices are significantly above expected fundamentals in asset markets with
imprecision in outcome realizations. Other treatments reveal no significant deviation from the
expected value.

Support: Figure 2 shows mean deviations from the expected value of 108 in mean market prices
(maroon bars) next to deviations in the individual certainty equivalents (blue bars, equivalent
to Figure 1 above) and for each treatment. Mean market prices for all treatments are above
the expected value of 108.6 Prices are lowest in Treatment iop with the mean price deviation
being 0.84, increasing to 15.95 for Treatment ip and 18.92 for risk; where none of these
deviations is significant. Turning to Treatment io, we find that deviations from the expected
fundamental value in markets is as high as 38.98, which is also significantly different from zero
with p = 0.0469 (Wilcoxon-Mann-Whitney test). Taken together, these results correspond to
the individual decision task and provide evidence that individual attitudes are not smoothed
out by markets. Even in this dynamic setting, preferences for imprecision-in-outcomes seeking
still hold.

As additional support for our findings, Figure 3 shows smoothed (that is, averaged per 30
seconds) market prices as a function of time for individual markets (grey lines) as well as
treatment means and medians (colored, bold lines). Moreover, we plot the distributions of
individual certainty equivalents of all market participants in the corresponding treatment
(orange dots; larger and darker dots indicate higher density). Whereas for treatments risk, ip,
and iop mean and median prices are almost perfectly aligned with the expected fundamental
value of 108, for Treatment io, however, mean and median market prices are continuously
above the expected value (dotted lines).7 Combining individual ces with these results, we
find that the distribution of certainty equivalents also reflects this pattern. The distribution
is markedly skewed in the direction above 108, which is the expected risk neutral value of the
lottery.

Considering the distributions of individual ces further, we observe a high density around the
expected value of 108 in all treatments, while certainty equivalents around the salient outcome
realizations 58 and 108 in treatments risk and ip also exhibit comparatively high densities.

6Note that, in contrast to the individual decision task, our market environment allows subjects to trade at
prices above the maximum possible payout of 208 Taler per asset. Thus, as prices are bounded at a lower limit
of zero but unbounded above, this could explain our observation of mean overvaluation across treatments.

7For Treatment io it may seem that Figure 3 suggests market prices to be converging on average to 108 at
the end of the trading period. However, the data does not sustain a convergence to 108, since only 11.47% of
all trades are taking place in the last 30 seconds and hardly any individual markets show prices to convergence
towards 108, as depicted in Figure C6 in the Appendix.
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Figure 2: Market medians of subjects’ certainty equivalents and mean market prices
across treatments. This figure shows the mean of median deviations of subjects’ certainty
equivalents (ces, blue bars) and mean deviations of market prices (maroon bars) from the ex-
pected value of 108 for each treatment at the market-level. ∗, ∗∗, and ∗∗∗ represent the 10%,
5%, and 1% significance levels from two-sided Wilcoxon signed-rank tests against zero. Table C2
in the Appendix provides the market medians of subjects’ ces and mean market prices across
treatments with the corresponding test statistics from Wilcoxon signed-rank tests.

Unsurprisingly, subjects’ ces are most evenly distributed in Treatment iop, which bears the
highest level of uncertainty and thus reveals a vast heterogeneity in individuals’ preferences.
On average, however, both individual preferences and market prices in iop are most closely
aligned with those in ip, suggesting that subjects’ preferences towards imprecision-in-outcomes
could be offset by an aversion to imprecision-in-probabilities (i.e., ambiguity aversion). This
reasoning finds support in the comparison of the development of market prices over time of
treatments ip and io. As mentioned above, Treatment io exhibits prices constantly above the
expected fundamental value of 108, whereas prices for ip are not deviating from 108. This
suggests that for the overall effect, the imprecision-in-outcomes seeking is partly overridden
by the indifference or even mild aversion towards imprecision in probabilities.

