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ABSTRACT 

In this paper, we investigate traders’ risk preferences in the experimental asset markets presented by 

Haruvy, Lahav, and Noussair (2007) using estimated risk preferences from Holt and Laury (2002), in 

order to determine whether the assumption of risk neutrality in the markets seems reasonable. To 

accomplish this, we analyze whether markets converge to rational expectation in the sense of Muth 

(1961) (REM), which is defined as: (i) predictions are sustained by outcomes, and (ii) outcomes must 

support predictions from some theory (Smith et al., 1988). If traders have rational expectations, then 

prices will follow the assets’ intrinsic value, and since this value is defined partly by traders’ risk 

preferences it will allow us to examine them. Utilizing a rank dependent utility model, with expo-

power, Prelec probability weighting, and contextual errors, we estimate that subjects in Holt and 

Laury (2002) are risk averse. We use this estimated risk aversion in conjunction with the dividend 

distribution from Haruvy et al. (2007), to obtain an estimate for the risk-adjusted intrinsic value, 

which we expect the equilibrium price to follow if markets exhibit REM. Our principal findings are: 

(i) predictions are not sustained by prices, (ii) prices do not support predictions from the estimated 

risk-adjusted intrinsic value, however, we find evidence that they do support an intrinsic value slightly 

below the one expected under risk neutrality, and (iii) markets do not exhibit REM. We believe, that 

the reason why traders’ predictions are not supported by prices, and why we in turn do not find support 

for REM, is that we observe a bubble in all markets, indicating that markets have not reached common 

knowledge of rationality (Plott, 1961). Despite not finding support for REM, our result that prices 

support a slightly risk averse intrinsic value, indicates that the risk neutrality assumption in Haruvy 

et al. (2007) might not be justified.  
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1. Introduction 
In the experimental asset market literature, it is often assumed that subjects are risk neutral. This 

assumption is convenient, because it implies that the expected value of the stock coincides with the 

subjects’ expected utility. The assumption is often argued to be fair, given the low stakes that 

characterize these experimental markets. However, from empirical research we know that people 

generally tend to display risk aversion even at small stakes. This begs the question whether the risk 

neutral assumption is justified, since, if it is not, it can lead to biased conclusions. In this dissertation, 

we investigate whether the risk neutral assumption seems appropriate, by formally modelling risk 

preferences and applying them to experimental asset market data.  

To accomplish this, we use data from Holt and Laury (2002), where a total of 212 student subjects 

were presented with a set of binary choice tasks. It is possible to estimate the risk preferences of the 

individuals in the sample, by analyzing the choice patterns, using what is called a structural model. 

In this paper, we mainly work with the structural model called rank dependent utility (RDU)1, which 

nests the canonical expected utility theory2 (EUT), and where objective probabilities are replaced by 

individual decision weights. Decision weights are simply the subjective probability that an individual 

assigns to a given outcome, based on the objective probability and that outcome’s ranking relative to 

all other possible outcomes (Starmer, 2000). This is an extension to the original work of Holt and 

Laury (2002), who used EUT to analyze and estimate risk preferences. We find that subjects, on 

average, are risk averse, displays probability weighting, and that risk aversion is increasing in stakes. 

The risk aversion findings are consistent with the results obtained by Holt and Laury (2002) using 

EUT, but we show that the findings are robust to probability weighting.  

The asset market data is from Haruvy et al. (2007), where 53 student subjects trade identical dividend 

paying stocks for 15 rounds. Each round consists of a bidding phase where traders submit their bids 

and asks, a trading phase where stocks are exchanged between subjects at the price calculated based 

on the bids/asks, and a payoff phase where the stocks pay dividend to the owners. The dividend 

distribution is known to all traders, which makes it possible to calculate the value of owning the asset. 

This value is denoted the fundamental value and is a function of both the dividend distribution and 

the traders’ risk preferences. Since Haruvy et al. (2007) assume that traders are risk neutral, the 

																																																													
1 The model will be formally introduced in the theory section, but in short: RDU with expo-power utility, Prelec 
probability weighting, and contextual errors, these specifications are used, because they offer the most flexibility and nest 
other core models as special cases.  
2	Both structural models use non-linear transformations to express payoffs in a non-monetary form (utility).	
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fundamental value is assumed equal to the expected value of the dividend distribution. However, 

since Holt and Laury (2002) proved that subjects exhibit risk aversion even for low stakes similar to 

those in Haruvy et al. (2007), we believe that this assumption is an unjustified simplification of 

traders’ true risk preferences.    

By combining the two data sets, we are able to use the risk preferences estimated from the Holt and 

Laury (2002) to investigate the risk neutral assumption in Haruvy et al. (2007). The viability of this 

approach is based on the argument that both samples, exclusively consisting of American university 

students, are drawn from the same population. Additionally, the stakes in the two experiments are in 

the same range, which is a prerequisite in order to assume that the risk preferences in Holt and Laury 

(2002) are identical to those in Haruvy et al. (2007). To test the risk preferences in Haruvy et al. 

(2007), we need some framework to identify how attitude towards risk is described in the data. We 

use rational expectations in the sense of Muth (1961) (REM), which was defined and tested by Smith 

et al. (1988) as: predictions are sustained by outcomes, and these outcomes, in turn, support the 

prediction of some theory3. Smith et al. (1988) report that markets do not exhibit REM, since traders 

have positive expectations to capital gains, which, in turn, creates bubbles. It was later hypothesized 

by Plott (1961) that bubbles can result from a lack of common knowledge of rationality, but that 

traders can learn other traders’ rationality through experience. So, common knowledge of rationality 

can be interpreted as a prerequisite for rational expectations, since a rational trader will only have 

rational expectations if he knows that other traders are rational, ultimately eliminating the possibility 

of capital gains.  

Formally, we test whether outcomes support predictions from either (i) the expected value (risk 

neutral REM), or (ii) the risk-adjusted value (risk-adjusted REM). As mentioned, the expected value 

is given directly by the dividend distribution in the Haruvy et al. (2007) data, while we calculate the 

risk-adjusted value using the estimated risk aversion from Holt and Laury (2002). Normally, one 

would be forced to assume some the risk-adjusted value, but the benefit of our approach is that we 

have an actual estimate of the risk-adjusted value. We believe that this approach allows us to test the 

REM hypothesis in a way that is different from what has previously been done in the literature. REM 

has been tested thoroughly by Smith et al. (1988) but they do not model risk preferences, and multiple 

																																																													
3 Originally, Muth (1961) writes:” expectations of firms (or, more generally, the subjective probability distribution of 
outcomes) tend to be distributed, for the same information set, about the prediction of the theory (or the "objective" 
probability distributions of outcomes) “. 
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authors have tested REM partly by, e.g., testing whether bubbles generate under different treatments: 

Porter and Smith (1995), and Van Boening, Williams, and LaMaster (1993), but these papers both 

assume risk neutrality. 

In conclusion, we investigate traders’ risk preferences by testing whether we can find support for the 

risk neutral or the risk-adjusted REM hypothesis in the market data from Haruvy et al. (2007), using 

risk preferences estimated from Holt and Laury (2002) data. To answer this research question, we 

test the following hypotheses:  

• Traders’ predictions are sustained by outcomes 

• Equilibrium price supports the value predicted by theory* 

where theory* is either the risk neutral fundamental value or the risk-adjusted intrinsic value. 

We find that bubbles form in all markets, but that they decrease in magnitude as traders gain 

experience. This is a common result reported by, e.g., Smith et al. (1988), King, Smith, Williams, and 

Van Boening (1993), Van Boening, Williams, and LaMaster (1993), and Haruvy et al. (2007). 

We do not find support for the risk neutral or risk-adjusted REM hypotheses in the market data from 

Haruvy et al. (2007), which is consistent with the results reported by Smith et al. (1988) based on 

their experiments. We reject the hypothesis that traders’ predictions are sustained by prices, since 

they persistently underpredict in rounds where the bubble forms, miss the turning point, and 

overpredict in rounds following the crash. However, we cannot reject the second part of REM, that 

equilibrium prices support the value predicted by the risk neutral fundamental value.  

This result is puzzling in the sense that, when prices support predictions from some theory, it indicates 

that traders have common knowledge of rationality, since capital gains expectations are absent. 

However, the fact that traders’ predictions are not sustained by prices, indicates that there is not 

common knowledge of rationality since, if markets exhibit REM, then traders would know the 

rationality of others, thereby making forecasting simple. We argue that the reason for this discrepancy 

might be due to either: (i) traders do not act on their beliefs, (ii) traders are not properly incentivized 

to reveal their true beliefs, or (iii) markets have not reached common knowledge of rationality, since 

we observe a small bubble in market 4. This last argument disregards the result that we cannot 

statistically reject that prices follow some fundamental value, and is supported by observations of 
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prices above fundamental values (ref. figure 5.11) in combination with positive amplitudes4 (ref. table 

5.12).  

Ultimately, the observation of the bubble in market 4 leads us to believe, that there is not common 

knowledge of rationality in the market, and that this is the reason as to why forecasts are not sustained 

by prices. We know that, when markets exhibit REM, the price follows a pattern determined partly 

by risk preferences, but since we do not find support for REM, it is difficult to make any definitive 

conclusion about the exact risk preferences in the markets. However, since we estimate that (i) price 

levels support a fundamental value below the risk neutral fundamental value, and (ii) price changes 

are greater than those expected under risk neutrality, our results indicate that the risk neutrality 

assumption in Haruvy et al. (2007) might not be justified.  

 

 

 

	

	

	

	

	

	

	

	

	

	

	

	

	

	

																																																													
4 Amplitude refers to the size of the bubble in a market. If bubbles are not present and prices follow fundamental value, 
then amplitude = 0. 
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2. Literary Review 
The literary review is divided into two parts, covering the literature within our two topic areas: 2.1 

experimental asset markets and 2.2 risk preferences.  

2.1 Experimental Asset Markets 
The asset market experiments by Smith, Suchanek and Williams (1988) (SSW) is some of the most 

canonical work in this particular part of the behavioural economics literature. In their paper, SSW use 

212 subjects from the University of Arizona to conduct a multitude of experimental asset markets. 

Each market consists of 9-12 subjects who are asked to trade identical stocks, which pay a random 

dividend at the end of each period. The payoff distribution for the dividend is known with certainty 

by the traders, i.e. they know which dividends are possible and with what probabilities they are 

realized. Trading occurs over a sequence of 15 rounds, where traders can continuously submit bids at 

which they wish to buy stocks and asks at which they wish to sell. They do so through a trading 

screen, where they can always see the market depth, i.e. the current highest bid and the current lowest 

ask. At the beginning of the experiment, each trader is given an endowment of cash and stocks. 

Traders are, at random, divided into three different endowment types, and each type is awarded some 

combination of cash and stocks. The endowment types are designed such that the sum of cash and 

stocks are identical5, i.e. all traders are equally endowed at the start of the experiment. SSW run a 

total of 26 experiments (markets), where some markets differ by the type of setting (treatment) traders 

are in. Some of the subjects participate in multiple markets, and SSW labels these traders as 

professionals. In 10 of the experiments, traders are asked, at the end of each round, to provide an 

estimate for the mean price in the following round. Traders are incentivized to give their best estimate, 

as the trader with the lowest cumulative absolute forecasting error receive an additional remuneration 

of 1 $, which Williams (1987) has previously demonstrated to be sufficient incentive for serious 

forecasting. SSW investigate whether forecasts are unbiased predictors of the mean price, using the 

OLS regression:  

𝑃",$ = 𝛼' + 𝛽'𝐹",$,+ 

in which 𝑃",$	is the mean price in period t for experiment e, and 𝐹",$,+ is the forecast for period t, in 

experiment e, submitted by individual i. They test 𝛼' = 0 and 𝛽' = 1, i.e. whether forecasts are 

unbiased predictors of mean price. They find no support for this hypothesis and conclude that 

																																																													
5 Assuming risk neutrality. 
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forecasts are consistently biased: traders tend to under-predict during “booms” (when the bubble 

forms), over-predict during “busts” (when the bubble bursts), and they are unable to predict turning 

points. SSW also investigate rational expectations in the sense of Muth (1961) (REM), which states 

that: expectations must be sustained by outcomes (prices), and those outcomes must, in turn, support 

the prediction of some theory6. To test this hypothesis, they estimate the following equation using 

OLS: 

𝑃" − 𝑃"0' = 	−𝐸 𝑑 + 𝐾 + 𝛽 𝐵"0' − 𝑂"0'  

where 𝑃" − 𝑃"0'  is the mean price change between period t and t-1,  −𝐸 𝑑  is the expected dividend 

in each round, 𝐾 is the risk-premium, and (𝐵"0' − 𝑂"0') is the number of excess bids7 in the previous 

round. Since −𝐸 𝑑  and 𝐾 are constant, the regression simplifies to:  

𝑃" − 𝑃"0' = 𝛼 + 𝛽 𝐵"0' − 𝑂"0'  

SSW motivate this regression by stating that mean price is separable into (at most) three terms: (i) 

the decline in expected dividend, 𝐸 𝑑 , (ii) an adjustment for risk, K, and (iii) capital gains 

expectations, arising from the revealed excess demand for shares. They argue that 𝐵"0' − 𝑂"0'  

serves as a proxy for capital gains expectations, as they observe a tendency for the number of bids to 

thin prior to a crash in the mean price. They test hypothesis H: the price adjustment process is 

described by the equation above. As special cases of H, they have the risk neutral REM (H1): 𝛼 =

−	𝐸 𝑑 , and the risk-adjusted REM (H2): 𝛼 ≤ 𝐸 𝑑 . They find that they are able to reject 𝛽 ≤ 0 (p-

value < 0.05), and therefore find support for H, indicating that markets do not exhibit REM. However, 

SSW argue that if one interprets H in an equilibrium sense, then it represents REM, if and when the 

expectation to capital gains 𝐵"0' − 𝑂"0'  converges to 0. Essentially, this means that REM is only 

supported as an equilibrium concept, describing  the equilibrium the market will reach when 

𝐵"0' − 𝑂"0' → 0. This enables them to interpret 𝛼 as the constant price change, once the market 

reaches the REM equilibrium. They are unable to reject  𝛼 = −𝐸 𝑑	 , which supports the H1 

hypothesis. However, since the estimate for 𝛼	is slightly greater than  −𝐸 𝑑 , they interpret this as 

weakly supporting H2.  

 

																																																													
6 The theory under analysis in SSW: prices follow either risk-neutral or risk-adjusted expected values. 
7 Total number of bids minus total number of asks.	
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SSW conclude that common information about dividends is not sufficient to yield rational common 

expectations, since markets do not converge to the REM equilibrium. Although not directly stated in 

the paper, we argue that rational common expectations are built on common knowledge of rationality 

because, if traders are not rational or doubt the rationality of others, then rational common 

expectations cannot exist. So initially, common information about dividends is not sufficient to yield 

common knowledge of rationality8 and, in turn, rational common expectations. However, as traders 

learn that the other market participants are rational, it leads to common knowledge of rationality and 

thereby rational common expectations. When traders know that other traders are rational, they trade 

accordingly, and prices converge to some fundamental value. This observation supports the notion 

that markets will reach REM equilibrium at some point, once rational common expectations have 

been established. SSW show that markets with professionals exhibit smaller bubbles, indicating that 

rational common expectations can be reached through experience. One reason why experience can 

lead to rational common expectations was initially proposed by Tirole (1982), where the bubble 

formation is thought of as a temporary myopia, and traders learn that capital gains are only 

temporarily sustainable. However, this is only a hypothesis, and SSW note “With experience, and its 

lessons in trial-and-error learning, expectations tend ultimately to converge and yield an REM 

equilibrium”, which is vague in respects to what, besides “experience”, actually leads to rational 

common expectations. We argue that, because we still see bubbles in markets with traders, who have 

previously played a market together, simply observing price convergence after a bubble in one market 

is not sufficient to induce common knowledge of rationality. This begs the question: how many times 

does a market need to be repeated before converging to rational common expectations? 

King, Smith, Williams, and Van Boening (1993) assume risk neutral traders and test the robustness 

of bubble formation under a number of different treatments that were not part of the SSW paper: 

short-selling, margin buying9, brokerage fees, equal endowments, informed traders10, limit price 

change rules11, and subjects having business experience (KSWB, 1993). The authors use the same 

																																																													
8 Lei et al. (2001) states a similar interpretation of SSW’s results, but the argument was first formulated by Plott (1991), 
where he hypothesizes: “Rationality of agents might not be public information. Each agent might be rational but might 
also be unsure about the rationality of others. Perhaps the rationality of others is only learned by experience“. 
9 Traders can borrow money to purchase additional shares i.e. leverage their portfolio.	
10 Traders were provided with a copy of the SSW paper, which they were asked to read prior to the experiment. During 
the experiment, traders were provided with a table after each round, which displayed the number of bids, asks, and excess 
bids for that round.  
11 Price changes are constrained by a limit, which means that the price can (at max) only change by a fixed amount in 
each round. 
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auction format as SSW, with 9 to 15 traders12 in each market. They find that the formation of bubbles 

persists in all treatments, with the added caveat that short-selling and margin buying can even amplify 

bubble effects when combined with inexperienced subjects. In addition, KSWB conclude that there 

is no significant difference between the trading patterns produced by business professionals and 

student subjects. Their experiments show that, while inexperienced traders create large bubbles, 

traders who have already played the game once create relatively smaller bubbles, and twice 

experienced subjects create even smaller bubbles13. This demonstrate that the market does not exhibit 

REM, however, since experience cause smaller bubbles, it seems that expectations converge towards 

REM as experience grows. Furthermore, experience is found to be the only reliable way of dampening 

bubbles. In conclusion, they find further evidence to support the basic findings of SSW; common 

information about dividends is not sufficient to yield rational common expectations about price, but 

through experience, agents can come to have rational common expectations.  

Porter and Smith (1995) use 366 students from American universities, and they assume subjects to 

be risk neutral. They extend the research of KSWB, by introducing a futures market to the 

experimental design. The futures market work as follows: from round 1-8 traders are given the 

capacity to trade units of future shares (stock futures). These stock futures will expire in round 8 and 

trader’s net futures position will be transferred to his spot position14. The stock futures will not earn 

any dividends from round 1-8 but will do so from round 9-15, after they are converted to spot shares 

in round 8. The futures market essentially provides a tool, through which traders can get an advance 

reading of the price expectations for round 8. The futures market treatment reduces the size of the 

bubble formation, yet it is still persistent. They also test a general hypothesis that bubbles form 

because people are risk averse in dividends. The hypothesis is, that prices start below fundamental 

value since traders are risk averse, but increase as prices this low allows profitable arbitrage trading, 

which creates a self-fulfilling expectation of rising prices. By introducing a constant dividend, Porter 

and Smith (1995) eliminate any risk in dividends, but still observe bubble formation. This is an 

important result, because SSW argue that bubbles arise fundamentally due to dividend risk aversion, 

which is not supported by Porter and Smith (1995) findings. Rather, it affirms more strongly the 

proposition that price bubbles are driven by lack of rational common expectations or common 

knowledge of rationality, which subsides with experience as traders learn that other traders are 

																																																													
12 It is not clear, how many subjects, in total, partook in the experiments.  
13 This last observation is based on a very small sample. 
14 Spot plus futures inventory must be greater than 0 at round 8, or a per share penalty is paid.		
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rational. In respect to trading patterns, Porter and Smith (1995) finds that twice-experienced traders 

produce smaller bubbles compared to once- and inexperienced subjects, just as has been proved 

previously by SSW and KSWB. In their paper, Porter and Smith (1995) also tests the hypothesis 

formed by SSW; H: the price adjustment process is described by 𝑃" − 𝑃"0' = 𝛼 + 𝛽 𝐵"0' − 𝑂"0' . 