In a last step, we combine our analysis of individual attitudes with alternative aggregate
market variables in addition to the price. In particular, we want to analyze whether subjects’
beliefs about the expected value in markets become more heterogeneous with the type and level
of imprecision. For that matter, we use the market variables share turnover (st), the volatility
of log-returns (Vola), and the average bid-ask spread (Spread) to measure the degree of
uncertainty among market participants (e.g. Xiong, 2013). Larger sts would indicate more
heterogeneous valuations among subjects as there would be more trade in a market. Similarly,
a higher Vola and larger Spread suggest that participants are in vast disagreement about
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Figure 3: Market prices as a function of time and individual preference densities
across treatments. This figure shows individual market prices (grey lines) as well as treatment
means and medians (blue and red bold lines, respectively) as a function of time for each of the
four treatments. In addition, the orange dots represent the respective distribution of individual
certainty equivalents within a treatment, where larger and darker dots indicate a higher density.
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the appropriate price for the traded assets and, thus, for the traded lottery bearing precise or
imprecise probabilities and/or outcome realizations, respectively.8

Result 3. Bid-ask spreads are highest in markets with imprecision in outcome realizations sug-
gesting the highest degree of heterogeneity among market participants’ valuations. We observe
no significant treatment differences in other market variables.

Support: In Table 3 we present treatment medians for st, Vola, and Spread as well as
pairwise comparisons between treatments. While st and Vola take similar values in all
treatments (p = 0.7148 and p = 0.3685, Kruskal-Wallis tests), the average bid-ask spread
(Spread) is considerably higher in Treatment io, with imprecision in outcome realizations,
compared to ip (p = 0.0101, WMW test) and iop (p = 0.0753). Hence, as buy and sell offers’,
respectively, are furthest apart, imprecise outcomes lead to disagreement between market
participants about the traded asset’s fair value. However, as pointed out above, the overall
direction in the markets is still a mean pricing above the risk neutral fundamental value of
108.

Table 3: Treatment medians for market variables. This table shows in the upper panel
the treatment medians for share turnover (st), the volatility of log-returns (Vola), and the
bid-ask spread (Spread). In the bottom panel we present the results from pairwise Wilcoxon-
Mann-Whitney (WMW) tests between treatments for eahc variable; the numbers represent the
corresponding Z-values. ∗, ∗∗, and ∗∗∗ represent the 10%, 5%, and 1% significance levels from
two-sided tests. The sample size N for each test is 20.

Treatment st Vola Spread

risk 0.61 0.41 45.50

ip 0.44 0.37 29.56

io 0.56 0.46 67.73

iop 0.64 0.35 32.13

Pairwise WMW tests

risk vs. ip 0.98 0.68 1.72∗

risk vs. io 0.19 −1.21 −1.13
risk vs. iop 0.04 0.30 1.44

ip vs. io −0.87 −1.59 −2.53∗∗
ip vs. iop −0.87 −0.15 −0.16
io vs. iop −0.27 1.29 1.81∗

Taken together, our results do not support previous findings of the literature with respect
to ambiguity aversion on the individual level and, more specifically, in market environments.
We neither find significant individual premia for imprecise probabilities, nor do we find any
support in the subsequent market setting. However, what we find is a significant support for

8St is defined by the total trading volume normalized by the total number of shares outstanding at the
end of the period. Vola measures the standard deviation of log-returns on all market prices within the period.
Spread is calculated as the mean difference between the best bid and the best ask price.
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what we call imprecision-in-otucomes seeking, both on the individual as well as the market
level. Looking deeper into the combination of individual attitudes and market behavior, we
find that these patterns survive despite a high level of heterogeneity in individual’s beliefs
about outcomes in Treatment io.

4 Discussion and Conclusion

We combine two experimental tasks to elicit attitudes towards four different kinds of impre-
cision – classical risk, imprecision towards probabilities (e.g. ambiguity in the general sense),
imprecision towards outcomes, and imprecision towards a combination of outcomes and proba-
bilities – in a between-subjects treatment design. In the first task, we elicit individual certainty
equivalents towards the four different types of risk/imprecision; in the second task, we set up a
dynamic market environment with the same characteristics (risk/imprecision operationalized
via buyback prices of assets at the end of the trading period) to be able to connect individual
attitudes with market outcomes.

We find that subjects are significantly imprecision-in-outcomes seeking in the individual task,
in which we find neither aversion nor seeking towards risk, imprecision-in-probabilities, or the
combination of imprecision in outcomes and probabilities. Going one step further, we find that
these results also hold in a market setting. In trading assets with imprecision in fundamental
values (buyback prices of remaining assets at the end of the period) in a market environment
for a duration of 180 seconds, we find exactly the same pattern as in the individual decision
task. Markets with buyback prices that are imprecise towards outcome realizations exhibit a
significant overpricing, indicating an overall imprecision-in-outcomes seeking in markets.

While our results from the individual decision task corroborate the findings of Budescu et al.
(2002) and Du and Budescu (2005), who also find that subjects exhibit the pattern of seeking
imprecision in outcomes when eliciting certainty equivalents, their potential explanations for
subjects preferring imprecision in outcomes relate to both experimental parts of the present
study. First, building on Fox and Tversky’s (1995) comparative ignorance hypothesis, they
suggest that the lack of salience in indirect comparisons in eliciting ces drives the observed
imprecision attitudes, which is potentially also the case in both the individual decision task
as well as in the market experiment of this study. Moreover, subjects’ strong sensitivity
to imprecision-in-outcomes in comparison with an insensitivity to imprecision-in-probabilities
can be explained by the scale compatibility (Tversky et al., 1988) between responses (ces) and
the salient monetary outcome realizations (Budescu et al., 2002). While this nicely relates to
our individual decision task, this notion is even more relevant in the market experiment, in
which monetary outcomes are naturally salient.
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Taking a closer look into the combination of individual attitudes and market behavior, we
additionally find that imprecision in outcomes fosters disagreement about a lottery’s valua-
tion both in eliciting ces and in the dynamic markets’ order books. Thus, the pattern of
imprecision-in-outcomes seeking survives despite a high level of heterogeneity in individual’s
beliefs about outcomes in Treatment io.

Taken together, our results do not support previous findings of the literature with respect to
the imprecision in probabilities (e.g. ambiguity) in laboratory markets, which (depending on
the specific setting) report lower prices for assets containing imprecision in probabilities. In
contrast, we do not find any significant evidence for imprecision premia and rather insensitivity
to this imprecision level in our market setting. However, we provide evidence that previously
reported preferences for imprecision in outcome realizations are robust to market dynamics
with market prices significantly above the expected fundamental value for imprecision-in-
outcomes assets.

As information in financial markets is naturally imprecise and vague, the findings of our study
are important for better predictions and understanding of both individual investment behavior
and aggregate market dynamics. Preferences for imprecision in outcomes in the context of
financial markets imply that investors are more likely to invest in assets characterized by
imprecise information on their fundamentals and their prospective earnings, dividends, and
stock returns. Note, however, that while our experiment uses symmetric lotteries, our results
are limited to the gain domain – hence, we can only draw inferences about implications of
imprecise information regarding (monetary) gains.9

Overall, our results for the imprecision-in-outcomes seeking behavior of individuals translating
into markets is one step towards a new and so far mostly neglected direction of research, where
imprecision and ambiguity has only been modeled in terms of probabilities, but never in the
– as we find – even more important domain of outcomes.

9See Du and Budescu (2005) for a detailed examination of imprecision effects in individual decisions in the
loss and gain domain.
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Appendix to
‘Individual attitudes and market dynamics towards imprecision’

Christoph Huber and Julia Rose

A Experimental Instructions

The following instructions have been translated to English. The original German instructions
are available upon request. Text parts in standard font are identical for all treatments. Text
parts in italics differ between treatments; margin notes on the left indicate the respective
treatment.

Individual decision task

Task

In this part of the experiment you get 1 decision problem on a screen. The decision contains a lottery.
You will be asked to enter the exact Taler amount you would have to receive, to forgo the lottery.
This Taler amount is equal to the sum, at which entering the lottery gives you the exactly the same
utility than receiving this certain Taler amount you choose.