They report that they are unable to reject that 𝛼 is equal to the expected value, however, not touched 

upon in the paper, they actually estimate 𝛼 < 𝐸𝑉, meaning that they find weak support for risk averse 

subjects, and thus risk-adjusted REM as an equilibrium concept, just as SSW did. 

Van Boening, Williams, and LaMaster (1993) uses 56 student subject assumed to be risk neutral and 

investigate whether changing the market format to a call market can eliminate bubbles. In this 

framework, traders are asked to submit bids and asks, alongside the number of stocks that they wish 

to buy or sell at this price. A market clearing price is then calculated, and traders with bids (asks) 

above (below) this price are then allowed to buy (sell) at the market clearing price. Their hypothesis 

is: subjects cannot observe the bid-ask spread, therefore the endogenous expectations to capital gains 

are eliminated. They conduct a total of 12 market experiments, 6 of which use the call market format, 

and 6 of which use the double continuous market format (used in SSW). They find that, although the 

call market produce bubbles with lower magnitude, it fails to eliminate them completely. In addition, 

they find that subjects who participate in multiple markets (once and twice experienced), tend to 

produce smaller bubbles. Their work solidifies the results of previous findings in the field (e.g. SSW, 

KSWB), namely that experience can work to eliminate speculative behaviour as traders can come to 

have rational expectations through experience. 

Haruvy, Lahav, and Noussair (2007) elicit traders’ (53 student subjects) predictions in a call market 

format and evaluate whether these predictions provide useful information regarding price movements. 

Traders are divided into 6 sessions with 9 participants in each (1 session has 8 traders) that trade for 

4 consecutive markets, each market consisting of 15 rounds. At the beginning of each round t, traders 

are asked to submit their price predictions for the following (15 – t) rounds. They elicit traders’ beliefs 

for all future rounds in a market, and traders are allowed to update their beliefs at the start of the 

following round. This is different from the rest of the literature, where authors elicit predictions only 

for the following round. Traders’ ability to accurately predict future prices is rewarded monetarily in 

accordance with a scoring rule designed by the authors. One of the main findings in Haruvy et al. is 

that mean short-term expectations are an unbiased estimator of price changes. To reach this 

conclusion, they run the regression:  
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𝑃" − 𝑃"0' = 𝛼 + 𝛽 𝐵"" − 𝑃"0'  

in which 𝐵"" is the average prediction submitted by traders prior to round t concerning the price in 

round t. They test if 𝛽 = 1 and 𝛼 = 0, and find support for their hypothesis in the later markets. 

Although not in scope of their analysis, the equation above is actually partly a test of the REM 

hypothesis. More specifically, if 𝛽 = 1 and 𝛼 = 0, then short-term expectations are sustained by price 

changes. Therefore, this finding challenges the view of SSW, who found predictions to be consistently 

biased. These two results are, of course, not directly comparable, since one investigates short-term 

changes Haruvy et al. (2007), whilst the other investigate prices at an absolute level (SSW).  

Lei, Noussair, and Plott (2001) investigate whether bubbles form due to lack of common knowledge 

of rationality, or because subjects themselves exhibit behaviour that is irrational. This is, basically, 

testing one of the findings in SSW: prices fail to follow fundamental values, because traders initially 

doubt the rationality of the other traders, and therefore speculate in an opportunity to make capital 

gains. The authors run 16 experiments with a total of 131 subjects, market size ranges between 6 and 

15 traders depending on the experimental session and treatment, and subjects trade for either 12, 15 

or 18 consecutive rounds. One of their main treatments is a 12-round experiment called NoSpec, 

which is run in 3 experimental sessions. In this treatment, traders are assigned the role of either buyer 

or seller at the start of the experiment. Buyers (sellers) are allowed only to buy (sell) stocks for the 

entire market, so there is no opportunity for traders to earn capital gains. Each seller is endowed with 

20 stocks at the start of the experiment, and each buyer is given 7,200 in working capital. The traded 

asset pays, with equal probability, either 20 or 40 each round, and since they trade for 12 rounds, the 

expected value15 is 360 at the start of the market. Dividend earnings are paper earnings, in the sense 

that they do not add to the working capital during the experimental session. The hypothesis is: since 

traders cannot buy with the intention to resell, prices should decrease at a constant rate, which is 

partly determined by traders’ risk aversion. They reject this hypothesis, as they observe bubbles in all 

sessions and conclude that their data does not support the SSW hypothesis. Since bubbles form in a 

setting where speculation is not possible, expectations to capital gains cannot be the only explanation 

as to why bubbles occur. In addition, Lei et al. (2001) also conclude that at least part of the explanation 

as to why bubbles form, might be found in irrational actions made by traders themselves. They 

observe trades at prices both below the aggregate minimum dividend value, and at prices above the 

aggregate maximum dividend value, which is, by certain, a losing transaction for one of the two 

																																																													
15 Assuming risk neutrality. 
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parties. Their findings affirm that traders might indeed have good cause to doubt the rationality of (at 

least some of) the other traders. This supports the reasoning, that common knowledge of rationality 

(and rational common expectations) is not a given, but rather potentially reached through repeated 

interaction in markets. We argue that Lei et al. (2001)’s findings are not incompatible with the general 

observation that prices tend to converge to rational common expectations over time. Our rationale is 

that the bubbles observed in their data, might be due to traders conducting choices that are seemingly 

irrational, rather than traders themselves being irrational. Some authors (e.g. Kirchler et al. (2012)) 

indeed believe that at least part of the explanation as to why bubbles form is a consequence of subject 

confusion, which might lead to irrational behaviour as found in Lei et al. (2002). We argue that this 

would support the idea that seemingly irrational individuals can “gain” rational expectations as they 

gain experience with the market format, because they are not irrational by nature, but simply confused 

about the format of the game. 

Kirchler, Hüber, and Stöckl (2012) explore potential sources of confusion using 360 student subjects, 

in a total of 36 experimental markets. There are 10 traders in each market, who trade for 10 

consecutive rounds in a double continuous auction format (used in SSW). Traders are divided into 

two different endowment types at the beginning of the experiment, and they are awarded a number 

of shares and cash depending on the type. The endowment types are designed such that, the sum of 

the expected value of the shares and the sum of cash is constant across the two types16. Kirchler et al. 

(2012) applies 6 different treatments in their study and conduct 6 experiments within each. In one 

treatment they vary the fundamental value of the stock (constant or declining), in another treatment 

they vary the cash-to-asset ratio (dividends are collected in a separate account), and in a third 

treatment they change the wording of the asset (“stock in a depletable goldmine” instead of “stock”). 

They also ask subjects to fill in a questionnaire at the end of the study, which is used to verify whether 

they understand the concept of a declining fundamental value. Their main findings are: (i) bubbles 

are larger in markets with declining fundamental values, (ii) bubbles are especially pronounced when 

declining fundamental values are coupled with an increasing cash-to-asset ratio, (iii) substituting 

“stock” with “stock in a depletable goldmine” significantly reduced mispricing, and (iv) answers to 

the questionnaire demonstrated that a majority of subjects in the declining fundamental value 

treatment, expected fundamental value to remain constant. Their findings demonstrate that, at least 

some of the explanation as to why bubbles form, might be caused by subject confusion. These findings 

																																																													
16 Assuming risk neutrality. 
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are not incompatible with the more dominant views, namely that bubbles form due to expectations to 

capital gains or because traders are risk averse in dividends. Instead, it provides an additional 

perspective on how experimental design affects outcomes and demonstrates that traders might have 

good reason to doubt other players’ rationality. Indeed, if some traders do not understand the concept 

of declining fundamental value, then it is difficult to imagine rational common expectations to prevail 

in the market. However, we argue that once this confusion disappears, it is possible to converge to 

common knowledge of rationality, and eventually to a REM equilibrium.   

Cheung, Hedegaard, and Palan (2014) extends on the work of Kirchler et al. (2012) and Lei et al. 

(2001) by further investigating confusion. They hypothesize that subject confusion might be reduced 

by proper training17, and that common knowledge of rationality might then be achieved by 

communicating to traders that such training has taken place. Cheung et al. (2014) conducted a total 

of 10 experimental markets, each with a market size of 10 student subjects. To test their hypothesis, 

they ran 4 different treatments, which were (i) Public Knowledge (PK) treatment, (ii) No Public 

Knowledge (NPK) treatment, (iii) WAIT treatment, and (iv) BASE. In the baseline treatment (BASE), 

subjects trade the classic double-continuous market from SSW, which is also the case in the WAIT 

treatment, except that these subjects are grouped in the same room as the NPK treatment subjects. In 

the NPK and PK treatment, all subjects are trained prior to the experiment commencing. Subjects are 

asked to answer a questionnaire, which tests their knowledge concerning the fundamental value, and 

they are required to answer correctly before being allowed to proceed. The main difference between 

these two latter treatments is that, in the PK treatment subjects know that other traders in the market 

have been trained, but they do not know this in the NPK treatment18. Comparing the results they 

obtain in sessions with the NPK, PK, and BASE treatments, they make a number of interesting 

findings, namely: (i) mispricing is marginally reduced (p-value = 0.088) when subjects have been 

trained (comparing NPK to BASE), (ii) mispricing is reduced significantly (p-value < 0.001) when 

subjects have been trained and this is made public knowledge (comparing PK to BASE), and (iii) 

public knowledge of training significantly (p-value = 0.033) reduces mispricing (comparing PK to 

NPK). The research of Cheung et al. (2014) demonstrates that, whilst training of subjects does help 

to marginally reduce mispricing, it is much more impactful when this fact is made public knowledge. 

This finding is consistent with the belief found in the existing literature, that mispricing can occur if 

																																																													
17 Training subjects in understanding the concepts of fundamental value.		
18 Since NPK and WAIT subjects are grouped in the same room, they know that some traders are asked to fill in a 
questionnaire prior to markets commencing, but they do not know that these trained subjects are then grouped in the same 
market.  
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traders doubt the rationality of others, i.e. lack of common knowledge of rationality. One interesting 

thing to note is, since subjects were trained in understanding how the fundamental value behave, they 

might as such be pre-dispositioned to trade at prices close to the fundamental value19, which is, 

indeed, what the authors find in their PK treatment sessions. 

2.2 Risk Preferences 
Prior to 1713, economists generally assumed that the price any individual would be willing to pay to 

partake in a lottery was equivalent to its expected outcome. The now famous St. Petersburg paradox20, 

set forth by Nicolas Bernoulli, exposed the absurdity of this assumption through the construction of 

a gamble that would, in theory, carry an infinite price tag21. Daniel Bernoulli (1954) eventually solved 

the conundrum, by assuming that (i) the marginal utility gained from one extra ducat is decreasing 

and (ii) the utility a subject gain from a lottery is contingent on his wealth22. To use his own words 

Bernoulli found that the “… value of an item must not be based on its price, but rather on the utility 

that it yields” (Bernoulli, 1954). This is, in essence, what Von-Neumann and Morgenstern (1947) 

(VNM) later formalized as expected utility theory (EUT), by proving a set of axioms, namely; (i) 

completeness, (ii) transitivity, (iii) continuity, and (iv) independence. Under these axioms, a decision-

maker chooses actions to maximize the expected value of his utility function, when faced with risky 

propositions, such as having to choose between two gambles. The four axioms in conjunction imply 

that a person display rational behaviour, i.e. that his choices are not inconsistent or incomplete. These 

axioms do not claim that the subject is consciously maximizing his utility, but simply that it (utility 

function) exists and that a maximization is taking place (Morgenstern & Neumann, 1947). VNM 

assumed that each subject had the same objective probability distribution, but it was later 

demonstrated by Savage (1954) that the axioms could also be derived when each subject had their 

own subjective probability distribution. Many different utility functions have been created, where the 

																																																													
19 The authors themselves note that: “… our control questions naturally place a heavy emphasis on checking subjects’ 
understanding of the FV process. Because of this, we acknowledge that our results would not necessarily be invariant to 
the content of the control questions…”. 
20 E.g. described in Pennacchi (2007). 
21 St. Petersburg game: A lottery in which the price pool starts at 2 ducats. At each stage a fair coin is flipped, if heads the 
prize pool doubles, if tails the game ends. The expected earnings of any individual from entering such a bet is: Π = '

>
∗

2 + '
>

>
∗ 4…+ '

>

C
∗ 2C = ∞. 

22 Assume that 𝑈 = ln 𝑥  and that U is contingent on wealth, 𝛼, such that:  

Δ𝐸 𝑈 =
1
2J
[ln 𝛼 + 2J − 𝑐 − ln 𝛼 ]

N

JO'

 

where c is (the) cost for participating in the lottery.   
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main difference is the way the function models attitude towards risk. The theory section in this paper 

covers one example from two of the many families of functions (CRRA and Expo-power).  

John W. Pratt derived a quantitative way of measuring a person’s aversion towards risk (Pratt, 1964), 

by using the curvature of a utility function. He did so by assuming that there exist a fair lottery, 𝜖, in 

the sense that  

𝐸 𝜖 = 𝑝 ∗ 𝑥' + 1 − 𝑝 ∗ 𝑥> = 0 

An individual is then said to be risk averse, if the utility that he derives from not engaging in the 

gamble is larger than what he derives from undertaking the gamble or, using Jensen’s inequality:  

𝑈 𝑊 = 𝑈 𝐸 𝑊 + 𝜖 > 𝐸 𝑈 𝑊 + 𝜖  

Next, Pratt introduced a risk premium, 𝜋, i.e. the amount that a risk averse individual would be willing 

to pay in order to avoid a fair gamble: 

𝑈 𝑊 − 𝜋 = 𝐸 𝑈 𝑊 + 𝜖  

We can study the effects of how this risk premium behaves by taking a Taylor expansion around the 

points 𝜖 = 0 and 𝜋 = 0. Expanding the left- and right-hand side, and re-arranging in terms of 𝜋, we 

obtain: 

𝜋 = −
1
2 ∗ 𝜎

> ∗
𝑈VV 𝑊
𝑈V 𝑊 ≡

1
2 ∗ 𝜎

> ∗ 𝑅(𝑊) 

where R(W) is the Arrow-Pratt measure of absolute risk aversion. This expression tells us that the 

size of the premium that an individual is willing to pay is locally contingent on two parameters, 

namely, (i) the riskiness of the asset (volatility of payoff), and (ii) the concavity of the agent’s utility 

function (degree of risk aversion).  

EUT has been exposed to some critique, mainly because some of its axioms are often violated. The 

most critical violation is the breakdown of the independence axiom, first discovered by Allais (1953) 

and now formally known as the Allias Paradox23. There exists much evidence of this violation being 

present in experiments (Harrison et al., 2019), so the extend of the issue is widespread and thoroughly 

documented. It has led to new ways of modelling utility, where one of the objectives is to relax the 

independence axiom to accommodate the observed behaviour. One of the most well-known models 

																																																													
23 The theory section deals with violations of the independence and transitivity axioms. 
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in this respect was proposed by Quiggin (1982) and is known as rank-dependent expected utility 

(RDU). In RDU outcomes are ranked e.g. from worst to best, and individuals assign subjective 

probabilities to the outcomes, which are contingent on the true probability, but also on the outcome’s 

relative ranking in the total possible outcome spectrum (Starmer, 2000). The utility from the total 

gamble then depends on the outcomes and the subjective probabilities, called decisions weights. The 

decision weights are derived from a probability function, which is a way of modelling how individuals 

distort objective probabilities (Gonzales and Wu, 1999). In effect, the risk preferences in the RDU 

model is a combination of individuals’ aversion to variability in returns and probability pessimism 

(distortion). In this paper we mainly use the RDU model, which is formally introduced in the theory 

section.  
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3. Theory 
To test the REM hypothesis, we need to test whether outcomes support predictions by theory, but 

first we define which theories we want outcomes to support. This section is divided into three main 

parts24: (i) risk neutral fundamental value, (ii) risk-adjusted intrinsic value, and (iii) the model of risk 

preferences used in this paper.  

3.1 Risk Neutral Fundamental Value 
From basic corporate finance theory, we know that the fundamental value (FV) of any asset must be 

the discounted present value of the future dividend stream. Denote future dividends 𝑑", where t is 

discrete time such that t = 0, 1, …, ∞ , and let 𝛾" denote the appropriate discount rate:  

𝐹𝑉Z = 𝑑' ∗ 𝛾' + 𝑑> ∗ 𝛾> + ⋯+ 𝑑N ∗ 𝛾N = 𝑑" ∗ 𝛾"

N	

"O'

= 𝑑" 𝛾"  

Since the future dividend stream is assumed to be non-stochastic it is, in effect, a risk-free asset, hence 

the appropriate discount rate for such an asset is the risk-free rate, which ensures that the no-arbitrage 

condition is satisfied. We argue that this exposition constitutes a natural starting point, since the 

fundamental value of such an asset only depends on the dividend and not on traders’ risk preferences. 

This certain asset makes a series of assumptions, namely that (i) asset life is infinite, (ii) dividends 

are known with certainty, and (iii) an appropriate discount rate exists.  

The above definition of fundamental value is easily extended to the experimental setting of Haruvy 

et al. (2007) and the rest of the experimental asset market literature. Instead of assuming that the life 

of the asset is infinite, it is now instead 15 rounds, which is the length of each market, and the discount 

rate is 0, because the experiment is conducted using a short time frame. Additionally, we introduce 

risk by defining a stochastic, but known, dividend distribution for the dividend 𝑑+. This allows us to 

write the fundamental value in round t, as the expected value of the remaining dividend payouts minus 

a risk-adjustment term, K: 

																																																													
24 In our data section we touch upon belief elicitation and scoring rules, however, since we primarily focus on modelling 
the theory underlying prices, they are not included in our theory section. 
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𝐹𝑉" = 𝐸 𝑑" + 𝐸 𝑑"\' +. . . +𝐸 𝑑'^ = (𝐸 𝑑+ − 𝐾)
'^

+O"

 

The risk-adjustment term K is unknown, however, if we assume that traders are risk neutral, then 𝐾 =

0 and the fundamental value is given by:  

𝐹𝑉" = 𝐸 𝑑" + 𝐸 𝑑"\' +. . . +𝐸 𝑑'^ = 𝐸 {𝑑+}
'^

+O"

 

Which is defined as the risk neutral fundamental value and it is one of the theories we believe 

outcomes might support. Formally, this leads us to a risk neutral version of REM: outcomes support 

predictions by the risk neutral fundamental value.  

3.2 Risk-Adjusted Intrinsic Value 
When 𝐾 ≠ 0 the fundamental value is risk-adjusted (risk-adjusted intrinsic value) and leads to the 

risk-adjusted version of REM: outcomes support predictions by the risk-adjusted intrinsic value. This 

section outlines the nature of risk preferences and how they can be estimated, whilst the estimation 

itself can be found in the results section.  

The rest of this section is structured in the following way: (i) introduction to risk preferences and 

modelling, (ii) general estimation of risk preferences, and (iii) discussion of: stochastic errors, 

structural models, utility functions, and probability weighting functions. 

Introduction to risk preferences and modelling 

In the literary review we presented Pratt’s (1964) definition of risk premium, which is a way of 

quantifying risk preferences with respect to wealth. In our paper we ignore wealth and focus on 

income when measuring the utility of prizes, as is the normal procedure when modelling risk 

preferences (Holt and Laury, 2002). This approach leads us to a different definition of the risk 

premium25 (Perloff, 2016): 

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑	𝑣𝑎𝑙𝑢𝑒 = 𝐶𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦	𝐸𝑞𝑢𝑖𝑣𝑎𝑙𝑒𝑛𝑡 + 𝑅𝑖𝑠𝑘	𝑃𝑟𝑒𝑚𝑖𝑢𝑚 

or  

𝜃 = 𝐸 𝜖 − 𝐶𝐸 

																																																													
25 Note that the interpretation is still the same: risk premium is a way of quantifying risk. 
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where 𝜃 is the risk premium, 𝜖 is a lottery, and the certainty equivalent is the amount of money that 

makes an individual indifferent between obtaining this amount with certainty or playing the lottery. 