–r
is

k
– The payment from the lottery amounts to either 58 or 158 Taler with equal probability. That is, with a

probability of 50% you receive 58 Taler, and with a complementary probability of 100% - 50% = 50%
you receive 158 Taler.

—
—

ip
—
—

The payment from the lottery amounts to either 58 or 158 Taler. The possible probabilities for the
Taler amounts are realized in steps of 5, the possible probabilities for the realization of 58 Taler as a
payment are in the range of [0%, 5%, 10%, 15%, . . . , 85%, 90%, 95%, 100%]. The exact probability
for the Taler amounts is therefore not known, that is, neither you nor the experimenter knows the
probability with which each of the two amounts can be drawn.

—
—

io
—
—

The payment from this lottery lies, with equal probability, either in the range [8;108] Taler or [108;208]
Taler. That is, with a probability of 50% you receive an amount between 8 and 108 Taler, and with the
complementary probability of 100% - 50% = 50% you receive an amount between 108 and 208 Taler.
The possible Taler amounts are realized in steps of 5, the possible values are therefore either in the
range of [8, 13, 18, 23, . . . , 93, 98, 103, 108] or in the range of [108, 113, 118, 123, . . . , 193, 198,
203, 208]. The distribution of the Taler values is not known, that is, neither you nor the experimenter
knows the probability with which each of the respective values within the ranges can be drawn. It is
possible that all values are equally likely, but it is also possible that only one value occurs; as well as
all possible compositions between these two extremes.

—
—

io
p—

—

The payment from this lottery lies either in the range [8;108] Taler or [108;208] Taler. The possible
Taler amounts are realized in steps of 5, the possible values are therefore either in the range of [8,
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13, 18, 23, . . . , 93, 98, 103, 108] or in the range of [108, 113, 118, 123, . . . , 193, 198, 203, 208].
The distribution of the Taler values is not known, that is, neither you nor the experimenter knows the
probability with which each of the respective values within the ranges can be drawn. It is possible that
all values are equally likely, but it is also possible that only one value occurs; as well as all possible
compositions between these two extremes.
The possible probabilities for the Taler amounts are realized in steps of 5, the possible probabilities for
the realization of an amount in the range of [8, 13, 18, 23, . . . , 93, 98, 103, 108] Taler are in the
range of [0%, 5%, 10%, 15%, . . . , 85%, 90%, 95%, 100%]. The exact probability for the ranges is
therefore not known, that is, neither you nor the experimenter knows the probability with which each
of the two ranges can be drawn.

The exchange rate from Taler to euros in this part of the experiment is

30 Taler = AC1

That is, your total payment from this part of the experiment is the Taler amount divided by 30 in
euros.

Your decision is only valid when you made a decision and clicked on the OK button in the lower area
of the screen.

Payment

Your payment from this part of the experiment will be determined in the following way: the computer
generates a random number with equal probability between 8 and 208.

If this number is greater than your entered Taler amount, you will be payed exactly the amount in
Taler, which was drawn from the computer. You will get this amount at the end of the experiment
in private in cash in addition to your earnings in the other parts of the experiment. Thereby, your
payment in Taler will be exchanged for euros with the corresponding exchange rate from above.

If this number is smaller than your entered Taler amount, you will enter the lottery, your payment will
be determined by the respective rules of the lottery. This lottery will be simulated and you get this
amount at the end of the experiment in private in cash in addition to your earnings in the other parts
of the experiment. Thereby, your payment in Taler will be exchanged for euros with the corresponding
exchange rate from above.

If this number is equal to your entered Taler amount, a computer-simulated fair coin toss will determine,
whether you enter the lottery or get your entered Taler amount. If the lottery is relevant for your
payment, it will be simulated and you get this amount at the end of the experiment in private in cash
in addition to your earnings in the other parts of the experiment. If your entered Taler amount is
relevant for your payment, you will get this amount at the end of the experiment in private in cash in
addition to your earnings in the other parts of the experiment. Thereby, your payment in Taler will
be exchanged for euros with the corresponding exchange rate from above.

Therefore, note that it is in your interest to enter the amount in Taler, for which entering the lottery
gives you exactly the same utility than receiving the Taler amount you chose with certainty.

Before the start of this part, please enter a couple of comprehension questions. In the following, you
will see the decision screen in the program. You can get detailed information for this decision by
clicking on the “Help” button.
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Market experiment

Background of the experiment

The current experiment replicates an asset market in which 8 market participants can trade shares of
a fictitious company over one period of 180 seconds. You receive an initial endowment of 5 units of
the asset and 800 Taler when entering the market. Your asset and Taler holdings cannot drop below
zero.

The exchange rate from Taler to euros in this part of the experiment is

180 Taler = AC1

That is, your total payment from this part of the experiment is the Taler amount divided by 180 in
euros.

To familiarize you with the software and the trading mechanism there will be a trial period which is
not relevant for your payment.

Information on the market architecture and your task as a trader

1) Trading

As a trader you can buy and sell assets. Trade is accomplished in form of a continuous double auction.
That is, every trader can buy and sell assets. You can submit as many buy and sell orders (with at
most 2 decimal places) as you like. Each order is for one unit of the asset.

If you buy assets, your Taler holdings will be decreased by the respective expenditures and the num ber
of assets will be increased by one. Conversely, if you sell assets, your Taler holdings will be increased
by the respective revenues and the number of assets will be decreased by one. Please note that you
can only buy (sell) as many assets as are covered by your Taler (asset) holdings – this includes also
your active offers in the market.

2) Payment

At the end of trading a buyback price for the asset is realized. This buyback price determines the
value of the assets, which you hold at the end of the trading period. These assets are bought back by
the experimenter at this buyback price (price = buyback price). You receive the respective earnings,
converted to euros, at the end of the experiment in cash. Before the start of the trading period you
will get the information on how the respective buyback price will be determined. In addition, this
information is displayed on the upper area of the screen during the trading period.

Thus, this buyback price is relevant for your payment. Your final wealth (= your Taler holdings
plus the unites of the asset multiplied with the respective buyback price) will be divided by 180 to
determine your payment for this part of the experiment.

3) Short overview

• The price of the asset is determined by supply and demand, that is, through the sell and buy
orders entered by yourself and by the other traders in the market (each market consists of 8
market participants).

• In the following you will receive detailed information on how the buyback price at the end of
the period will be calculated. This information is also displayed during the trading period.
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4) Determination of the buyback price

—
—
—
—
—
—
—
—

r
is

k
—
—
—
—
—
—
—
—

The buyback price determines the value of the asset and thereby also your earnings, which you get
at the end of the experiment. For each asset you are holding at the end of this period, you will
receive the respective buyback price. This buyback price is either 58 or 158 Taler with equal probability.
That is, with a probability of 50% you receive 58 Taler per unit of the asset, and with a complementary
probability of 100% - 50% = 50% you receive 158 Taler per unit of the asset. The randomly determined
buyback price is the same for all assets in this period. Thus, at the end of the period the assets you hold
will be bought back from the experimenter at this buyback price, which will be determined as described
above.

Short overview of the payment:

1. In the front of the laboratory you see an urn.

2. This urn is filled with 20 balls. 10 balls are white, 10 balls are yellow.

3. Before the beginning of the trading period all participants of this experiment vote which color
stands for a buyback price of 58 Taler. The other color then stands for a buyback price of 158
Taler. The decision is made by majority vote. If the same number of participants votes for white
than for yellow, the computer randomly selects the color which stands for 58 Taler with equal
probability.