𝜃 is determined by risk preferences in the following way: 

𝜃 = 0	𝑓𝑜𝑟	𝑟𝑖𝑠𝑘	𝑛𝑒𝑢𝑡𝑟𝑎𝑙𝑖𝑡𝑦 

𝜃 > 0	𝑓𝑜𝑟	𝑟𝑖𝑠𝑘	𝑎𝑣𝑒𝑟𝑠𝑖𝑜𝑛 

𝜃 < 0	𝑓𝑜𝑟	𝑟𝑖𝑠𝑘	𝑠𝑒𝑒𝑘𝑖𝑛𝑔 

The risk premium is multidimensional and can be a function of: (I) aversion to variability in returns, 

(II) probability pessimism, and (III) aversion to losses. The dimensions used to explain behaviour is 

dependent on which of the three main structural models is used. 

The three main structural models are: (i) Expected utility theory (EUT), (ii) Rank dependent utility 

theory (RDU), and (iii) Cumulative prospect theory. EUT only use dimension (I) and risk preferences 

can be deducted directly from the curvature of the utility function. RDU models both dimensions I 

and II, so one needs to access both the curvature of the utility function and the probability weighting 

function to determine risk preferences. Cumulative prospect theory models all three dimensions, and 

the treatment of losses is now a key element in the model.  

If we treat the dividend payoff from Haruvy et al. (2007) as a lottery, we now have the following 

intrinsic value26: 

𝐼𝑉" = 𝐸 𝑑" + 𝐸 𝑑"\' +. . . +𝐸 𝑑'^ = (𝐸 𝑑+ − 𝜃)
'^

+O"

= 𝐶𝐸+

'^

+O"

 

To calculate the certainty equivalent, we need to determine the risk-adjusted value of the dividend 

distribution, which we do by applying a structural model. If we use EUT, we calculate 𝐸[𝑈{𝑑+}] 

which we know should be the same as 𝑈(𝐶𝐸) since the utility from the CE must be the same as the 

utility from the dividend distribution to make the individual indifferent between the two. This leads 

to the following result for the certainty equivalent: 

 𝑈 𝐶𝐸 = 𝐸[𝑈{𝑑+}] [3.1] 

																																																													
26 The intrinsic value builds on the assumption that the trading rounds are a series of separate gambles. The total risk-
adjusted intrinsic value of the stock in trading round t is then (16-t)*CE, which is the remaining dividend payouts 
multiplied by the individual risk-adjusted value of one payout. 
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The certainty equivalent is, therefore, another way of expressing risk preferences, but it is determined 

by the risk premium.  

General estimation of risk preferences 

Risk preferences can be elicited using several different approaches including, simple lottery choice, 

bidding and pricing tasks, or through obtaining prices for lotteries, which all have their own merits 

(Holt and Laury, 2002). In this paper, and in this subsequent section, we focus on simple lottery-

choice, since it is the method of elicitation used by Holt and Laury (2002). Following the framework 

used in their paper, subjects were presented with 10 lottery choices27 shown in table 3.1. Each subject 

chooses between options A and B in each row, if a person is rational, he will choose option B in the 

last row, and will then, at some point switch column and choose option A. The subject’s choice pattern 

including when he chooses to switch to option A are determined by his risk preferences, and the 

objective is to estimate it using an assumed utility function. 

Table 3.1: The ten paired lottery-choice decisions with low payoffs 

 
Note: table 1 from Holt and Laury (2002) 

For illustrative simplicity, we assume that the utility function is of the form: 

 𝑈 𝑥 = 𝑥v [3.2] 

where x is the lottery and r is the risk parameter we want to estimate (r = 1 is risk neutral, r > 1 risk 

loving and r < risk averse). Under EUT, the expected utility from choosing a given lottery i is: 

																																																													
27 Ten lottery choices per treatment, the shown choices are from the low payoff treatment 

Option A Option B Expected payoff 
difference

1/10 of $2.00, 9/10 of $1.60 1/10 of $3.85, 9/10 of $0.10 $1.17
2/10 of $2.00, 8/10 of $1.60 2/10 of $3.85, 8/10 of $0.10 $0.83
3/10 of $2.00, 7/10 of $1.60 3/10 of $3.85, 7/10 of $0.10 $0.50
4/10 of $2.00, 6/10 of $1.60 4/10 of $3.85, 6/10 of $0.10 $0.16
5/10 of $2.00, 5/10 of $1.60 5/10 of $3.85, 5/10 of $0.10 -$0.18
6/10 of $2.00, 4/10 of $1.60 6/10 of $3.85, 4/10 of $0.10 -$0.51
7/10 of $2.00, 3/10 of $1.60 7/10 of $3.85, 3/10 of $0.10 -$0.85
8/10 of $2.00, 2/10 of $1.60 8/10 of $3.85, 2/10 of $0.10 -$1.18
9/10 of $2.00, 1/10 of $1.60 9/10 of $3.85, 1/10 of $0.10 -$1.52
10/10 of $2.00, 0/10 of $1.60 10/10 of $3.85, 0/10 of $0.10 -$1.85
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𝐸𝑈+ = 𝑝J ∗ 𝑢J

w

JO'

 [3.3] 

Where 𝑝J is the probability of outcome k being realized, and 𝑢J is the utility gained from this 

outcome. In table 3.1 we have K=2, because there are two outcomes in both lotteries A and B. The 

expected utility is calculated for each lottery pair (𝐸𝑈x and 𝐸𝑈y) and is used to construct what is 

called a latent index (Andersen et al., 2010):  

 ∇𝐸𝑈 = 𝐸𝑈x − 𝐸𝑈y [3.4] 

The index is based on the latent risk preferences that is captured by each subjects’ choice pattern. We 

link this index to the observed choices in the data, using the cumulative normal distribution function 

Φ(∗) and by specifying that lottery A is chosen if ∇𝐸𝑈 + 𝜖 > 0, where 𝜖 is a normal distributed error 

term with mean 0 and variance 𝜎>. Thus, the probit link function becomes the probability of choosing 

lottery A:  

 
𝑃| = 𝑃 ∇𝐸𝑈 + 𝜖 > 0 = 𝑃

𝜖
𝜎 >

−∇𝐸𝑈
𝜎 = Φ

∇EU
𝜎  [3.5] 

Φ(∗) creates the link between the observed binary choice, the latent structure creating the index ∇𝐸𝑈, 

and the probability of observing that index. The transformation is necessary because we need a 

probability between 0 and 1, where ∇𝐸𝑈 in the form of [3.4] can take any value between ±	∞. 

Conditional on EUT and the specified utility function being true, the likelihood of the observed 

choices then depends on the estimate of r given the statistical specification above and the observed 

choices. The conditional log-likelihood function to be maximized is:  

 ln ℒ 𝑟; 𝑦, 𝚾 = [(lnΦ(
+

∇𝐸𝑈) ∗ Ι(𝑦+ = 1)) + (ln 1 − Φ ∇𝐸𝑈 ∗ Ι(𝑦+ = −1))] [3.6] 

where 𝐼 ∗  is the indicator function, 𝑦+ = 1 (-1) denotes that subject chose of lottery A (B) in task i. 

We thereby ignore responses that exhibits indifference. The parameter r is a linear function of the 

characteristics in X, which, in our case, are the different stakes. This function is maximized by 

choosing the coefficient of r, that leads to the best prediction for the individual’s choices, given the 

data one has observed (Andersen et al., 2010).  
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Stochastic errors 

In the previous section, we used expected utility as the structural theory to model risk preferences. 

Expected utility is a deterministic theory, because it provides choice probabilities based on a fixed 

relational system of choices, but ignores any stochastic element in the decision process. This is 

problematic, because people do make ‘errors’ when decisions involve risk. Stochastic errors are a 

formal way of adding randomness to a deterministic theory and produce choice probabilities which 

includes a random element, based on the deterministic preferences from the structural theory. The 

need for stochastic errors is evident when investigating the Holt and Laury data, since several subjects 

shift back and forth between options A and B (Holt and Laury, 2002), which is a violation of 

deterministic theory. Instead of simply rejecting the theory, we can model these violations, whilst, at 

the same time, apply restrictions on said violations. The notion of ‘errors’ is, actually, already 

introduced in our link function, 𝑃| = Φ ∇��
�

, where 𝜎 is the sampling error. The probability of 

choosing A when 𝜎 = 1 (sampling error present) is less than 1 even when ∇𝐸𝑈 + 𝜖 > 0. If there was 

no sampling error, 𝜎 = 0, the probability of choosing A when ∇𝐸𝑈 + 𝜖 > 0 would be 1 (Andersen 

et al. 2010). 

In our paper, we use Wilcox (2009)’s contextual utility specification, which changes the latent index 

from equation [3.4] to: 

 ∇𝐸𝑈 = 𝜆
𝐸𝑈x − 𝐸𝑈y
𝑈�x� − 𝑈��C

	 [3.4’] 

where 𝜆 = '
�
. Under this specification, the difference between the expected utility of the two options 

are normalized, using the spread between the maximum and minimum utility for the four lottery 

outcomes within that pair, and the structural error term, 𝜇, allows for deviations from EUT28. 

Structural models 

As previously described, the three main structural models are: (i) EUT, (ii) RDU, and (iii) Cumulative 

prospect theory. The structural model choice partly depends on how many dimensions of the risk 

premium one wants to model.  

																																																													
28	Mathematically, it follows that, when 𝜇 ® 0, the stochastic EUT specification collapses to the deterministic EUT 
model, and when 𝜇 ® ∞, the model predicts a 50:50 chance, regardless of the underlying EU differences (Harrison et 
al., 2019). 
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The lottery prizes in Holt and Laury (2002) are all in the gains domain, so we do not consider 

cumulative prospect theory (we do not need to model losses). Instead, we use RDU as our structural 

model, which allows us to model both (I) aversion to variability in returns and (II) probability 

pessimism. It also allows us to directly test EUT, as the model is nested in RDU29. 

From a theoretical point of view, one of the major problems with EUT is that some of its axioms are 

violated on a regular basis in empirical work. Most important is the violation of axiom 4: 

Independence, famously described in the Allais Paradox. The independence axiom states that for any 

two lotteries, you prefer 𝑃 ≻ 𝑃∗ iff. for all 𝜆 ∈ [0,1] and all 𝑃∗∗: 

𝜆𝑃 + 1 − 𝜆 𝑃∗∗ ≻ 𝜆𝑃∗ + 1 − 𝜆 𝑃∗∗ 

The same argument goes for indifference between two lotteries (Pennacchi, 2007). MacCrimmon 

(1968) proved that subjects violating the independence axiom did not want to alter their answers, 

even after it was pointed out that their choices were inconsistent. It seemed that subjects did not agree 

with the validity of the argument. This finding was later replicated by Slovic and Tversky (1974). 

Both experiments also showed that subjects violating the transitivity axiom, did admit that their logic 

had been flawed when making the initial choice and they changed it when offered a second chance 

(Quiggin, 1982). This is part of the reason why violations of the transitivity axiom are not seen as 

critical as those of the independence axiom. In RDU, the independence axiom is significantly 

weakened, specifically to mitigate the violations found in empirical experiments, which makes this 

theory more theoretically appealing. 

To understand the idea behind the RDU framework, it is helpful to consider a simpler model which 

was presented by Yaari (1987). He assumes a linear utility function and models risk preferences solely 

by non-linear transformations of the actual probabilities. Risk preferences modelled by probability 

weighting is the inverse of risk preferences modelled by utility, simply meaning that where the 

concavity (convexity) of a utility function implies risk aversion (risk seeking), convexity (concavity) 

of the probability weighting function implies risk aversion (risk seeking) (Yaari, 1987). Whilst the 

utility function is either globally convex or concave, the probability weighting function can have both 

components. Traditionally, it was viewed as concave for small probabilities and convex for high 

probabilities, but this need not, necessarily, be the case. 

																																																													
29 The special case where RDU nests EUT is described on page 29. 
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Quiggin (1982) presented the framework used in this paper, which includes subjective probability 

weighting and non-linear utility functions. Essentially, expected utility in [3.3] is replaced by: 

 
𝑅𝐷𝑈+ = 𝑤J ∗ 𝑢J

w

JO'

 [3.3’] 

where 

𝑊+ = 𝜔 𝑝+ + ⋯+ 𝑝� − 𝜔(𝑝+\' + ⋯+ 𝑝�) 

for 𝑖 = 1,… , 𝑛 − 1 and 

𝑊+ = 𝜔(𝑝+) 

for 𝑖 = 𝑛. The subscript is a ranking of outcomes from worst to best and 𝜔(𝑝) is some probability 

function (Andersen et al., 2010). The incorporation of subjective probabilities and non-linear utility 

functions implies that risk preferences cannot simply be interpreted by the shape of either the utility 

function or the probability weighting function in isolation but must be viewed as a combination 

between the two. In conclusion, we have chosen RDU due to its theoretical advantages and its more 

flexible form, which allows us to test EUT within the RDU model. 

Utility functions 
It is necessary to assume a functional form of utility in the structural model, which dictates how the 

non-linear transformation of outcomes is performed. The primary challenge lies in identifying a utility 

function that (i) displays risk preferences supported by economic theory, and (ii) adequately captures 

preferences in the data. A function frequently used in the literature, is one displaying CRRA 

preferences. An example of this functional form is:  

𝑈 𝑥 =
𝑥'0v

1 − 𝑟 

where r determines the concavity of the utility function and the Arrow-Pratt measure of absolute RA 

is:  

𝑅 𝑥 = −
𝑈VV 𝑥
𝑈V 𝑥 = −

−𝑟 ∗ 𝑥0v0'

𝑥0v =
𝑟
𝑥 

Which is the well-known DARA that corresponds to CRRA. In this representation, the subject is said 

to be risk neutral if r is equal to zero, and risk averse (risk loving) if r is above (below) zero. CRRA 
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implies that the stake of the gamble does not affect the individual’s choice. However, the CRRA 

specification has been shown to sometimes inadequately capture preferences implied in choice data, 

where individuals tend to display IRRA as stakes increase (Holt and Laury, 2002). Instead of the 

CRRA specification we use the hybrid expo-power utility function, which changes the utility function 

in equation [3.2] to:  

 𝑈 𝑥 =
1 − exp −𝛼𝑥'0v

𝛼  [3.2’] 

This class of functions nests different absolute- and relative risk preferences, as is evident when 

deriving the Arrow-Pratt measure of relative risk aversion:  

𝑅 𝑥 ∗ 𝑥 = −
𝑈VV 𝑥 ∗ 𝑥
𝑈V 𝑥 = 𝑟 + 𝛼 1 − 𝑟 𝑥'0v 

which reduces to CRRA when 𝛼 → 0, and to CARA when 𝑟 → 0, note that the function is not defined 

for 𝛼 = 0 (Andersen et al., 2010). When both parameters are positive, the utility function displays 

IRRA and DARA (Saha, 1993) (Holt & Laury, 2002). One of the obvious advantages of using this 

specification stems from its flexible functional form, allowing us to model IRRA without having to 

assume CARA30, and test multiple utility functions within the model (e.g. CRRA and CARA, as 

described above). 

Probability weighting functions 
We need to assume a functional form for the probability weighting function in the RDU model. 

Probability weighting functions can take many different shapes, from a simple power function to a 

more complex two-factor function. It is obvious that a two-factor function offers more flexibility, 

since it can display both convexity and concavity, which is why we are working within this category. 

Prelec (1998) presents such a function: 

 𝜔 𝑝 = exp	(−𝜂(− ln(𝑝))�) [3.7] 

which is defined for 0 < 𝑝 < 1, 𝜂 > 0	and 𝜙 > 0 (Harrison et al., 2019). When 𝜂 = 1, the resulting 

one-parameter model is similar to the one proposed by Tversky and Kahneman (1992)31, where the 

function can be both s-shaped (pessimism for small p, and optimism for large p) or inverse s-shaped 

																																																													
30 If absolute risk aversion is constant, i.e. CARA = r, then relative risk aversion is increasing in stakes i.e. IRRA = r*x. 
31	𝜔 𝑝 = ��

��\ '0� �
�
�
.	
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(optimism for small p, and pessimism for large p). When 𝜙 = 1 and 𝜂 is the free parameter, the 

function collapses to the simple power function 𝜔 𝑝 = 𝑝�, where the function captures either global 

concavity (𝜂 < 1) or global convexity (𝜂 > 1). If 𝜙 = 1 and 𝜂 = 1 then 𝜔 𝑝 = 𝑝, and RDU 

collapses to EUT. We do not impose any restrictions on 𝜙 or 𝜂, because it does not make sense to a 

priori assume global convexity or concavity (𝜙 = 1), or to fix the cross-over point to 1/e and thereby 

assume both convexity and concavity (𝜂 = 1). The cross-over point is where 𝜔 𝑝 = 𝑝, and allows 

the probability function to take the s- or inverse s-shape described above (Andersen et al., 2010), 

when 𝜂 > 0	and 𝜙 > 0 then the cross-over point can be at any p. We model both 𝜂 and 𝜙 as log-

normally distributed, in effect restricting both to be positive. Using Prelec provides a flexible model 

allowing us to test several different probability weighting functions within our model (described 

above).  

3.3 The Model of Risk Preferences Used in This Paper 
This section recaps the model we use to estimate risk preferences and the associated econometric 

specification. We assume expo-power as our functional form for utility:  

 𝑈 𝑥 =
1 − exp −𝛼𝑥'0v

𝛼  [3.2’] 

With RDU as the structural model: 

 
𝑅𝐷𝑈+ = 𝑤J ∗ 𝑢J

w

JO'

 [3.3’] 

 

where  

𝑊+ = 𝜔 𝑝+ + ⋯+ 𝑝� − 𝜔(𝑝+\' + ⋯+ 𝑝�) 

for 𝑖 = 1,… , 𝑛 − 1 and  

𝑊+ = 𝜔(𝑝+) 

for 𝑖 = 𝑛. The subscript is a ranking of outcomes from worst to best and 𝜔 𝑝  is Prelec’s (1998) two-

parameter function: 

 𝜔 𝑝 = exp	(−𝜂(− ln 𝑝	)�) [3.7] 
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Since we use the contextual utility model the latent index becomes: 

 ∇𝑅𝐷𝑈 = 𝜆
𝑅𝐷𝑈x − 𝑅𝐷𝑈y
𝑈�x� − 𝑈��C

	 [3.4’] 

where 𝜆 = '
�
. The link function [3.5] becomes: 

 
𝑃| = 𝑃 ∇𝑅𝐷𝑈 + 𝜖 > 0 = 𝑃

𝜖
𝜎 >

−∇𝑅𝐷𝑈
𝜎 = Φ

∇RDU
𝜎  [3.5’] 

and instead of [3.6] the conditional log-likelihood becomes: 

 
ln ℒ� ¡ 𝑟, 𝛼, 𝜂, 𝜙, 𝜇; 𝑦, 𝚾 = [(lnΦ(

+

∇𝑅𝐷𝑈) ∗ Ι(𝑦+

= 1)) + (ln 1 − Φ ∇𝑅𝐷𝑈 ∗ Ι(𝑦+ = −1))] 
[3.6’] 

We know that it is common to have individual unobserved effects in panel data. If not treated correctly 

these effects will affect the standard errors of our estimates, thus, in turn, our inference. We compute 

standard errors robust to serial correlation and heteroscedasticity, by the use of clustering. This 

approach treats all observation for one individual as one cluster and allows for heteroscedasticity and 

serial correlation within this cluster (Woolridge, 2013).  
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4. Data Section 
This section is divided into two main parts: (i) Data summary of Holt and Laury (2002) and (ii) 

Data summary of Haruvy et al. (2007) and discussion of the scoring rule. 

4.1 Data Summary of Holt and Laury (2002) 
This section describes the design and data reported by Holt and Laury (2002), which we use in 

subsequent parts of our paper to estimate risk preferences. Data was provided to us by Professor 

Morten Lau from the Department of Economics at Copenhagen Business School. The authors conduct 

several experimental lab sessions, with a combined number of 212 participants. Subjects include both 

undergraduate-, MBA-, and business school students attending Georgia State University, University 

of Miami, or University of Central Florida. A common critique when using students as test subjects 

are that results are non-generalizable to other sub-populations, particularly to those present outside 

the halls of academia. However, several authors have shown that there is seemingly no marked 

difference between choices made by students and professionals, and this has been demonstrated to 

hold across a variety of games (Fréchette, 2011). In the experiment constructed by Holt and Laury, 

subjects face a menu of paired lottery-choice decisions. The lotteries are presented to them as 

displayed in table 4.1, where the payoffs reflect the baseline treatment.  

Table 4.1: The ten paired lottery-choice decisions with low payoffs 

 
Note: table 1 in Holt and Laury (2002), and identical to table 3.1 

Column 1 displays the attainable payoffs from choosing lottery A, column 2 displays attainable 

payoffs from choosing lottery B, and column 3 lists the expected difference between lottery A and B. 

Subjects are then, for each lottery pair, asked to choose the alternative that they find most compelling. 

Option A Option B Expected payoff 
difference

1/10 of $2.00, 9/10 of $1.60 1/10 of $3.85, 9/10 of $0.10 $1.17
2/10 of $2.00, 8/10 of $1.60 2/10 of $3.85, 8/10 of $0.10 $0.83
3/10 of $2.00, 7/10 of $1.60 3/10 of $3.85, 7/10 of $0.10 $0.50
4/10 of $2.00, 6/10 of $1.60 4/10 of $3.85, 6/10 of $0.10 $0.16
5/10 of $2.00, 5/10 of $1.60 5/10 of $3.85, 5/10 of $0.10 -$0.18
6/10 of $2.00, 4/10 of $1.60 6/10 of $3.85, 4/10 of $0.10 -$0.51
7/10 of $2.00, 3/10 of $1.60 7/10 of $3.85, 3/10 of $0.10 -$0.85
8/10 of $2.00, 2/10 of $1.60 8/10 of $3.85, 2/10 of $0.10 -$1.18
9/10 of $2.00, 1/10 of $1.60 9/10 of $3.85, 1/10 of $0.10 -$1.52
10/10 of $2.00, 0/10 of $1.60 10/10 of $3.85, 0/10 of $0.10 -$1.85
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An individual with risk- attitudes that can be characterized as being within the norm (i.e. dislikes 

uncertainty) would, starting from the top, choose option A and would then at some point switch to 

option B. A risk neutral individual would, starting from the top, choose 4 times option A, switch row, 

and choose 6 times option B. Holt and Laury (2002) conduct several different treatments, but the 

procedure for each treatment is (almost) identical; (i) subject is asked to choose ten times between 

the paired lottery choices in the baseline treatment, (ii) one of his choices are drawn at random and 

that lottery is resolved, and (iii) the subject is asked to participate in a high-payoff treatment. This 

latter treatment might contain both real and hypothetical payoffs, or one or the other. Which payoff 

table is presented to the subject depends on which treatment group he is in, and he is informed whether 

payoffs are real or not. The different treatments used by the authors are displayed below:  

Table 4.2: Summary of Lottery Choice Treatments 

 
Note: table 2 in Holt and Laury (2002) 

If the subject is grouped into a real payoff treatment, he is asked to forfeit his earnings from the last 

(baseline) treatment as a pre-requisite of entry, which is to control for wealth effects. Across all 

treatments subjects accepted to participate in the high-payoff treatments, so there is no selection bias. 

Lastly (iv), the subject is asked to participate in another low-payoff experiment (baseline), which is 

used to investigate how shifts in wealth influence risk appetite. Group sizes were between [9:18] with 

a total of 16 sessions across all treatments. The choice patterns selected by the subjects in the real 

payoff treatments are visualized in figure 4.1. 
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Figure 4.1: Proportion of Safe Choices in each Decision: Data Averages and Predictions 

	
Note: Data averages for low real payoffs [solid line with dots], 20x real [squares], 50x real [diamonds], 90x real payoffs 
[triangles], and risk-neutral prediction [dashed line]. Figure 2 in Holt and Laury (2002) 

4.2 Data Summary for Haruvy et al. (2007) 
In the following section we present the experimental design, belief elicitation techniques, scoring 

rules, and Haruvy et al. (2007) data. In the experiment, subjects are asked to trade numerous dividend-

paying stocks of the same type for fifteen rounds. One block of fifteen rounds constitutes a market, 

and subjects trade for a total of four consecutive markets (with the exception of one group that only 

traded for three markets). The asset will, at the end of each period pay out, with equal probability, 

either [0, 4, 14, 30] francs. This translates into a payoff of [0, 8, 28, 60] cents. Average earnings were 

15 USD per hour per subject, which is considerably above the minimum wage for students in the US. 

The 45-minut introduction given by the authors to the test subjects, serves as a testament to their lack 

of previous experience with market experiments (none had previously participated in such). All 53 

participants are undergraduate students at Emory University, and the data was gathered over six 

experimental sessions. Subjects are split into groups of nine (except for one group of eight), and each 

group is assigned an initial endowment that consists of some random combination of cash and stocks, 

although the combined value of these holdings are constant32 across the three different endowment 

types. The ultimate goal of the game is to best the traders by obtaining the highest aggregate earnings 

at the end of each market, and starting positions are then reinitialized before a new market commence. 

Subjects are compensated one dollar for each 70 francs of earnings at the end of each market, and 

remaining stocks expire worthless. The experiment is a call market format, which means that, for 

																																																													
32	Assuming risk neutrality.	
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each round, subjects are asked to submit one bid price at which they are willing to buy (the submitted 

number of units), and one ask price at which they are willing to sell (the submitted number of units). 

An equilibrium clearing price (ECP) is then calculated, and stocks are exchanged between subjects 

in accordance to their bids and asks, i.e. all bids above ECP receive requested number of shares at 

ECP, and all asks below ECP sell offered number of units at ECP. In addition to the trading exercise, 

subjects are asked, at the beginning of each round, to predict the equilibrium price for each of the 

remaining rounds in that market. E.g. At the end of round t, subject i is asked to predict the price for 

round t+k for each 𝑘 ∈ {1, 2, … , 𝑛} where n is the number of remaining rounds left in that market. At 

the end of each round, subjects learn (i) how many stocks they themselves managed to buy and/or 

sell, and (ii) the equilibrium clearing price. They do not learn the depth of the market, as they can 

only observe the equilibrium price. Haruvy et al. (2007) reward subjects’ ability to accurately predict 

future prices in accordance with a partly-linear scoring rule. This scoring rule might cause unintended 

side-effects, which we shall discuss in the following subsection.   

Discussion of the scoring rule used in Haruvy et al. (2007) 
Strategic decisions are partly guided by subjective beliefs regarding future probabilistic events. 

Theorists are often interested in eliciting these subjective beliefs, because they can be used to test 

assumptions regarding rational expectation theory. Eliciting the true beliefs of a subject is not 

necessarily a trivial task, and one must take great care in how he structures his experimental design. 

If we assume that mental effort is costly, then the subject must be sufficiently compensated to 

thoroughly search his mind and report back his actual probabilistic beliefs. However, the monetary 

compensation which he receives should not be so great that it gives him an incentive to intentionally 

report a set of beliefs that are inconsistent with his true beliefs. This latter phenomenon is also known 

as a hedging problem, where the subject may gain higher utility by decreasing the variance of his 

payoff by bending the forecasting task to be used as a sort of hedging instrument. In short, the 

experimental design should allow for (I) the compensation scheme to ensure that the subject applies 

the necessary mental effort to reflect on his beliefs, and (II) the compensation scheme to ensure that 

the individual maximizes his expected utility by reporting his true probabilistic expectations.  

Scoring rules are employed as a measure to satisfy these two conditions. The scoring rule yields a 

payoff contingent on the reported probabilistic beliefs and the realized event. A scoring rule is said 

to be proper if it is incentive compatible, i.e. if the subject cannot attain a higher payoff by reporting 

a probability vector different from his true beliefs (Palfrey & Wang, 2009). Three different scoring 
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rules are generally discussed in the literature, namely (i) the quadratic scoring rule, (ii) the logarithmic 

scoring rule, and (iii) the linear scoring rule. Whilst the quadratic- and logarithmic scoring rules are 

proper under risk neutrality, the linear scoring rule is not. To show this, let there be 𝑛 realizable events 

𝑖 = 1, 2…𝑛 , and let 𝑟 = 𝑟', 𝑟> … 𝑟�  be a vector of subjective reported probabilities. Then, under 

the linear scoring rule, the payoff for subject 𝑖 is given by:  

𝑆+ 𝑟 = 𝛼 + 𝛽 𝐼J ∗ 𝑟J

�

JO'	

 

Where	𝛽 > 0 and 𝐼J is equal to unity if the kth event is realized. It is immediately evident that, under 

this scoring rule, the subject maximizes his expected payoff, not by reporting his true probability 

distribution, but simply by assigning the maximum weight to the most likely outcome. In this sense, 

the linear scoring rule violates assumption (II) and is not proper (Palfrey & Wang, 2009) (Schotter & 

Trevino, 2014).    

Haruvy et al. (2007) asks participants, prior to the start of each round, to submit estimates for what 

they perceive the price to be in the following rounds. Contingent on their performance, subjects 

receive payment according to the schedule shown in table 4.3.  

Table 4.3: Payment Schedule for Accuracy of Predictions 

 
Note: table 1 in Haruvy et al. (2007). Scoring rule for all individuals in all markets. 

This payment schedule is not linear per se, but it does have some problematic elements that are non-

proper. Consider the case where a subject is about to submit his estimate for the first round, prior to 

that round being played. He knows that, if the other subjects in the market are not irrational, the 

market clearing price must be somewhere between [0;450] francs33. Clearly, he has an incentive to 

make a qualified estimate about the price and not simply choose a random number. This is because 

the stock price is non-random in the sense that there are some variables, or anchor points, that can 

help improve the precision of his estimate. These variables include, but are not limited to, (i) market 

risk aversion, (ii) payment structure of the asset, and (iii) his own intended bid and ask. For example, 

																																																													
33 Maximum attainable dividend from asset over 15 periods is 450 francs. 
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he would with considerable certainty be able to eliminate the two extremes (0, 450), on the grounds 

that they would require some highly unlikely risk preferences and/or capital gains expectations to 

materialize. As such, the scoring rule does give the subject some incentive to consider his estimate 

before replying. The primary problem arises when we attempt to elicit the subjects true estimate. Let 

us presume that the subject believes 200 francs to be the most accurate point estimate. Is there any 

particular reason as to why he should report exactly this value to the experimenter? Could he not as 

well report, say, 190 or 210 francs? In fact, his expected earnings [5] from reporting either of these 

two numbers are identical. The scoring rule that Haruvy et al. has used might therefore lead to noise 

in the reported point estimates. But, as we motivated previously, the rule does give participants 

incentive to consider their best estimate, and, since there is no direct incentive to misreport, we shall 

presume that subjects report truthfully. 
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5. Results 
The results section is divided into three main parts: (5.1) estimation of risk preferences in Holt and 

Laury (2002), (5.2) analysis of bubbles and trader behaviour in Haruvy et al. (2007) using the 

estimated risk preferences from Holt and Laury (2002), and (5.3) analysis of REM in Haruvy et al. 

(2007) using the estimated risk preferences from Holt and Laury (2002). 

5.1 Estimation of Risk Preferences in Holt and Laury (2002) 
The subsequent section is structured as follows: (i) estimation of the main RDU model, (ii) estimation 

of a RDU model using a simple power function, (iii) robustness test of the IRRA finding using CRRA, 

(iv) calculation of the certainty equivalent and risk-adjusted value, (v) estimation of a EUT model 

and associated risk-adjusted value, and (vi) comparison of our results to existing literature.  

Estimation of risk preferences using RDU with Prelec probability weighting 
Table 5.1 displays the maximum likelihood (ML) estimates of the structural RDU model with expo-

power utility as functional form, Prelec’s probability weighting function, and contextual errors34 (we 

will refer to this model as the “Prelec specification”).  

Table 5.1: Estimated Coefficients for RDU with Expo-Power, Prelec, and Contextual Utility 

		
The ML estimation of r and 𝛼 are 0.054 and 0.009, respectively, which is equivalent to increasing 

relative risk aversion and decreasing absolute risk aversion (Holt & Laury, 2002). The structural error 

parameter 𝜇 is highly significant (p-value < 0.001), confirming the need for stochastic errors in our 

model. The estimate of 𝛼 is close to zero, and we know that the expo-power function collapses to 

CRRA35 when 𝛼 → 0, however, we reject the test 𝛼 = 0 with a p-value=0.03. We also test 𝑟 = 0, 

since the expo-power function collapses to CARA when 𝑟 = 0, and we are unable to reject the 

																																																													
34 This model is specified in the section called: (3.3 The Model of Risk Preferences used in this Paper), as also described 
in section 3.3, we correct for clusters in errors in all the models that we estimate in section 5.1. 
35 The expo-power function is not defined for 𝛼 = 0. 
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hypothesis with a p-value=0.549, meaning that we cannot statistically reject CARA. However, we 

argue that we observe DARA and not CARA, based on two arguments: (i) DARA is the prevailing 

empirical finding in the literature (Mohammed Abdellaouia, 2006), and (ii) we find DARA when we 

use EUT instead of RDU (we find 𝑟 > 0 and 𝛼 > 0, see table 5.8), the reason why r is insignificant 

in this RDU specification is simply because we use probability weighting, and estimate a total of four 

coefficients to model risk preferences. Under RDU, the risk premium is a combination of both the 

relative risk aversion (RRA) from the utility function and the pessimism/optimism from the 

probability weighting function. It is helpful to examine each part separately, to get an understanding 

of the individual effect. Figure 5.1 illustrates the estimated RRA36 from the utility function 

graphically, where we clearly see that it is increasing in income, just as expected, since 𝛼 > 0 and 

𝑟 > 0.  

Figure 5.1: Estimated Relative Risk Aversion (RDU with Expo-Power, Prelec, and Contextual Utility) 

 
Note: the upper confidence level accelerates when income reaches the threshold where the effect of an 𝑟 < 0 on the 
second term	𝛼 1 − 𝑟 𝑥'0vmore than outweighs the effect of 𝑟 < 0 as a constant. The confidence interval is calculated 
using parametric bootstrapping, meaning that we draw 1,000 sets of coefficients from the estimated parameter distribution 
(Prelec specification), and calculate 1,000 RRA coefficients for each level of income i=0,1,2,…,499,500. We use the 
distribution of these coefficients for each income level to calculate the 95% confidence interval for that point. 

 

																																																													
36 Recall that the RRA is given by: 𝑅 𝑥 ∗ 𝑥 = − ¡££ ¤ ∗¤

¡£ ¤
= 𝑟 + 𝛼 1 − 𝑟 𝑥'0v. 
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The concavity of the RRA function is minimal, however the slope of the function is slightly 

decreasing with income. We observe that for low levels of income the 95% confidence interval 

includes negative values, however, this observation cannot be directly interpreted as subjects being 

risk loving, since we need to account for probability weighting. As income increases RRA becomes 

clearly positive in the entire 95% confidence interval. 

The reported ML estimates of 𝜂 and 𝜙 are reported in table 5.1 to be 1.499 and 1.088, respectively. 

As mentioned in the theory section, we actually impose the restriction that 𝜂 > 0 and 𝜙 > 0, by 

estimating ln 𝜂  and ln 𝜙 . We use the original estimates of ln 𝜂  and ln 𝜙  to test the joint 

hypothesis that ln 𝜂 = 0 and ln 𝜙 = 0, to access whether probability weighting is appropriate37. 

If we do not reject the hypothesis, then we cannot reject EUT as a structural model. The F-statistic is 

10.7 with a p-value = 0.0047, therefore we reject the null hypothesis and conclude that the RDU 

model better capture the risk preferences in the sample. Figure 5.2 display the probability weighting 

function graphically, with the weighting function, 𝜔(𝑝), on the y-axis and the objective probability, 

𝑝, on the x-axis. 

Figure 5.2: Estimated Prelec Probability Weighting Function 

 
The function is very close to being globally convex. However, the point estimate of 𝜙 = 1.088 

indicates that we have a slight S-curve with a cross-over point is around 𝑝 = 0.9938. When 𝜙 = 1 

																																																													
37 The estimates are: ln 𝜂 = 0.405	(0.153) and ln 𝜙 = 0.084	(0.106) with standard errors in parentheses.  
38 The cross-over point indicates the point where 𝜔 𝑝 = 𝑝, and marks the p where the 𝜔 𝑝  shift from convexity 
(concavity) to concavity (convexity). In our case we have a convex function (underweighting) up until ≈ 0.99 and a 
concave function (overweighting) for 𝑝 > 0.99. 

0

.25

.5

.75

1

ω(p)

0 .25 .5 .75 1
p

φ=1.09
η=1.50



	 40	

and 𝜂 is the free parameter, the Prelec function collapses to the simple power function	𝜔 𝑝 = 𝑃�, 

so with a point estimate of 𝜙 close to one, it is not surprising that the estimated function is almost 

globally convex. The 95% confidence interval for 𝜙 is [0.8610:1.3150], therefore, we cannot reject 

the hypothesis that 𝜙 = 1 and, in turn, that Prelec collapses to a simple power (we estimate this model 

in the next section).  

Figure 5.3 displays the decision weights from the estimated probability function. The decision 

weights, 𝑊+, are on the y-axis, the outcomes are arranged from worst to best on the x-axis, and the 

probabilities (p) for the outcomes are uniformly distributed (i.e. for the two-outcome case, the 

probability for each outcome is 0.5).  

Figure 5.3: Estimated Decision Weights for 2, 3, and 4 Outcomes with Uniform Probabilities 

 

Recall that decision weights is defined as 𝑊+ = 𝜔 𝑝+ + ⋯+ 𝑝� − 𝜔(𝑝+\' + ⋯+ 𝑝�) for 𝑖 =

1,… , 𝑛 − 1 and 𝑊+ = 𝜔(𝑝+) for 𝑖 = 𝑛, where i is a ranking of outcomes from worst to best. The blue 

line shows decision weights 𝑊+ for a theoretical example of two outcomes, and it is clear that 𝑊> is 

much lower than 𝑊', this means that the probability for the bad outcome is overweighted (𝑊' > 𝑝') 

whilst the probability for the good outcome is underweighted (𝑊> < 𝑝>), which shows the estimated 

pessimism. The red line shows decision weights for an example of three outcomes, again pessimism 

is prevalent as (𝑊« < 𝑝«), but 𝑊+ > 𝑝+ for outcomes 1 and 2. The most relevant case is the black line, 

as it is the decision weights we have estimated for the probabilities of the dividend distribution in 
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Haruvy et al. (2007)39. The decision weights show that subjects underweight the two best outcomes 

3 and 4 with 𝑊+ < 𝑝+ [𝑊« = 0.2478	and 𝑊¬ = 0.1178] and overweight the two bad outcomes 1 and 

2 with 𝑊+ > 𝑝+ [𝑊' = 0.3206	and 𝑊> = 0.3138]. 