4. Then, participant in cubicle number 1 will be asked to draw a ball from the urn.

5. If the ball drawn from the participant is of color with the majority of votes, the buyback price is
58 Taler; otherwise 158 Taler.
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—
—
—
—
—
—
—
—

ip
—
—
—
—
—
—
—
— The buyback price determines the value of the asset and thereby also your earnings, which you get at

the end of the experiment. For each asset you are holding at the end of this period, you will receive
the respective buyback price. This buyback price is either 58 or 158 Taler. The possible probabilities
for the buyback prices are realized in steps of 5, the possible probabilities for the realization of 58 Taler
as the buyback price are in the range of [0%, 5%, 10%, 15%, . . . , 85%, 90%, 95%, 100%]. The exact
probability for the buyback prices are therefore not known, that is, neither you nor the experimenter
knows the probability with which each of the two amounts can be drawn. The randomly determined
buyback price is the same for all assets in this period. Thus, at the end of the period the assets you hold
will be bought back from the experimenter at this buyback price, which will be determined as described
above.

Short overview of the payment:

1. In the front of the laboratory you see an urn.

2. This urn is filled with 20 yellow or white balls. Neither you nor the experimenter know the exact
composition of balls in this urn.

3. Before the beginning of the trading period all participants of this experiment vote which color
stands for a buyback price of 58 Taler. The other color then stands for a buyback price of 158
Taler. The decision is made by majority vote. If the same number of participants votes for white
than for yellow, the computer randomly selects the color which stands for 58 Taler with equal
probability.

4. Then, participant in cubicle number 1 will be asked to draw a ball from the urn.

5. If the ball drawn from the participant is of color with the majority of votes, the buyback price is
58 Taler; otherwise 158 Taler.

—
—
—
—
—
—
—
—

io
—
—
—
—
—
—
—
— The buyback price determines the value of the asset and thereby also your earnings, which you get at

the end of the experiment. For each asset you are holding at the end of this period, you will receive
the respective buyback price. This buyback price lies, with equal probability, either in the range [8;108]
Taler or [108;208] Taler. That is, with a probability of 50% you receive an amount between 8 and 108
Taler per unit of the asset, and with the complementary probability of 100% - 50% = 50% you receive
an amount between 108 and 208 Taler per unit of the asset. The possible buyback prices are realized
in steps of 5, the possible values are therefore either in the range of [8, 13, 18, 23, . . . , 93, 98, 103,
108] or in the range of [108, 113, 118, 123, . . . , 193, 198, 203, 208]. The distribution of the buyback
prices is not known, that is, neither you nor the experimenter knows the probability with which each
of the respective values within the ranges can be drawn. It is possible that all values are equally likely,
but it is also possible that only one value occurs; as well as all possible compositions between these
two extremes. The randomly determined buyback price is the same for all assets in this period. Thus,
at the end of the period the assets you hold will be bought back from the experimenter at this buyback
price, which will be determined as described above.

Short overview of the payment:

1. In the front of the laboratory you see three numbered urns.

2. Urn 1 is filled with 20 balls. 10 balls are white, 10 balls are yellow.
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3. Before the beginning of the trading period all participants of this experiment vote which color
stands for a buyback price in the range between 8 and 108 Taler. The other color then stands
for a buyback price in the range between 108 and 208 Taler. The decision is made by majority
vote. If the same number of participants votes for white than for yellow, the computer randomly
selects the color which stands for a buyback price in the range between 8 and 108 Taler with
equal probability.

4. Then, participant in cubicle number 1 will be asked to draw a ball from Urn 1.

5. If the ball drawn from the participant is of color with the majority of votes, the buyback price is
in the range between 8 and 108 Taler; otherwise in the range between 108 and 208 Taler.

6. To determine the exact buyback price, the same participants will draw a ball from Urn 2 or Urn
3.

7. Urn 2 is filled with 21 balls. The balls are labeled with buyback prices in the range from 8 to
108. Neither you nor the experimenter know the exact composition of balls in this urn.

8. Urn 3 is also filled with 21 balls. The balls are labeled with buyback prices in the range from 108
to 208. Neither you nor the experimenter know the exact composition of balls in this urn.

9. Depending on the drawn color from the first urn the participant will draw a ball from the urn
with the relevant range and thereby determine the exact buyback price.