Estimation of risk preferences using RDU with simple power probability weighting 

Since we cannot reject  𝜙 = 1, we estimate and evaluate an RDU model with a simple power function:  

𝜔 𝑝 = 𝑃�. Table 5.2 displays the maximum likelihood (ML) estimates of the RDU model with 

expo-power utility as functional form, simple power probability weighting, and contextual errors40.  

Table 5.2: Estimated Coefficients for RDU with Expo-power, Simple Power, and Contextual Errors 

  

The ML estimate of 𝜂 = 1.402 results in a globally convex function, which implies pessimism just 

as in the model using Prelec probability weighting41. The estimate of 𝜂 and its standard error is a bit 

lower compared to the Prelec specification, but it is highly significant with a p-value < 0.001 in both 

cases. The lower point estimate of 𝜂 means that the probability weighting function is less convex, i.e. 

displays a lower degree of pessimism42. However, the difference is marginal, and since the estimates 

and errors of r and 𝛼 are almost identical in the two specifications, both ways of modelling the 

probability weighting function yields almost identical results. This is confirmed by the log-likelihood 

value of -1205.45 which is very close to the log-likelihood of -1205.15 in the Prelec specification. 

With almost identical estimates and log likelihood values, we cannot statistically reject the simple 

power model, but we use the Prelec specification due to the more flexible form. However, we analyse 

the differences between the two specification, to determine to which degree they diverge. Figure 5.4 

displays the simple probability function graphically, with the weighting function, 𝜔(𝑝), on the y-axis 

																																																													
39	We show the calculations in a later section.	
40 The specification is almost identical the main model using Prelec, only difference is that that equation 3.7 is replaced 
by 𝜔 𝑝 = 𝑃�, so the conditional log-likelihood becomes: ln ℒ 𝑟, 𝛼, 𝜂, 𝜇; 𝑦, 𝚾 = [(lnΦ(+ ∇𝑅𝐷𝑈) ∗ Ι(𝑦+ = 1)) +
(ln 1 − Φ ∇𝑅𝐷𝑈 ∗ Ι(𝑦+ = −1))].	
41 To be exact: the estimated Prelec function shows underweighting for 𝑝 < 0.99 and then overweigting for 𝑝 > 0.99 so 
it is almost globally convex. 
42 Since 𝜙 is close to one in the specification using Prelec, we can compare the 𝜂 values to evaluate pessimism. 
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and the actual probability, 𝑝, on the x-axis. It is easy to see that the function is globally convex and 

looks similar to the estimated Prelec function (Figure 5.2), but also that it is not as convex as the 

Prelec function. 

Figure 5.4: Estimated Simple Power Probability Function 

	

Figure 5.5 displays the decision weights from the estimated probability function. The decision 

weights, 𝑊+, are on the y-axis, the outcomes are arranged from worst to best on the x-axis, and the 

probabilities (p) for the outcomes are uniformly distributed. As before, the red and blue lines are 

examples of 2 and 3 outcome case, and the black line is the dividend example from Haruvy et al. 

(2007). Again, we see underweighting for the best outcomes 3 and 4 with 𝑊+ < 𝑝+ [𝑊« = 0.2353 and 

𝑊¬ = 0.1459] and overweighting for the two worst outcomes 1 and 2 with 𝑊+ > 𝑝+ [𝑊' = 0.3315 

and 𝑊> = 0.2895]. Subjects show more underweighting for the best and worst outcome when using 

Prelec, compared to the simple power function 𝑊¬+®�¯$	�°±$v = 0.1459	 > 𝑊¬²v$¯$³ = 0.1178 and 

𝑊'+®�¯$	�°±$v = 0.3315	> 𝑊'²v$¯$³ = 0.3206. However, 𝑊+²v$¯$³ > 𝑊++®�¯$	�°±$v for outcomes 

2 and 3, meaning that the simple power function underweights the two intermediate outcomes more 

than the Prelec function. 
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Figure 5.5: Estimated Decision Weights from the Simple Power Function 

	

This difference demonstrates that even though the estimates from the Prelec specification looks 

similar to those from the simple power, the two are not identical, because they model probabilities 

slightly different. The exact effect will depend on the structure of the prizes, i.e., if the best outcome 

is very high compared to the other three payoffs, then the utility calculated using Prelec would be 

lower than the one from simple power43 (this argument assumes that the Prelec and simple power 

specifications yield similar results in regards to the utility function). 	

Estimation of risk preferences using RDU with CRRA 
To test the robustness of our IRRA finding, we estimate a model using CRRA as functional form 

instead of expo-power and restrict r to be a linear function of scale dummies: 

𝑟 = 𝑐 + 𝛿'𝐷>Z + 𝛿>𝐷^Z + 𝛿«𝐷µZ 

where 𝐷>Z = 1 if the prizes are x20 times the normal level and 0 otherwise, 𝐷^Z = 1 if the prizes are 

x50 times the normal level and 0 otherwise, and 𝐷µZ = 1 if the prizes are x90 times the normal level 

																																																													
43 The utility from the dividend distribution in Haruvy et al. (2007) is 6.94 using simple power and 6.61 using Prelec 
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and 0 otherwise. Table 5.3 displays the maximum likelihood (ML) estimates of the coefficients in the 

structural RDU with CRRA, stake-dummies, Prelec probability weighting, and contextual errors44. 

Table 5.3: Estimated Coefficients for RDU with CRRA, Prelec, and Contextual Errors 

		

The ML estimates of the scale dummies are: 𝛿' = 0.243, 𝛿> = 0.556, and 𝛿« = 0.668. Since the 

dummies are increasing in stakes, it implies IRRA, just as we found using expo-power. The estimates 

of 𝜂 and 𝜙 are almost identical to the estimates from the Prelec specification. The main challenge 

using this model is that we would need to determine which stake level corresponds to the dividend 

payoffs in Haruvy et al. (2007). This is a difficult task, there is no correct objective answer, and the 

choice would have critical implication for our results. The expo-power function allows us to 

overcome this challenge, since it models IRRA without needing to assume stake level. Despite the 

slightly higher log-likelihood value from the CRRA specification (-1202.63 compared to -1205.15), 

we continue with expo-power utility model. 

Calculation of the certainty equivalent from RDU with Prelec probability weighting 
As described in the sections above, we use the Prelec specification as our main model, so the 

calculations of the certainty equivalent are based on the estimates from table 5.1. we also use the 

dividend distribution from Haruvy et al. (2007), which is summarized in table 5.4. 

																																																													
44	The specification is almost identical the main model using Prelec, only difference is that that equation 3.2’ is replaced 

by 𝑈 𝑥 = ¤�¶·

'0v
, so the conditional log-likelihood becomes: ln ℒ� ¡ 𝑟, 𝜂, 𝜙, 𝜇; 𝑦, 𝚾 = [(lnΦ(+ ∇𝑅𝐷𝑈) ∗ Ι(𝑦+ = 1)) +

(ln 1 − Φ ∇𝑅𝐷𝑈 ∗ Ι(𝑦+ = −1))]	
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Table 5.4: Dividend Distribution in Haruvy et al. (2007) 

 

Recall that the CE is given by: 

𝑈 𝐶𝐸 = 𝐸[𝑈 𝜖 ]	

where 𝜖 is the dividend distribution. This gives us the following equation: 

𝑈 𝐶𝐸 = 𝑊' ∗ 𝑢 0 +⋯+𝑊¬ ∗ 𝑢(30)	

where 

𝑊+ = 𝜔 𝑝+ + ⋯+ 𝑝� − 𝜔(𝑝+\' + ⋯+ 𝑝�) 

for 𝑖 = 1,… , 𝑛 − 1 and 

𝑊+ = 𝜔(𝑝+) 

for 𝑖 = 𝑛. The subscript is a ranking of outcomes from worst to best and 𝜔(𝑝) is the Prelec 

probability weighting function: 

𝜔 𝑝 = exp	(−𝜂(− ln( 𝑝	))�)	

where 

𝜂 = 1.499	and	𝜙 = 1.088	

and 

𝑈 𝑥 =
1 − exp −𝛼𝑥'0v

𝛼 	

is the expo-power utility function, where 

𝑟 = 0.054	and	𝛼 = 0.009	
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To calculate the individual 𝑊+, we start with the worst outcome and calculate the decision weight 

using the formula above: 𝑊' = 1 − 𝜔 0.75 = 0.3206. We then calculate the decision weight for 

the second worst outcome, 𝑊> = 𝜔 0.75 − 𝜔 0.50 = 0.3138, and follow the same procedure to 

find 𝑊«, whilst 𝑊¬ is simply 𝜔 0.25 = 0.1178. Table 5.5 summarizes the decision weights and the 

RDU from each outcome. 

Table 5.5: Decision Weights and RDU for the Dividend Structure in Haruvy et al. (2007) 

 

Note: the mean RDU for the population is 6.67 (calculated using parametric bootstrapping)	

It is easy to see the pessimism from the calculated decision weights, as 𝑊+ < 𝑝+ for the two best 

outcomes (see figure 5.3 for a graphic display), which leads to RDU from the best outcome being less 

than that from the second-best outcome. The CE is simply the value that gives the same amount of 

utility as the dividend structure: 

𝑈 𝐶𝐸 = 𝑅𝐷𝑈¸+¹+¸$�¸	"vº³"ºv$ = 6.61	

𝐶𝐸 = 7.62	

The above is a point estimate for the certainty equivalent, which we calculated using the estimates of 

the 4 parameters determining risk preferences in our model. To account for the uncertainty 

surrounding these estimates we proceed using parametric bootstrapping45, where we are able to use 

the underlying multivariate normal distribution from our estimated model to create a confidence 

interval for the certainty equivalent. Table 5.6 displays the correlation between the estimates in our 

multivariate normal distribution. 

																																																													
45 The idea with the parametric bootstrap is to use the distribution of the estimated coefficients (mean, variance and 
correlation) to create samples or in this case ”sets” of the coefficients we can use to calculate the certainty equivalent. 
By repeating the sampling numerous times, we end up with a distribution for the certainty equivalent and find the 95% 
confidence interval as the 2.5 and 97.5 percentiles. The procedure is e.g. described in Ferson and Siegel (2015). 
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Table 5.6: Correlation Matrix from our RDU Model 

 

Drawing 10.000 sets of the 4 coefficients from the underlying multivariate normal distribution we are 

able to calculate the population mean certainty equivalent = 7.65, the standard deviation = 0.626, and 

a 95% confidence interval [6.538;8.960]. The confidence interval does not include 12, which means 

that the CE is significantly different from the expected value. Figure 5.6 displays the distribution of 

the 10.000 CE and the green curve is a standard normal distribution. There is no value above 11, 

meaning that not even the most extreme CE is close to the expected value. Since we assume that 𝑌 =

ln	(𝜂) and 𝑍 = ln	(𝜙) are normally distributed, 𝜂 and 𝜙 are log-normally distributed, which results 

in a slightly skewed distribution of the CE.  

Figure 5.6: Distribution of 10,000 Observations of the Certainty Equivalent using RDU 

 

This skewness is easy to see in figure 5.7 which displays the distribution of both ln(𝜂), ln	(𝜙), 𝜂 and 

𝜙. Panel 1 shows the normal distributed ln	(𝜂), where all observations are inside the normal 
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distribution. Panels 2 shows the log-normal distribution of 𝜂, where the observations are skewed to 

the right. The same can be observed for ln	(𝜂) and 𝜂 in panel 3 and 4. 

Figure 5.7: Distributions of 10,000 Observations of 𝒍𝒏(𝜼), 𝒍𝒏	(𝝓), 𝜼, and 𝝓 

	 	

	  

Calculation of the risk-adjusted intrinsic value from RDU with Prelec 
The risk-adjusted intrinsic value is the certainty equivalent multiplied by the number of rounds left 

in the market, since this is the value a risk averse person would assign the asset46.  

𝐼𝑉" = 𝐶𝐸+

'^

+O"

 

This makes the risk-adjusted intrinsic value linear since the decrease in price between period t and t-

1 is constant for all t. The calculations in this section will be based on the population mean certainty 

equivalent, and the results are summarized in table 5.7. The second column is the risk neutral 

																																																													
46	The assumption is that the asset is evaluated as a series of separate gambles. 	
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fundamental value, and columns 3-5 is the risk-adjusted intrinsic value and the corresponding 95% 

confidence interval. The mean risk-adjusted intrinsic value is 36.25% lower than the expected value, 

while the confidence interval ranges from 45.5% to 35.3% lower. This, once again, highlights the 

importance of risk preferences, since the difference between risk neutrality and risk aversion in this 

case is quite significant.   

Table 5.7: Risk Neutral Fundamental Value and Risk-adjusted Intrinsic Value 

	

Estimation of risk preferences using EUT with expo-power 
Table 5.8 displays the maximum likelihood (ML) estimates of the coefficients in the structural EUT 

model with expo-power utility as functional form and contextual errors47.  

 

 

 

																																																													
47	The specification different from main model using Prelec, because it is an EUT model, the specification is equation 
3.2 to 3.5 where 3.2 is replaced by 3.2’ (expo-power utility) and 3.4 is replaced by 3.4’ (contextual utility). The 
conditional log-likelihood function becomes: ln��Á ℒ 𝑟, 𝛼, 𝜇; 𝑦, 𝚾 = [(lnΦ(+ ∇𝐸𝑈) ∗ Ι(𝑦+ = 1)) +
(ln 1 − Φ ∇𝐸𝑈 ∗ Ι(𝑦+ = −1))].	
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Table 5.8: Estimated Coefficients for EUT with Expo-power and Contextual Errors 

	

The ML estimates of 𝑟 = 0.301 and 𝛼 = 0.034 is both highly significant with p-value<0.001, the 

positive point estimates is equivalent to IRRA and DARA (Holt & Laury, 2002). The log-likelihood 

value is -1214.48, which is less than -1205.15 from the Prelec model. Because the EUT model is 

nested in the RDU model it is not possible to use an LR test on the likelihood values. Instead we 

argue that RDU is a better fit due to (i) the higher likelihood value, and (ii) the significance of 

probability weighting in the estimated Prelec specification.  

Figure 5.8 illustrates the estimated RRA graphically, and it is easy to see that it is increasing in 

income. The RRA is slightly concave, especially conspicuous at lower levels of income (0-100). 

When income is above 100, the function is close to being linear.  

Figure 5.8: Estimated Relative Risk Aversion using EUT with Expo-power and Contextual Errors 

	
Note: The confidence interval is calculated using parametric bootstrapping 
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Calculation of the certainty equivalent from EUT with expo-power 

In this section, we calculate the CE from our EUT model reported in table 5.8, because we want to 

analyse the effect of using RDU compared to EUT. The procedure is identical to the one we used 

when calculating the CE for RDU, where we account for the uncertainty by using parametric 

bootstrapping. Table 5.9 displays the EUT and RDU for the dividend distribution in Haruvy et al. 

(2007).  

Table 5.9: RDU and EUT from the Dividend Distribution in Haruvy et al. (2007) 

	

It is not possible to compare the RDU and EUT values, but we can analyse the different relationship 

within the two models. In RDU the probability pessimism leads to the utility of the best outcome 𝑥¬ 

being less than that of the second best outcome 𝑥«. As EUT does not transform probabilities but uses 

the objective ones, we have 𝐸𝑈 𝑥¬ > 𝐸𝑈(𝑥«). The CE is calculated as: 

𝑈 𝐶𝐸 = 𝐸𝑈¸+¹+¸$�¸	"vº³"ºv$ = 4.32	

𝐶𝐸 = 9.03	

The above calculation of the CE is done using parametric bootstrapping with 10,000 draws, the 

standard deviation is 0.224 and 95% confidence interval is [8.592;9.477]. Table 5.10 displays the 

correlation matrix that underlies the multivariate normal distribution. 

Table 5.10: Correlation Matrix from our EUT Model 

 

Figure 5.9 displays the distribution of the 10.000 CE and the green curve is a standard normal 

distribution. Since all variables used in the calculation are normally distributed, the CE is normally 

distributed around a mean of 9.03. 
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Figure 5.9: Distribution of 10,000 Observations of the Certainty Equivalent using EUT 

	

Calculation of the risk-adjusted intrinsic value from EUT with expo-power 
Table 5.11 summarizes the expected value and the risk-adjusted value from RDU and EUT. 

Table 5.11: Risk Neutral Fundamental Value and Risk-adjusted Intrinsic Value (RDU and EUT) 
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The risk-adjusted EUT value is 24.8% lower than risk neutral fundamental value, while the risk-

adjusted RDU value is 36.5% lower. This illustrates the importance of structural model choice, since 

under RDU, subjects are a lot more risk averse, due to the non-linear probability transformation.  

Comparing findings to existing literature 

As previously described48 Holt and Laury (2002) uses a set of binary choice tasks to investigate risk 

preferences. They observe that their subjects choose the safe option more often when stakes are 

increased, which means that subjects exhibit IRRA. Using EUT with the expo-power utility and Luce 

errors they formally estimate IRRA and DARA, with 𝑟 = 0.269	(0.017), 𝛼 = 0.029	(0.0025) and 

𝜇 = 0.134	(0.0046). Since their structural model differs from RDU, it is impossible to directly 

compare estimates, however, we do reach the same conclusion about IRRA. As we use a different 

structural model, our results actually expand on the results of Holt and Laury (2002). We show that 

the IRRA finding is robust to probability weighting with both a simple power function and the Prelec 

function.  

Harrison et al. (2007) conduct a study with lottery choices based on Holt and Laury (2002), but with 

several important differences. The sample is of 253 representative Danes in the age range from 19 to 

75, where Holt and Laury (2002) uses 175 students from three universities in the US. The stakes in 

the two lotteries A and B are also much higher in Harrison et al. (2007) where subjects can win either 

2,000 or 1,600DKK in lottery A or 3,850 or 100DKK in lottery B. Risk preferences are estimated 

using the same econometric specification49 as Holt and Laury (2002), but the two risk preference 

parameters r and 𝛼 are also modelled as linear functions of individual characteristics, such as gender. 

Harrison et al. (2007) find that their subjects are risk averse, but exhibit CRRA. The findings support 

the risk aversion found by Holt and Laury (2002), but obviously not the IRRA finding. It is again not 

trivial to compare our results to those of Harrison et al. (2007) because of the different model 

specifications, however, their findings do support the risk-aversion we have estimated, but not the 

IRRA.  

Smith and Walker (1993) use 65 student subjects, and a first price sealed bid auction framework to 

investigate risk preferences. They find that subjects exhibit risk aversion, and that this risk aversion 

is increases when conversion rate50 increases. The finding is somewhat similar to those of Holt and 

																																																													
48 The experiment is extensively described in our data section 
49 Expo-power with Luce errors.	
50 Conversion rate is the rate used to convert the dollars earned in the experiment to real dollars 
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Laury (2002) since both find IRRA. Harrison and Rutström (2008) use data from Holt and Laury 

(2005)51 and find evidence of IRRA using EUT, expo-power and Luce errors. When estimating using 

RDU with expo-power, Luce errors and the probability weighting function from Tversky and 

Kahnemann (1992)52, Harrison and Rutström (2008) find evidence of both probability weighting and 

IRRA ( r = 0.26 and 𝛼 = 0.02). We cannot directly compare the estimates, since we use Prelec’s 

function, but the basic findings are the same. Overall, the IRRA finding in the Holt and Laury (2002) 

data seems reasonable, especially because it is replicated by Harrison and Rutström (2008) using 

similar data from Holt and Laury (2005). The general finding of risk averse subjects is very prevalent 

in the literature, Harrison and Rutström (2008) examine experimental evidence on risk aversion and 

find that the average subject is moderately risk averse, with one large fraction being slightly risk 

averse, and another large fraction being quite risk averse.  

5.2 Analysis of Bubbles and Trader Behaviour in Haruvy et al. (2007) 

Using Risk Preferences Estimated from Holt and Laury (2002) 
The experiment has been described previously, but to briefly summarize: the experiment consists of 

four markets each consisting of 15 trading rounds. The 53 subjects are divided into groups of nine 

(one group of eight), these groups are referred to as ‘sessions’ and there is a total of six sessions. Each 

session plays each market one time, which results in a total of 4 game repetitions per subject53. This 

experimental structure provides us with three different data aggregation levels namely, (i) no 

aggregation, where we look at traders individually, (ii) aggregate session level, where we analyse 

mean values for each section, and (iii) aggregate market level, where we analyse mean values for 

each market. We will use different aggregation levels throughout the analysis, and state it clearly 

when necessary.  

Analyses of trading patterns in Haruvy et al. (2007) 
In the experimental asset market literature, a bubble is defined as an equilibrium price above the 

fundamental value of an asset, see e.g. Smith et al. (1988). This fundamental value depends on how 

risk preferences are treated and is either the expected value or the risk-adjusted value of the dividends. 

Since Haruvy et al. (2007) assume risk neutrality, the fundamental value used to measure timing and 

																																																													
51 Holt and Laury (2005) used 216 subjects to investigate order effects using a set up similar to that of Holt and Laury 
(2002). 96 subject faced real rewards, and this is the observations used by Harrison and Rutström (2008). 
52𝜔 𝑝 = �Â

�Â\ '0� Â
�
Â
. 

53 Market 4 is only played by 5 of the sessions. A rigorous description of the game format is available in our data section. 
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magnitude of bubbles is simply the expected value of the dividend distribution. Based on the literature 

review, we know that the most commonly observed trading pattern in experimental asset markets is 

characterized by: (i) a phase where the bubble forms, (ii) a turning point where the price reaches its’ 

peak, and (iii) a phase where the bubble crashes, meaning that the price declines and eventually 

stabilizes around some fundamental value. The bubble in market 1 is typically large and crashes in 

one of the later rounds, as traders gain experience through repeating the experiment, the bubble 

becomes smaller and the crash happens earlier. We begin our analysis by investigating whether we 

find a similar trading pattern in the data from Haruvy et al. (2007).  

Figure 5.10 displays the average trading patterns on an aggregate market level for each market in 

Haruvy et al. (2007). The black line is the average equilibrium price, and the dashed line is the risk 

neutral fundamental value.  

Figure 5.10: Average Equilibrium Price in each Market relative to Risk Neutral Fundamental Value 

	 	

	 	

Note: average equilibrium price is on aggregate market level 
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Top left panel shows market 1 where the starting price is 43, which is way below the fundamental 

value of 180. The mean price increases steadily, and in round 7 it reaches 136, which is greater than 

the fundamental value of 108. This means that a price bubble has been created, and it continues to 

grow to its’ peak price of 253 in round 12. The crash starts in round 13, where the price decreases by 

17 to 236. In round 13 and 14 the price declines are relatively large and the price in the final round is 

49, well above both the fundamental value of 12 and also above the maximum dividend payoff of 30. 

Under the assumption of risk neutrality, this does not make sense, since the price is more than 4 times 

the expected value. It does not seem to make sense from a rational point of view54 either, since a 

buyer cannot recoup his price even with a maximum dividend pay-out, which is the type of action 

that Lei et al. (2001) deem irrational. The top right panel shows market 2 where the starting price is 

89, more than double the starting price in market 1. The bubble forms in round 3, where the price is 

163 and the fundamental value is 156, this is 4 rounds earlier than in market 1. The price peak is 

reached in round 7 at a price of 214, 5 rounds earlier than in market 1. This development is exactly 

what we expect to see, an earlier formation of the bubble and an earlier crash. The price converges to 

values close to fundamental value in round 13, 14, and 15, with prices of 28 (36), 19 (24) and 16 (12) 

where the fundamental values are in parentheses. The bottom left panel shows market 3 where the 

starting price is 129, 3 times higher than in market 1, and around 50% higher than in market 2. The 

bubble forms in round 2, where the price is 180 and the fundamental value is 168. The peak price is 

reached in round 3 with a price of 203, 4 rounds earlier than markets 2 and 9 rounds earlier than 

market 1. Again, we see an earlier peak than in previous markets. The price closely follows 

fundamental values from round 6 and onwards, resulting in 10 rounds where prices are close to 

fundamental value, compared to only 3 in market 2. The bottom right panel shows market 4 where 

the starting price is 162, relatively close to the fundamental value of 180. The bubble forms and peaks 

in round 2 at a price of 194, and this peak occurs 1 round earlier than in market 3. The price equals 

fundamental value in round 3, and trades well below in rounds 5-8 with prices of 102 (132), 94 (120), 

76 (108) and 76 (98), where the fundamental values are in parentheses. This early convergence to 

fundamental value, might indicate that the market is close to reach common knowledge of rationality. 

Most other papers only deal with up to 3 market replications, where the bubble is continuously 

declining across replications, ending in a small bubble in market 3. One could hypothesise that 

																																																													
54 Assuming that people are not abnormally risk loving. 
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additional replications, would suffice to eliminate bubbles and thus yield a REM equilibrium. 

However, a fourth replication does not seem sufficient to completely eliminate bubbles.    

Under the assumption of risk neutrality, it is impossible to explain starting prices below fundamental 

value, as well as the brief period of prices below fundamental values in market 4. However, if we 

instead allow for subjects to have other risk preferences, then it is possible to explain these 

observations. In this case the trading patterns are partly determined by traders’ risk preferences, so 

the observations that cannot be explained under risk neutrality now instead provides information 

about traders’ risk preferences. The starting average equilibrium price indicates that subjects are risk 

averse in dividends, which is also a hypothesis set forth by Smith et al. (1988). Similarly, the period 

of prices below expected values in market 4 indicates that traders might be risk averse, causing the 

price to converge to the risk adjusted intrinsic value instead of the risk neutral fundamental value. 

Introducing risk preferences to the trading patterns in Haruvy et al. (2007)  
To analyse the effect of relaxing the risk neutrality assumption, we use the estimated risk preferences 

from Holt and Laury (2002). Figure 5.11 displays the average equilibrium price on an aggregated 

market level compared to the estimated risk-adjusted intrinsic value and the risk neutral fundamental 

value. The dashed blue lines are the 95% confidence interval around the point estimate of the risk 

adjusted intrinsic value. If subjects are risk averse, we expect prices to converge to near risk-adjusted 

intrinsic value after the crash. The top left panel shows market 1 where the starting price is below the 

risk-adjusted intrinsic value as well as risk neutral fundamental value. However, with the risk adjusted 

intrinsic value as baseline, the bubble now forms in round 5, which is 2 rounds earlier than under risk 

neutrality. As described previously, the price in this market fails to converge to any fundamental 

value. Top right panel shows market 2 and as in market 1, the starting price is still below the risk-

adjusted intrinsic value. The bubble now starts in round 2, instead of round 3, with a price of 135 

where the risk-adjusted intrinsic value is 107. The price converges close to risk-adjusted intrinsic 

value in rounds 13 and 14, however, in the last period, the price of 16 is above the intrinsic value. 

The bottom left panel shows market 3 where the bubble forms in round 1, using the risk-adjusted 

intrinsic value as baseline. The price never converges to the risk-adjusted intrinsic value, even though 

this is what we expect. 
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Figure 5.11: Average Equilibrium Price in each Market relative to the Risk-Adjusted Intrinsic Value 

	 	

	 	

	 		
Note: average equilibrium price and risk-adjusted value is on aggregate market level 

The bottom right panel shows market 4 where the starting price is now above the risk-adjusted 
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et al. (2002)): with experience traders’ can develop rational expectations, and when this happens, the 

price will converge to a fundamental value partly defined by the average risk preference in the market.  

Analysing the magnitude of bubbles  

It is easy to see the bubbles in Figure 5.10 and 5.11, but hard to compare their magnitudes across 

markets. To overcome this, we use a measure called amplitude, which was first introduced by Van 

Boening et al. (1993). Amplitude describes the stocks’ price deviation relative to some fundamental 

value over all rounds: max
"

²Å0ÆÇÅ
ÆÇÅ

− min
"

²Å0ÆÇÅ
ÆÇÅ

. The measure is calculated for each session in a 

market, and the market amplitude is a simple average of the session amplitudes. Table 5.12 shows 

the mean amplitude for each market, with both fundamental value and risk-adjusted intrinsic value.  

Table 5.12: Amplitude for each Market	

	
Note: market amplitude is calculated as an average of the amplitude in each session55 

In the panel for market 1 the amplitude for the risk neutral fundamental value is 8.83, whilst it is 

13.82 for the risk-adjusted intrinsic value. It is not surprising that the bubble is larger under the risk-

adjusted measure, since this lies below the risk neutral value in all rounds. Both amplitudes decrease 

																																																													
55 Session amplitude using the risk neutral FV (Risk-adjusted IV) in market 1: 9.99 (15.66), 7.94 (12.46), 14.08 (22.08), 
6.92 (10.84), 3.47 (5.44) and 10.58 (16.59). For market 2: 4.74 (7.44), 1.4 (2.20), 2.73 (4.28), 5.47 (8.58), 1.44 (2.26) 
and 1.42 (2.22). For market 3: 1.47 (2.30), 0.88 (1.38), 1.53 (2.40), 1.82 (2.85), 2.81 (4.41) and 2.43 (3.81). For market 
4 (no session 1): 0.34 (0.54), 1.13 (1.77), 0.91 (1.42), 1.15 (1.80) and 0.76 (1.19) 
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steadily across markets, and clearly show the pattern of decreasing bubbles, as we saw graphically in 

Figure 5.10 and 5.11. Examining the formula for amplitude, we are able to analyse what actually 

causes a decline in amplitude across markets. Price peaks in latter rounds leads to a larger 

max
"

²Å0ÆÇÅ
ÆÇÅ

, because the fundamental value will be lower, compared to if the same price peak 

happened in an earlier round. The fact that bubbles form earlier as traders gain experience therefore 

reduce amplitude. The second term, min
"

²Å0ÆÇÅ
ÆÇÅ

, becomes less negative as the starting price increase, 

which happens simultaneously with earlier bubbles. So, both terms act together to decrease amplitude, 

as the bubble forms and bursts earlier in later markets. Another way to illustrate the bubble 

magnitudes, is by looking at the difference between equilibrium price and fundamental value, without 

normalizing in respect to the fundamental value. Figure 5.12 displays this difference in histograms, 

where the y-axis is percentage of observations (density) and the x-axis is the difference between the 

equilibrium price and risk neutral fundamental value in each session.	 

Figure 5.12: Difference between Equilibrium Price and Risk Neutral Fundamental Value (𝑷𝒕 − 𝑭𝑽𝒕) 

	 	

	 	
Note: difference between equilibrium price and expected value is reported for each session 
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The top left panel shows market 1 where differences are large in general and we also observe 

relatively large outliers, e.g. a positive difference of 430. In 42% of the observations the difference is 

≤ 0, which makes sense since prices are below fundamental values in the first 6 periods. The top 

right panel shows market 2 where the largest value is 328, which is significantly lower than the most 

extreme outlier observed in market 1, and only 37% of the observations are ≤ 0, because the bubble 

already starts in period 3. The observations are more centred around 0, compared to market 1. The 

bottom left panel shows market 3 where the largest outlier is 134, less than half of what we observed 

in market 2, and 45% of the observations are ≤ 0, which is a larger percentage than observed in 

market 2. This is probably because the price dives below the fundamental value in rounds 6, 7, and 

10 after the bubble crashes. Again, we see that the observations are centred more closely around a 

mean compared to previous markets. The bottom right panel shows market 4 where the largest value 

is 94, and 68% of the observations is ≤ 0, because the price is much lower than fundamental value in 

rounds 5-8. The observations are centred much closer around a mean compared to all previous 

markets (less variance in observations). The conclusion from both table 5.12 and figure 5.12 is that 

bubble magnitudes decrease across markets.  

Figure 5.13 displays the difference between equilibrium price and risk-adjusted intrinsic value, as 

before the y-axis is the percent of observations and the x-axis is the difference. We see the same 

tendency as in Figure 5.12, that the variance decrease as we move from market 1-4, which is expected, 

since 𝑃" is the same in the two figures. When using intrinsic value instead of fundamental value, the 

differences naturally becomes larger, and we see a lot more positive observations: 28% ≤ 0 in market 

1, 23% ≤ 0 in market 2, 21% ≤ 0 in market 3, and 13% ≤ 0 in market 4. The reason for the larger 

fraction of postive observations is simply that we use a lower baseline, so when the price is below 

risk neutral fundamental value, it is often still greater than risk-adjusted intrinsic value (as is evident 

in figure 5.11). 
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Figure 5.13: Difference between Equilibrium Price and Risk-Adjusted Intrinsic Value (𝑷𝒕 − 𝑰𝑽𝒕) 

	 	

	 	

Note: difference between equilibrium price and expected value is reported for each session 
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Figure 5.14: Average Equilibrium Price compared to Average Expected Price 

	 	

	 	

Note: average equilibrium price and average expected price is on aggregated market level 

The two bottom panels are markets 3 and 4, which display the same pattern of too low forecast prior 

to the peak, specifically, rounds 1 and 2 in market 3, and round 1 in market 4. Traders then correctly 

forecast the price in the peak period but fail to predict the crash in the following round. Subsequently, 

they forecast too small decreases in the next few rounds, before forecasting quite accurately once the 
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et al. (2007) (whom find that traders miss turning points).   

Analysing whether mean short-term expectations follow avg. equilibrium price change 
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Figure 5.15: Change in Equilibrium Price, Mean Short-term Expectation, and Expected Risk-Neutral 
Price Change 

	 	

	 	
Note: average equilibrium price and mean short-term expectation are at an aggregated market level 
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expectation for a few of the rounds (1, 3 and 5) prior to the price peak in round 7, where mean short-

term expectation then lies above the average equilibrium price change in rounds 8-13, following the 

crash. In rounds 14-15, we see that mean short-term expectation converges to risk neutral expected 

price change, once the equilibrium price change has converged to fundamental value. The patterns 

are the same for markets 3 and 4, which are displayed in the two bottom panels. The important 

difference is that the crash happens earlier, so the period where mean short-term expectation is above 

average equilibrium price change moves forward: rounds 14-15 in market 1, 8-13 in market 2, 4-6 in 

market 3 and 3-5 in market 4. We see that mean short-term expectations converges to actual price 

changes a few rounds after the crash, once average equilibrium price change stabilizes around risk 

neutral fundamental value changes. Traders’ tendency to underpredict during booms is smaller, and 

last fewer rounds, than their tendency to overpredict during crashes. The findings in figure 5.15 is 

consistent with the observations in previous graphs: bubbles form faster (figure 5.10), equilibrium 

price converges to fundamental value (figure 5.11), and forecast converges to actual prices, once 

prices converge to and stabilizes around fundamental value (figure 5.12).   

5.3 Analysis of REM in Haruvy et al. (2007) Using Risk Preferences 

Estimated from Holt and Laury (2002) 
In the next subsections we investigate whether traders’ expectations are rational. We define rational 

expectations in the sense of Muth (REM), who argues that “… expectations of firms (or, more 

generally, the subjective probability distribution of outcomes) tend to be distributed, for the same 

information set, about the predictions of the theory (or the ‘objective’ probability distribution of 

outcomes)” (Muth, 1961). In effect, the REM hypothesis implies not only that expectations are 

sustained by outcomes, but that those outcomes in turn support the prediction of some theory. We test 

two different theories: the risk neutral fundamental value and the risk-adjusted intrinsic value. We 

will refer to these as the risk neutral version of REM and the risk-adjusted version of REM, 

respectively. To test the REM, we divide it into two hypotheses: (i) traders’ predictions are sustained 

by outcomes, and (ii) outcomes support the theoretical prediction. 

As described in the theory section, it is common to have individual unobserved effects in panel data, 

if not treated correctly these effects will affect the standard errors of our estimates, thus in turn our 
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inference. When we use data from all individuals (not aggregated) we use clustering56 to compute 

standard errors robust to serial correlation and heteroscedasticity. When we use data on an aggregate 

session level we do not use clustering, since we argue that the individual effects tend to even out. It 

also allows us to avoid a potential problem with too few clusters, which leads the OLS to overfit, 

meaning that the robust standard errors will be systematically too closer to 0 than the true errors 

(Cameron and Miller, 2015). Even though there is no rule for how many clusters constitutes “too 

few” (Cameron and Miller, 2015), then 6 clusters in market 1-3 and 5 in market 4, might be too few57. 

Are traders’ predictions sustained by price levels? 

We begin our analysis by investigating whether trader’s predictions are sustained by prices. If this is 

the case, then the price in round t, 𝑃", must equal the predicted price for that round, 𝐵"+�¸.: 

 𝑃" = 𝛼' + 𝛽'𝐵"+�¸. [5.1] 

In which 𝐵"+�¸. is trader i’s prediction regarding 𝑃", which was reported by the subject just prior to 

that round being played. If traders’ individual predictions are sustained by outcomes, we should find 

𝛼' = 0 and 𝛽' = 1. Figure 5.16 displays equilibrium price as a function of traders’ predictions, where 

equilibrium price is on the y-axis and predicted price is on the x-axis. The red line is the OLS fitted 

line, and the grey line is relationship we expect to find if the market exhibits REM. All four markets 

show the same general pattern, with the one difference that both equilibrium and predicted price is 

decreasing across markets due to the decreasing magnitude of bubbles (axis values are changing). It 

is clear that the equilibrium price does not equal the predicted price, which is illustrated by the 

discrepancy between the red and grey lines. There is a tendency to underestimate when the price is 

low (fitted OLS above grey line), and to overestimate when the price is high (fitted OLS below grey 

line). Overall we see a somewhat linear pattern, but with a lot of variance in actual price for each 

predicted price. The overall linear pattern is expected, since traders know the realized prices in all 

previous rounds when they forecast the price in t, so simply extrapolating the previous trend (and of 

course correct when the bubble crashes) should result in a pattern similar to what we observe. 

Therefore, the linearity we observe should not be interpreted as traders being relatively good at 

forecasting. 

																																																													
56 This approach treats all observation for one individual as one cluster, and allows for heteroscedasticity and serial 
correlation within this cluster (Woolridge, 2013).  
57 Especially considering that we obtain robust standard errors lower than normal standard errors in all our regression on 
an aggregate session level (these robust errors have not been reported).	
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Figure 5.16: Equilibrium Price as a Function of Traders’ Predictions 

	
Note: no aggregation, all observations 

Table 5.13 displays the OLS estimates of equation [5.1], where we have corrected for clusters. 

Table 5.13: Equilibrium Price as a Function of Traders’ Predictions 

 
Note: we have corrected for clusters in errors58, the number of observations differ due to only 5 sessions in market 4 

																																																													
58 The normal standards errors are for market 1: 𝛼'	(3.68), 𝛽'	(0.020), for market 2: 𝛼'	(2.72), 𝛽'	(0.015), for market 
3: 𝛼'	(2.43), 𝛽'	(0.018), and for market 4: 𝛼'	(1.84), 𝛽'	(0.016). So we that the inference is not affected by the use of 
either type of errors, however, we argue that using robust errors is correct.  
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The constants for markets 1-4 are: 35.493, 14.929, 21.730, and 12.371, respectively. It follows 

immediately, from p-values <0.001, that the constants are statistically significant for all markets. This 

indicates that trader’s predictions are likely not sustained by outcomes, but to formally test our joint 

hypothesis, we conduct an F-test for 𝛽' = 1 and 𝛼' = 0 for each market. The statistics are: 𝐹 >,^>
' =

7.26	(p-value = 0.002), 𝐹 >,^>
> = 29.16	(p-value<0.001), 𝐹(>,^>)« = 165.09	(p-value<0.001), and 

𝐹(>,¬«)¬ = 65.61 (p-value<0.001). Evidently, we reject our null hypothesis based on the very low p-

values, meaning that trader’s individual predictions are not sustained by outcomes. We estimates 𝛽' 

to be significant below 1 in all markets59, indicating that traders tend to overpredict the equilibrium 

price.  