—
—
—
—
—
—
—
—

io
p—

—
—
—
—
—
—
— The buyback price determines the value of the asset and thereby also your earnings, which you get at

the end of the experiment. For each asset you are holding at the end of this period, you will receive
the respective buyback price. The payment from this lottery lies either in the range [8;108] Taler or
[108;208] Taler. The possible buyback prices are realized in steps of 5, the possible values are therefore
either in the range of [8, 13, 18, 23, . . . , 93, 98, 103, 108] or in the range of [108, 113, 118, 123,
. . . , 193, 198, 203, 208]. The distribution of the buyback prices is not known, that is, neither you
nor the experimenter knows the probability with which each of the respective values within the ranges
can be drawn. It is possible that all values are equally likely, but it is also possible that only one value
occurs; as well as all possible compositions between these two extremes. The possible probabilities for
the buyback prices are realized in steps of 5, the possible probabilities for the realization of an amount
in the range of [8, 13, 18, 23, . . . , 93, 98, 103, 108] Taler are in the range of [0%, 5%, 10%, 15%, . . . ,
85%, 90%, 95%, 100%]. The exact probability for a buyback price in the range [8, 108] is therefore
not known, that is, neither you nor the experimenter knows the probability with which each of the two
ranges can be drawn. The randomly determined buyback price is the same for all assets in this period.
Thus, at the end of the period the assets you hold will be bought back from the experimenter at this
buyback price, which will be determined as described above.

Short overview of the payment:

1. In the front of the laboratory you see three numbered urns.

2. Urn 1 is filled with 20 yellow or white balls. Neither you nor the experimenter know the exact
composition of balls in this urn.

3. Before the beginning of the trading period all participants of this experiment vote which color
stands for a buyback price in the range between 8 and 108 Taler. The other color then stands
for a buyback price in the range between 108 and 208 Taler. The decision is made by majority
vote. If the same number of participants votes for white than for yellow, the computer randomly
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selects the color which stands for a buyback price in the range between 8 and 108 Taler with
equal probability.

4. Then, participant in cubicle number 1 will be asked to draw a ball from Urn 1.

5. If the ball drawn from the participant is of color with the majority of votes, the buyback price is
in the range between 8 and 108 Taler; otherwise in the range between 108 and 208 Taler.

6. To determine the exact buyback price, the same participants will draw a ball from Urn 2 or Urn
3.

7. Urn 2 is filled with 21 balls. The balls are labeled with buyback prices in the range from 8 to
108. Neither you nor the experimenter know the exact composition of balls in this urn.

8. Urn 3 is also filled with 21 balls. The balls are labeled with buyback prices in the range from 108
to 208. Neither you nor the experimenter know the exact composition of balls in this urn.

9. Depending on the drawn color from the first urn the participant will draw a ball from the urn
with the relevant range and thereby determine the exact buyback price.
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B Screenshots of the experimental tasks

Figure B1: Screenshot of the Investment Task in Treatment io.
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Figure B2: Screenshot of the Trading Screen in Treatment io.
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C Additional figures and tables

Table C1: Subject demographics across treatments. This table depicts the averages of
demographic variables for each treatment. The last column shows p-values for differences between
treatments from Kruskal-Wallis tests.

Treatment risk io iop ip p-value

Age 23.49 23.03 23.26 22.88 0.56

Female (in %) 46.25 51.25 45.00 43.75 0.79

Study semester 5.84 5.75 6.28 5.45 0.46

Risk aversion (general) 5.05 4.59 5.14 5.08 0.38

Risk aversion (financial) 4.10 3.89 4.36 4.25 0.53

CRT score (correct out of 4) 1.84 1.71 1.84 2.14 0.16

Financial literacy score (correct out of 3) 2.54 2.46 2.46 2.35 0.23

N 80 80 80 80

Table C2: Market medians of subjects’ certainty equivalents and mean market prices
across treatments and Wilcoxon signed-rank tests. This figure shows the mean of subjects’
median certainty equivalents (ces, left two columns) and mean market prices (right two columns)
for each treatment at the market-level. The columns labeled ’p-value’ each show the corresponding
p−values and ’Z’ shows corresponding Z-values from two-sidedWilcoxon signed-rank tests against
the expected value of 108. ∗, ∗∗, and ∗∗∗ represent the respective 10%, 5%, and 1% significance
levels. The sample size N for each test is 10.