Conclusion: when looking at price levels, individual predictions are not sustained by prices and 

traders tend to overpredict. This result provides some evidence against the proposition posed by the 

REM hypothesis, but it does not give us an indication as to whether prices follow prediction from 

some theory. 

Do outcomes support the theoretical predictions from risk neutral fundamental value? 

In this subsection, we test whether prices follow the risk neutral fundamental value: 

𝐹𝑉" = 𝐸"[𝑑+]
Î

+O"

 

If this is the case, then price in period t, 𝑃", must equal the fundamental value in that round, 𝐹𝑉": 

 

 𝑃" = 𝛼> + 𝛽>𝐹𝑉" [5.2] 

 

If prices support the predictions of the risk neutral fundamental value, then we should find 𝛼> = 0 

and 𝛽> = 1. Figure 5.17 displays equilibrium price on a session level as a function of risk neutral 

fundamental value. The y-axis shows the equilibrium price, 𝑃", and the x-axis shows the risk neutral 

fundamental value, 𝐹𝑉". 

																																																													
59 p-value for the one-sided test 𝐻Z: 𝛽' = 1 against the alternative 𝐻': 𝛽' < 1 when 𝛽' < 1 is half the p-value for the 
test 𝐻Z: 𝛽 = 1 (Woolridge, 2013), and the p-value for 𝐻Z: 𝛽 = 1 is <0.001 for all markets, which means we find that 
𝛽' < 0.	
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Figure 5.17: Equilibrium Price as a Function of Risk Neutral Fundamental Value 

	

Note: equilibrium price and fundamental value is on an aggregate session level 

The red line is the OLS fitted line, and the grey line is the relationship we expect to find under REM. 

If prices support risk neutral fundamental values, we expect the fitted line to start at 12 and to have 

an upward slope of 12, since this is the risk neutral fundamental value of holding the stock for one 

round. Top left panel shows market 1 where it is obvious that prices does not follow fundamental 

value, since the slope of the fitted line is negative. From our previous analysis, it follows that, when 

the bubble peaks early, prices tend to better follow fundamental value, because we observe high (low) 

prices when fundamental value is high (low). Top right panel shows market 2 where the slope of the 

fitted line looks closer to -12, but there are many observations of prices higher than risk neutral 

fundamental value for the range where the risk neutral fundamental value is 50-100. The bottom two 

panels show markets 3-4, where the price seems to follow the fundamental value quite closely, and 

the fitted line is almost identical to the expected relationship. However, when we look at the data, we 

also observe patterns indicating that the relationship might not be as linear as the fitted OLS suggests. 

In market 3 (bottom left panel) we see that when risk neutral fundamental value is around 150, the 

actual price is much higher, and similarly when risk neutral fundamental value is 180, the price is 

0
10

0
20

0
30

0
40

0
50

0
E

qu
ili

br
iu

m
 p

ric
e 

(P
t)

0 50 100 150 200
Risk neutral fundamental value (FVt)

OLS fit Relationship if  α2 = 0 and β2 = 1

Market 1

0
10

0
20

0
30

0
40

0
E

qu
ili

br
iu

m
 p

ric
e 

(P
t)

0 50 100 150 200
Risk neutral fundamental value (FVt)

OLS fit Relationship if  α2 = 0 and β2 = 1

Market 2

0
10

0
20

0
30

0
E

qu
ili

br
iu

m
 p

ric
e 

(P
t)

0 50 100 150 200
Risk neutral fundamental value (FVt)

OLS fit Relationship if  α2 = 0 and β2 = 1

Market 3

0
50

10
0

15
0

20
0

25
0

E
qu

ili
br

iu
m

 p
ric

e 
(P

t)

0 50 100 150 200
Risk neutral fundamental value (FVt)

OLS fit Relationship if  α2 = 0 and β2 = 1

Market 4



	 70	

lower in almost all sessions. We also observe this tendency in market 4 (bottom right panel) where 

the equilibrium price is below risk neutral fundamental value when the fundamental value is in the 

range 108-132. Markets 3 and 4 also displays large variance in the equilibrium prices when risk 

neutral fundamental value is in the range 156-180.  

Table 5.14 displays the OLS estimates of equation [5.2]. 

Table 5.14: Equilibrium Price as a Function of Risk Neutral Fundamental Value 

	

Note: the number of observations differ due to only 5 sessions in market 4 

The constants for markets 1-4 are: 221.981, 69.121, 3.100, and -6.526, respectively. The constants 

are highly significant in markets 1 and 2, and insignificant in markets 3 (p-value = 0.758) and 4 (p-

value = 0.333). The constant changes sign and goes from being positive in markets 1, 2, and 3, to 

being negative in market 4. This implies that, in market 4, the price trades below the fundamental 

value (provided a point estimate of 𝛽> ≤ 1), which is what we expect to observe if participants in the 

market are risk averse. It is evident that, in markets 1 and 2, prices do not follow fundamental values, 

since the intercept is significant. In markets 3 and 4 the t-test for 𝛽> = 1 cannot be rejected: 𝐹 ',Ñ«
« =

0.37 (p-value = 0.544) and 𝐹 ',Ñ«
¬ = 0.04 (p-value = 0.835) so, in conjunction with the insignificant 

intercepts, these tests indicate that prices might track fundamental values. If we test 𝛽> = 1 against 

the alternative 𝛽> < 1 we find p-values of 0.272 for market 3 and 0.418 for market 4, meaning we 

cannot statistically conclude that 𝛽> < 1. However, the point estimate of 𝛽> < 1 in market 4 indicates 
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that subject might be risk averse. To formally test whether prices follow risk neutral fundamental 

value, we use an F-test for 𝛼> = 0 and 𝛽> = 1 for each market, the statistics are: 𝐹 >,ÒÒ
' = 70.33	(p-

value<0.001), 𝐹 >,ÒÒ
> = 11.69 (p-value<0.001), 𝐹 >,ÒÒ

« = 1.77 (p-value = 0.177), and 𝐹 >,Ñ«
¬ = 2.99 

(p-value = 0.057). We reject the null-hypothesis for the first two markets, which indicates that prices 

do not follow fundamental value. However, using a standard 5% significance level, we cannot reject 

the hypothesis for markets 3 and 4, which means that we cannot statistically reject that prices follow 

the risk neutral prediction. Before concluding anything in regards to REM, we investigate whether 

prices follow risk-adjusted fundamental value. 

Do outcomes support the theoretical predictions by risk-adjusted intrinsic value? 
Recall that the risk-adjusted intrinsic value is defined as: 

𝐼𝑉"� ¡ = 𝐶𝐸+

Î

+O"

 

The certainty equivalent was calculated to be 7.65 and can be found in table 5.7. If prices follow 

intrinsic value, then the price in period t, 𝑃", must equal the intrinsic value in that round, 𝐼𝑉": 

 

 𝑃" = 𝛼« + 𝛽«𝐼𝑉"� ¡ [5.3] 

 

If price supports predictions from the risk-adjusted intrinsic value, then we should find 𝛼« = 0 and 

𝛽« = 1. Figure 5.18 displays equilibrium price as a function of the risk-adjusted intrinsic value. The 

y-axis shows the equilibrium price, 𝑃", and the x-axis shows the risk-adjusted intrinsic value, 𝐼𝑉". The 

red line is the OLS fitted line, and the grey line is the relationship we expect to find under risk-

adjusted REM. If prices follow intrinsic values, we expect the fitted line to start at 7.65 and to have 

an upward slope of 7.65, since this is the risk-adjusted value of holding the stock for one period. Top 

left panel shows market 1 where the price clearly does not follow intrinsic value, since the slope of 

the fitted line is negative (the reason for this is described above in relation to figure 5.17). 
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Figure 5.18: Equilibrium Price as a Function of Risk-Adjusted Intrinsic Value 

	

Note: equilibrium price and intrinsic value is on an aggregate sessions level 

Top right panel shows market 2 where the fitted line is parallel to the expected relationship line, but 

clearly well above, indicating that the intrinsic value is lower than the equilibrium price level. Prices 

in market 2 do not follow a linear trajectory, which we also described in the previous subsection. The 

bottom two panels show markets 3-4, where the fitted line has a steeper slope than the expected 

relationship line, indicating that the risk-adjusted intrinsic value is too low relative to the observed 

price. Again, one can argue whether the relationship observed in these two markets is linear. 

Table 5.15 displays the OLS estimates of equation [5.3]. The constants for markets 1-4 are: 221.981, 

69.121, 3.100, and -6.526, respectively. The constants are highly significant in markets 1 and 2, and 

insignificant in market 3 (p-value = 0.758) and 4 (p-value = 0.333). These are exactly equal to the 

ones reported in table 5.14, since we have simply replaced the fundamental value with the intrinsic 

value, which is another linear variable. If our hypothesis holds true, we would need 𝛼« = 0 and 𝛽« =

1. Considering that the constants in markets 1 and 2 are well above zero, and that 𝛽«	in markets 3 and 

4 is well above 1 (with low standard errors), the hypothesis is unlikely to hold. To test this formally, 
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we use an F-test for 𝛼« = 0 and 𝛽« = 1 for each market, the statistics are: 𝐹 >,ÒÒ
' = 76.53 (p-value < 

0.001), 𝐹 >,ÒÒ
> = 34.53 (p-value < 0.001), 𝐹 >,ÒÒ

« = 51.67 (p-value < 0.001), and 𝐹 >,Ñ«
¬ = 52.13 (p-

value < 0.001). Due to the low p-values, we reject the null in all markets, which implies that price 

does not follow the intrinsic value. 

Table 5.15: Equilibrium Price as a Function of Risk-Adjusted Intrinsic Value 

 

Note: the number of observations differ due to only 5 sessions in market 4 

The risk-adjusted intrinsic value used in the regression was calculated using the estimated population 

mean certainty equivalent. To account for the uncertainty surrounding this estimate, we draw 1,000 

certainty equivalents from our estimated distribution60 (ref. figure 5.6), calculate the corresponding 

intrinsic value, and estimate the OLS regression from equation [5.3] 1,000 times. Figure 5.19 display 

the 1,000 estimated 𝛽-coefficients for the four markets. Top left panel shows market 1, where the 

mean is 𝛽« = −1.37. It is easy to see that all the estimates are below 1, since they are all negative. 

The top right panel shows market 2 where the mean is 𝛽« = 1.17, in this market some of the betas 

are close to 1, which is what we are looking for. However, this in isolation does not provide us much 

knowledge in regards to the risk-adjusted REM. The two bottom panels show markets 3 and 4, where 

the means are 𝛽« = 1.66 and 𝛽« = 1.56, respectively. The minimum values in markets 3 and 4 are 

																																																													
60 Technically we draw 1,000 sets of parameters (𝑟, 𝛼, 𝜂, 𝜙, 𝜇) and calculate the certainty equivalent for each set, 
resulting in 1,000 observations of the certainty equivalent. 
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𝛽« = 1.27 and 𝛽« = 1.20, so clearly all 1,000 estimates are above 1. Based simply on the beta 

distributions, it is pretty evident that we will not find support for  𝛼« = 0 and 𝛽« = 1, but we test this 

formally using an F-test. 

Figure 5.19: Distribution of 1,000 Estimated 𝜷𝟑 from 1,000 Regressions using Different Intrinsic 
Values 

 

Figure 5.20 shows, for each market, the p-values of 1,000 F-tests for 𝛼« = 0 and 𝛽« = 1. We clearly 

do not observe any p-values close to being significant, in any of the four markets. In market 4 (bottom 

right corner), we observe a p-value = 0.0008, which is the largest in all four markets, but still far from 

e.g. 0.05. The fact that we reject the hypothesis in all 1,000 regressions, provides relatively strong 

evidence against the hypothesis that outcomes supports the predictions from the risk-adjusted intrinsic 

value.  
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Figure 5.20: Distribution of 1,000 p-values from 1,000 Regressions using Different Intrinsic Values 

 

Conclusion: when looking at price levels, we reject the hypothesis that equilibrium prices are 

supported by predictions from risk-adjusted intrinsic value. When we account for the uncertainty 

surrounding the estimated risk-adjusted intrinsic value, we reject the F-test of α = 0 and β = 1 with 

a p-value<0.001 in all markets for all 1,000 regressions. However, we cannot reject the hypothesis 

that equilibrium prices support the predictions from risk neutral fundamental value. The p-values 

from the F-tests of α = 0 and β = 1 are 0.758 and 0.333 in markets 3 and 4, respectively. These 

results provide some evidence against the risk-adjusted REM, whilst providing support for the risk 

neutral REM. We estimate 𝛽> = 0.987 in market 4 when using risk neutral fundamental value, which 

can be interpreted as weak evidence of subjects being slightly risk averse. This does not contradict 

the rejection of the hypothesis that prices follow risk-adjusted intrinsic values, since it is possible that 

the subjects in Haruvy et al. (2007) are less risk averse than what we estimated for subjects in Holt 

and Laury (2002). 
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Do outcomes support the theoretical predicted price change? 

In this subsection, we test whether price changes support theoretical predictions, by using a fixed 

effects model. This is a different approach than the one used to test price levels, since we now treat 

the fundamental value as an unobserved time-invariant variable, instead of including it as an 

observed independent variable. It allows us to test directly on this unobserved or fixed component 

of price changes. If price changes support the risk neutral fundamental value, then the price in round 

t and t-1 must equal the fundamental value in that round: 

𝑃" = 𝛽Z + 𝛽' ∗ 𝐹𝑉" 

𝑃"0' = 𝛽Z + 𝛽' ∗ 𝐹𝑉"0' 

Subtracting one from the other to get the change:  

𝑃" − 𝑃"0' = 𝛽' 𝐹𝑉" − 𝐹𝑉"0'  

Because the change in fundamental value is constant from round t-1 to t, the equation simplifies to: 

 𝑃" − 𝑃"0' = 𝛽Z [5.4] 

which is equivalent to a fixed effects model. The above also hold for the risk-adjusted intrinsic value, 

since this is linear by construct. Figure 5.21 displays price changes by round for each of the four 

markets. Note that there are only 14 rounds, since we lose one round per session when looking at 

changes. If prices support one of our theoretical predictions, we need price changes in each session 

to be constant and thereby placed on a straight horizontal line. The placement of this horizontal line 

on the y-axis would then depend upon the level of risk aversion within that session. For illustrative 

purposes the red line is the expected constant price change of -12 assuming risk neutrality. The top 

left panel shows market 1 where price changes clearly does not follow the risk neutral prediction. In 

fact, the price changes do not even appear constant, but this was expected since the aggregate market 

crashes in rounds 13-15 (ref. figure 5.10). The top right panel shows market 2 where the price changes 

are more constant than in market 1, but price changes are still higher in the earlier rounds than in the 

later rounds. The bottom left panel shows market 3 where the price changes are relatively linear from 

rounds 8-15, which corresponds to the rounds where the price has converged to some fundamental 

value61 (figure 5.11), however, in rounds 2-7 the change is non-constant.  

																																																													
61 Not necessarily one of the two values (risk neutral and risk-adjusted) that we test.  
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Figure 5.21: Equilibrium Price Change by Round 

	

Note: equilibrium price change is on an aggregate sessions level, the red line is the risk neutral expected price change 

Bottom right panel shows market 4, which is the market where the price change is closest to being 

constant, especially from rounds 5-15. However, the price changes during the bubble and subsequent 

crash in rounds 2-4 are not constant. Overall the price changes do not appear to be constant, but we 

see a tendency for changes to stabilize once the price converge to some fundamental value. This is 

also the reason why the price changes become less volatile as we move from markets 1 to 4, since 

this convergence happens faster. 

Table 5.16 show the OLS estimates of equation [5.4], note that one observation per session is lost 

compared to the levels regression because we are analysing changes. The constants in the four 

markets are: 0.369, -5.179, -8.048 and -10.6, and they all have relatively high standard errors. The 

constant in market 1 is positive, which is a consequence of the large bubble forming in this market. 

In the remaining markets the constant is negative, as we expected if price changes follow some 

declining fundamental value. The p-values in table 5.16 does not provide much information, because 
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we want to test whether the intercept equals the risk neutral fundamental value (-12), or risk-adjusted 

intrinsic value (-7.65). The tests are summarized in table 5.17. 

Table 5.16: Equilibrium Price Change, Fixed Effects 

	

Note: the number of observations differ due to only 5 sessions in market 4 

Table 5.17: t-test on Equilibrium Price Change 
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In column 2, we test whether 𝛽Z = −12, and in column 3 we test whether 𝛽Z = −7.67. The top panel 

shows market 1 where we are unable to reject both of the t-tests. However, we know from analysing 

the changes in this market graphically (ref. figure 5.21) that the price changes are not constant. We 

only fail to reject due to the large standard error of 6.348. Ultimately, based on this knowledge and 

the fact that the intercept is positive, we conclude that the price changes in this market does not follow 

any of the two fundamental values. The second panel display estimates for market 2, where we again 

fail to reject the hypotheses. Since the point estimate of 𝛽Z = −5.179 is larger than -12, there is weak 

evidence of risk aversion and the result might indicate that the intrinsic value is a better fit in this 

market (the p-value for this hypothesis is higher). We also fail to reject the hypotheses in market 3, 

and find weak evidence for risk aversion since the point estimate of 𝛽Z = −8.048. Finally, we also 

fail to reject the hypotheses in market 4 (bottom panel), 𝛽Z = −10.6 is now larger than the risk-

adjusted intrinsic value, indicating that subjects might be less risk averse than what we have 

estimated, albeit still risk averse. We account for the uncertainty surrounding the risk-adjusted 

intrinsic value point-estimate of 7.67, by running t-tests on 𝛽Z using 1,000 different certainty 

equivalents calculated from 1,000 sets of coefficients drawn from the multivariate normal distribution 

underlying our estimated risk preference parameters. Figure 5.22 displays the p-values for each 

market. 

Figure 5.22: Distribution of 1,000 p-values using Different Intrinsic Values 
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We do not analyse the results in market 1, since we know that they do not follow the intrinsic value. 

The top right panel shows market 2 where the minimum p-value is 0.3876 and the maximum is 

0.9047, it is evident that we cannot reject the hypothesis at any normal significance level (e.g. 0.05). 

The results are similar in market 3 (bottom left panel), where the minimum p-value is 0.6163 and the 

maximum is 0.9998. The bottom right panel shows market 4, where the minimum p-value is 0 .1177, 

meaning that we are closer to being able to reject the hypothesis at a normal significance level, 

however, this is only in 0.7%62 of the 1,000 tests. Overall, we find strong evidence for not rejecting 

the hypothesis, because at either a 5% significance level, we fail to reject in all 1,000 regressions in 

markets 2-4.  

Conclusion: when modelling the risk-adjusted fundamental value as an unobserved time-invariant 

variable, we cannot statistically reject the hypothesis that equilibrium price change supports either 

the risk-neutral fundamental value (-12), or the risk-adjusted intrinsic value (-7.67), in markets 2-4. 

Even when we account for the uncertainty surrounding the estimated risk-adjusted intrinsic value, we 

fail to reject the t-test that β = −IV in all 1,000 tests, with the lowest observed p-values being 0.3876, 

0.6163, and 0.1177 for markets 2-4, respectively. These results provide some support for both the 

risk-adjusted and the risk neutral version of the REM hypothesis. We estimate the price change to be 

lower than -12 in absolute terms, which provides weak evidence of subjects being slightly risk averse. 