Treatment ce Z p-value Market price Z p-value

risk 107.90 1.380 0.1677 126.92 1.172 0.2411

ip 104.50 −0.565 0.5723 123.95 0.764 0.4446

io 115.95∗∗ 2.202 0.0277 146.98∗∗ 1.988 0.0469

iop 105.85 −1.231 0.2183 108.84 0.051 0.9594

Table C3: Summary statistics of completed transactions across treatments. This table
depicts the summary statistics of the number of completed transactions across all treatments.
There is no significant difference across treatments with p = 0.7147 (Kruskal-Wallis test).

Treatment risk io iop ip

Median 24.5 22.5 25.5 17.5

Mean 26.6 27.1 26.1 22.9

Standard Deviation 10.52 13.74 9.28 11.77

N 10 10 10 10

x



Figure C1: Number of active traders (in the sense of posting sell/buy offers) for each
market across treatments. This graph depicts the number of traders posting sell and/or buy
offers in the market, separated by treatments. There is no significant difference in the number of
active traders across treatments with p = 0.2734 (Kruskal-Wallis test).
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Figure C2: Number of completed transactions for each market across treatments.
This graph depicts the number of actual completed transactions per market for each treatment
separately.
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Figure C3: Mean certainty equivalents for each market across treatments. This graph
depicts the mean certainty equivalents per market for each market separately.
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Figure C4: Individual transaction prices for each market of Treatment risk. The
dashed line represents the expected value of 108.
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Figure C5: Individual transaction prices for each market of Treatment ip. The dashed
line represents the expected value of 108.

xv



20

50

80

110

140

170

200

230
260
290

T
ra

n
s
a
c
ti
o
n

 p
ri
c
e
s

0 30 60 90 120 150 180

Time

Market 1

IO

20

50

80

110

140

170

200

230
260
290

T
ra

n
s
a
c
ti
o
n

 p
ri
c
e
s

0 30 60 90 120 150 180

Time

Market 2

IO

20

50

80

110

140

170

200

230
260
290

T
ra

n
s
a
c
ti
o
n

 p
ri
c
e

s

0 30 60 90 120 150 180

Time

Market 3

IO

20

50

80

110

140

170

200

230
260
290

T
ra

n
s
a
c
ti
o
n

 p
ri
c
e

s

0 30 60 90 120 150 180

Time

Market 4

IO

20

50

80

110

140

170

200

230
260
290

T
ra

n
s
a

c
ti
o

n
 p

ri
c
e

s

0 30 60 90 120 150 180

Time

Market 5

IO

20

50

80

110

140

170

200

230
260
290

T
ra

n
s
a

c
ti
o

n
 p

ri
c
e

s

0 30 60 90 120 150 180

Time

Market 6

IO

20

50

80

110

140

170

200

230
260
290

T
ra

n
s
a

c
ti
o

n
 p

ri
c
e

s

0 30 60 90 120 150 180

Time

Market 7

IO

20

50

80

110

140

170

200

230
260
290

T
ra

n
s
a

c
ti
o

n
 p

ri
c
e

s

0 30 60 90 120 150 180

Time

Market 8

IO

20

50

80

110

140

170

200

230
260
290

T
ra

n
s
a

c
ti
o

n
 p

ri
c
e

s

0 30 60 90 120 150 180

Time

Market 9

IO

20

50

80

110

140

170

200

230
260
290

T
ra

n
s
a

c
ti
o

n
 p

ri
c
e

s

0 30 60 90 120 150 180

Time

Market 10

IO

Figure C6: Individual transaction prices for each market of Treatment io. The dashed
line represents the expected value of 108.
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Figure C7: Individual transaction prices for each market of Treatment iop. The dashed
line represents the expected value of 108.
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