One cautious remark is that the confidence interval in all markets is extremely large, and they 

essentially include value changes that could potentially support all risk preferences (risk neutral, risk 

loving, and risk averse). However, given that the point estimates in markets 2-4 are close to either the 

risk neutral fundamental value, or the risk-adjusted intrinsic value, we argue that this supports our 

interpretation.  

Are trader’s predictions sustained by price changes? 
Following Haruvy et al. (2007), we include the short-term expectations as an independent variable in 

the fixed effects model. This allows us to test whether trader’s predictions are sustained by price 

changes:  

 𝑃" − 𝑃"0' = 𝛼^ + 𝛽^ 𝐵"+�¸. − 𝑃"0'  [5.5] 

Where 𝐵"+�¸. is trader i’s prediction regarding 𝑃", which was reported by the subject just prior to that 

round being played. If trader’s predictions are sustained by price changes then the short-term 

																																																													
62 7 of the 1,000 p-values are below 0.15. 
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expectations, 𝐵"+�¸. − 𝑃"0' , needs to equal the actual price change, 𝑃" − 𝑃"0' . We test this by 

using the joint hypothesis 𝛼^ = 0 and 𝛽^ = 1. Figure 5.23 displays price changes as a function of 

short-term expectations, the red line is the OLS fitted line, and the grey is the expected relationship 

we expect to find under REM.  

Figure 5.23: Price Change as a Function of Short-Term Expectation 

		

Note: no aggregation, all observations 

The top left panel shows market 1 where the fitted line is clearly different from the REM hypothesis. 

We see that the fitted line is below the expected relationship when short-term expectation is positive. 

This means that when people expect a positive price change, the actual price change are lower than 

those expected. The situation is the same when people expect negative changes, here the actual price 

change are (in an absolute sense) lower than the expected price change. These findings follow from 

the fact that traders tend to miss turning points, and fail to forecast the speed at which prices converge 

to fundamental value following a crash. The top right panel shows market 2, where we see the same 

tendency just described for market 1, with the difference that the fitted and expected relationship line 

cross when short-term expectation is negative. This means that when people expect a relatively high 
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negative price change, the actual price change is lower in absolute terms. The fitted line is very close 

to the expected relationship, indicating that trader’s short-term expectations might be supported by 

actual price changes, however, the observations are more in the form of a cluster than an actual linear 

relationship. The bottom two panels show markets 3 and 4, and the tendencies are the same as in 

market 2, with the exception that the slope of the fitted line becomes flatter, meaning that the fitted 

line and expected relationship are now further away from each other. Table 5.18 displays the OLS 

estimates of equation [5.5], where we have corrected for clusters.  

Table 5.18: Price Change as a Function of Short-Term Expectation 

	

Note: cluster corrected errors63, no aggregation 

The constants for markets 1-4 are: -2.592, -7.833, -7.930, and -8.967, respectively. The intercept is 

insignificant in market 1 (p-value = 0.129), but it is highly significant in markets 2-4 (p-value < 

0.001). This indicate that trader’s short-term expectations are not sustained by price changes, since 

we would expect 𝛼^ = 0. 𝛽^ is different from 1 in all markets except for market 3, where the t-test 

for 𝛽^ = 1 gives a p-value = 0.063, meaning that the hypothesis cannot be rejected at a 5% 

significance level. To formally test whether trader’s short-term expectations are sustained by price 

																																																													
63	The normal standards errors are for market 1: 𝛼^	(2.07), 𝛽^	(0.04), for market 2: 𝛼^	(1.57), 𝛽^	(0.05), for market 3: 
𝛼^	(1.39), 𝛽^	(0.06), and for market 4: 𝛼^	(0.99), 𝛽^	(0.05). Even though the normal standard errors are lower for 
most estimates, they do not affect our inference in the F-test, where the p-values are still <0.001.	
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changes (𝛼^ = 0 and 𝛽^ = 1), we conduct an F-test for each market: 𝐹 >,^>
' = 25.39 (p-value < 

0.001), 𝐹 >,^>
> = 39.49	(p-value < 0.001), 𝐹 >,^>

« = 70.17 (p-value < 0.001), and 𝐹 >,Ñ«
¬ = 213.87 

(p-value < 0.001). We clearly reject the hypothesis in all four markets. 

Conclusion: we reject the hypothesis that trader’s individual short-term expectations are sustained by 

price changes, since the p-values for the F-test: α = 0 and 𝛽 = 1 are below 0.001 in all four markets. 

This provides evidence against both REM hypotheses.  

Are traders’ mean predictions sustained by price changes? 

In the previous section, we tested whether trader’s individual short-term expectations are sustained 

by price changes. In this subsection we test whether traders’ mean short-term expectations are 

sustained by price changes. The equilibrium price can be interpreted as being on a session aggregate 

level, so it arguably makes sense to test it as a function of an independent variable at the same level, 

which is also what Haruvy et al. (2007) does in their paper. We expect to find that traders average 

short-term expectations yield more accurate estimates of the price changes, as individual errors tend 

to even out. This latter argument is based on Muth (1961), who states: “…expectations of firms (or, 

more generally, the subjective probability distribution of outcomes) tend to be distributed, for the 

same information set, about the prediction of the theory (or the “objective” probability distributions 

of outcomes)”. Since we found in previous subsection that prices seem to converge to some 

fundamental value, we expect to find that mean short-term expectations are sustained by price 

changes.  

 𝑃" − 𝑃"0' = 𝛼Ù + 𝛽Ù 𝐵"®$|� − 𝑃"0'  [5.6] 

Where 𝐵"®$|� is the mean prediction regarding 𝑃", that were reported just prior to round t being 

played. If traders’ mean short-term expectations are sustained by price changes, then the mean short-

term expectation, 𝐵"®$|� − 𝑃"0' , needs to equal the actual price change, 𝑃" − 𝑃"0' , in all rounds 

t. We test this by using the joint hypothesis 𝛼Ù = 0 and 𝛽Ù = 1. Figure 5.24 displays actual price 

change as a function of mean short-term expectation, the red line is the OLS fitted line, and the grey 

line is the expected relationship we expect to find under REM. In analysing this graph, it is helpful to 

compare it to figure 5.23. In figure 5.24, we observe less extreme values in all markets, compared to 

figure 5.23 (the values on the axis are smaller than in Figure 5.24), which is unsurprising since we 

are dealing with mean values and illustrates that at a mean level individual errors tend to even out. 

The two top panels in figure 5.24 display markets 1 and 2, and we see that the fitted line is not equal 



	 84	

to the expected relationship under REM. As in figure 5.23, the fitted line crosses the expected 

relationship line, but at a point where mean short-term expectations are positive. This means that, for 

small mean predictions, the actual price change is larger (in absolute terms) than that expected under 

REM. 

Figure 5.24: Price Change as a Function of Mean Short-term Expectation 

		
Note: aggregate session level 

The two bottom panels show markets 3 and 4, where the fitted line is very close to the REM 

relationship. In market 3, the fitted line is slightly steeper than the expected REM line, whereas in 

market 4 it is slightly flatter than the expected REM line. The data points in markets 3 and 4 do not 

really appear to be linear, but more cluster-like with some outliers. 

Table 5.19 displays the OLS estimates of equation [5.6]. Constants for markets 1-4 are: -15.769, -

10.297, -7.963, and -6.584, respectively, they are significantly different from zero at a 5% 

significance level. The coefficient for mean short-term expectation is decreasing in each market, from 

1.566 in market 1 to 0.921 in market 4. 𝛽Ù is clearly different from 1 in markets 1 and 2, but close to 

1 in markets 3 and 4. To formally test whether traders’ mean short-term expectations are sustained 
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by price changes (𝛼^ = 0 and 𝛽^ = 1), we conduct a F-tests for each market: 𝐹 >,Ò>
' = 6.64 (p-value 

= 0.002), 𝐹 >,Ò>
> = 7.00	(p-value = 0.002), 𝐹 >,Ò>

« = 2.12 (p-value = 0.127), and 𝐹 >,ÙÒ
¬ = 2.68 (p-

value = 0.0756). Using a standard 5% significance level we are unable to reject the hypothesis in 

markets 3 and 4, which is the same result reported by Haruvy et al. (2007). 

Table 5.19: Price Change as a Function of Mean Short-term Expectation 

 

Conclusion: we clearly reject the hypothesis that traders’ mean short-term expectations are sustained 

by actual price changes in markets 1 and 2 with p-value = 0.002 for the F-test α = 0 and 𝛽 = 1. 

However, we fail to reject the hypothesis in markets 3 and 4 with p-values of 0.127 and 0.076, 

respectively. This provides evidence against the REM hypothesis in the two early markets, but 

supports a mean version of the REM hypothesis in markets 3 and 4.  

Are traders’ mean predictions sustained by price levels? 
In this subsection, we test whether traders’ mean predictions are sustained by actual prices. The 

argument is, since prices are at an aggregate session level, it makes sense to test whether it as a 

function of another variable, at the same aggregate level. We expect to find that traders average 

predictions yield more accurate estimates of prices, as individual errors tend to even out.  

 𝑃" = 𝛼Ñ + 𝛽Ñ𝐵"®$|� [5.7] 

Where 𝐵"®$|� is the mean prediction regarding 𝑃", that were reported just prior to period t. If traders’ 

mean predictions are sustained by prices, then the mean expected price, 𝐵"®$|�, needs to equal the 
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actual price, 𝑃". We test this using the joint hypothesis 𝛼Ñ = 0 and 𝛽Ñ = 1. Figure 5.25 displays actual 

price as a function of mean expected price, the red line is the OLS fitted line and the grey line is the 

expected relationship under REM. 

Figure 5.25: Price as a Function of Mean Predicted Price 

	

Note: aggregate session level 

If mean predictions are sustained by outcomes, then we should have that the fitted line lie directly on 

top of the grey line. Note that the values on the axes change in the four panels, because the prices are 

less volatile as we move from market 1 to market 4. We observe that the fitted line is relatively close 

to the expected relationship in all markets, but with a slope < 1, indicating that on a mean level traders 

tend to overpredict. The data points appear to be relatively linear in all markets. The two top panels 

show markets 1 and 2 where we observe relatively large outliers. Bottom left panel shows market 3 

where the overall fit seems close to the expected relationship, however we see a lot of variance in the 

data points. Bottom right panel shows market 4 where the data looks somewhat linear for lower mean 

prices, but not for higher mean prices, which is a consequences of traders’ tendency to miss turning 

points. Table 5.20 displays the OLS estimates of equation [5.7]. 
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Table 5.20: Prices as a Function of Mean Predicted Price 

 

The constants in markets 1-4 are: 2.566, 5.295, 15.696, and 6.547, respectively, they are insignificant 

in all markets, apart from market 3 in which the p-value = 0.018. 𝛽Ñ is significantly different from 

zero in all markets (p-value<0.001). We expect to find 𝛽Ñ closest to 1 in market 4, because prices in 

this market are more stable, and thus should be easier to predict. However, 𝛽Ñ = 0.881 in market 4, 

but 0.917 and 0.918 in markets 1 and 2. To formally test the hypothesis 𝛼Ñ = 0 and 𝛽Ñ = 1 we use 

an F-test for each market, the statistics are: 𝐹 >,ÒÒ
' = 3.76	 (p-value = 0.027), 𝐹 >,ÒÒ

> = 3.58 (p-value 

= 0.032), 𝐹 >,ÒÒ
« = 7.60 (p-value < 0.001), and 𝐹 >,Ñ«

¬ = 5.38 (p-value = 0.007). We reject the null 

in markets 1-4, which indicate that average predictions are not sustained by prices.  

Conclusion: when analysing price levels, we reject the hypothesis that traders’ mean predictions are 

sustained by actual prices at a 5% significance level. This provides evidence against both REM 

hypotheses in all four markets.  
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6. Conclusion 

Hypothesis: Traders’ predictions are sustained by outcomes 

When looking at price levels, we find that trader’s individual predictions are not sustained by prices. 

We estimate 𝛽 < 1 in all markets using OLS and reject the hypothesis 𝛽 = 1, indicating that forecasts 

are biased because traders persistently overpredict the equilibrium price, this finding is consistent 

with Smith et al. (1988). Trader’s tendency to overpredict is best visualized by examining the 

aggregate market level data in figure 5.14. We see that, on average, traders underpredict during the 

boom phase (as the bubble forms), miss turning points (especially pronounced in markets 3 and 4), 

and overpredict following the crash (as the bubble bursts). In markets 3 and 4, the predictions are 

only below the price for one to two periods during the boom, while they are higher than the price in 

at least three periods following the turning point. It seems to take some time before predictions 

converge to prices, which happens once the price stabilizes around a fundamental value. This finding 

provides some evidence against the REM hypothesis. 

We know from the formal definition of REM that individual predictions should be distributed around 

the “objective” or fundamental value of the stock. It directly follows, that the average prediction 

should be centred very close to the fundamental value, which makes intuitive sense since trader’s 

individual tendencies to over- or underpredict should even out. Additionally, the equilibrium price is 

at an aggregate session level, so it might be better described by an independent variable (mean 

prediction) at the same level of aggregation. We test whether traders’ mean predictions are sustained 

by prices, since, if they are not, this would provide strong evidence against REM. We estimate 𝛽 < 1 

in all markets using OLS and reject the hypothesis 𝛽 = 1, indicating that traders’ tendency to 

overpredict is still persistent at a mean level. This finding is somewhat surprising, since we expect 

the prediction bias to disappear when we aggregate the data. We argue that the reason for the bias in 

mean predictions is that on average the effect of traders’ tendency to overpredict following crashes, 

outweighs the effect of their tendency to underpredict during booms. Since traders’ mean predictions 

are not sustained by outcomes, it provides strong evidence against the REM hypothesis.  

Following Haruvy et al. (2007), we use a fixed effects model to test whether traders’ short-term 

expectations are sustained by actual price changes. We estimate 𝛽 < 1 in all markets and reject the 

hypothesis 𝛼 = 0 and 𝛽 = 1, indicating that trader’s individual short-term expectations are not 

sustained by price changes. This result is not surprising because, based on figure 5.23, there does not 

appear to be a linear relationship between short-term expectations and actual price changes. The 
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explanation for the lack of linearity is most easily identified in figure 5.15, which displays the 

relationship between traders’ short-term expectations and actual price changes on an aggregate 

market level. From the figure, we conclude that traders’ tendency to underpredict the magnitude of 

the price decline in the rounds following crashes, outweighs their tendency to underpredict price 

increases during booms, which leads to a 𝛽 < 1. 

We know that mean short-term expectations should be very close to actual price changes. We are 

unable to reject the hypothesis that mean short-term expectations are sustained by price changes in 

markets 3 and 4, which is consistent with Haruvy et al. (2007), who find that mean short-term 

expectations are unbiased estimators of price changes. However, we argue that even though we are 

unable to statistically reject the hypothesis, this result does not provide reliable support for REM. The 

argument is primarily based on figure 5.24, where the relationship between mean short-term 

expectations and actual price change does not appear linear. Secondly, we know from previous 

literature that additional trader experience should bring the market closer to REM. Using a 10% 

significance level, we reject the hypothesis in market 4, but not in market 3, which indicates that from 

market 3 to 4, traders move further away from REM. This does not make sense, since, if a market 

reaches REM, there should exist common knowledge of rationality, which, in turn, should sustain 

REM.  

In conclusion, we reject that traders’ predictions are sustained by prices in 14 out of 16 regressions 

(4 regressions in each market). The hypothesis is rejected in all instances of markets 1 and 2, but in 

markets 3 and 4 we are unable to statistically reject that mean short-term expectations are sustained 

by actual price changes. However, we argue that this result is more due to the aggregation level of 

the data, than to the existence of an actual linear relationship. Ultimately, we reject the hypothesis 

that traders’ predictions are sustained by outcomes. This leads us to believe that the markets might 

not have reached common knowledge of rationality, since, if markets display REM, traders should be 

able to predict the price. If a trader knows that all other traders are rational, then it should be a 

manageable task to predict the price, since capital gains expectations would be eliminated, and prices 

should track fundamental value. 

Hypothesis: Equilibrium price supports the value predicted by theory 
When looking at price levels, we find that the equilibrium price supports the value predicted by risk 

neutral fundamental value in markets 3 and 4. We estimate 𝛽 = 1.056 in market 3 and 𝛽 = 0.987 in 

market 4, and are unable to reject the hypothesis that 𝛼 = 0 and 𝛽 = 1, which supports a risk neutral 
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version of REM. However, since we know that rational expectations are reached through experience, 

we argue that the price in market 4 is the best indicator of the “true” fundamental value. This means 

that 𝛽 < 1 in market 4 indicates, that traders are, in fact, risk averse. We interpret this result as weak 

evidence for a risk-adjusted interpretation of REM. We find that we reject the hypothesis that prices 

support the estimated risk-adjusted intrinsic value, in all four markets, using 1,000 regressions to 

account for the point estimate uncertainty. This serves as strong evidence against our formalized risk-

adjusted REM hypothesis, however, since we find that subjects are slightly risk averse, a plausible 

explanation might simply be that traders in Haruvy et al. (2007) are less risk averse than what we 

estimated from Holt and Laury (2002). Another explanation could be that traders have not yet reached 

common knowledge of rationality, meaning that actual REM prices might be lower than observed in 

market 4.  

We use a fixed effect model to test whether short-term price changes support the price changes 

predicted by theory. We find that prices decline at a constant negative rate in markets 2-4, which is 

what we expected, given that the fundamental value is declining. We estimate 𝛽Z = −10.6 in market 

4 and are unable to reject the hypotheses that 𝛽Z = −12 and 𝛽Z = −𝐶𝐸, in all 1,000 tests with 

different certainty equivalents. These results mean that we are unable to reject both the risk neutral 

and the risk-adjusted version of REM, however, we interpret the estimate 𝛽Z > −12 as weak evidence 

for a risk averse interpretation of REM. Overall the evidence from this regression is weak, given that 

the standard errors on the estimates are quite large, which e.g. results in a 95% confidence interval of 

[-16.6; -4.6] in market 4, essentially meaning that we would not be able to reject a risk loving 

fundamental value. This means that the obtained findings from this regression, in regard to whether 

the equilibrium price supports the value predicted by theory, are fragile.  

Instead of using the fixed effect model to test whether short-term price changes in the four markets 

support the price changes predicted by theory, we can interpret it as describing REM as an equilibrium 

concept (Smith et al., 1988), which the market will reach if or when common knowledge of rationality 

emerge. The reasoning behind this interpretation is, if we are in the REM equilibrium, then the price 

change must follow some constant fundamental value, because any variable part of the price change 

arising from capital gains expectations would be eliminated. Since we find 𝛽Z > −12 in market 4 

this supports a risk averse REM equilibrium, which was also the reported findings by Smith et al. 

(1988), and Porter and Smith (1995).  
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In conclusion, when we analyze both price level and price changes we cannot reject the hypothesis 

that the equilibrium price supports the value predicted by the risk neutral fundamental value. 

However, our estimates 𝛽 < 1 and 𝛽Z > −12 supports a slightly risk averse interpretation of REM.  

Overall conclusion on the support for risk neutral or risk-adjusted REM 

For a market to exhibit REM, we need both (i) predictions that are sustained by outcomes, and (ii) 

outcomes that support predictions of theory. Since we reject the hypothesis that predictions are 

sustained by outcomes, we necessarily also reject REM, which was also the finding of Smith et al. 

(1988). However, we find that prices support the predictions from a slightly risk averse intrinsic value, 

and thus it is puzzling why traders’ predictions do not follow prices. Since if prices support 

predictions from theory it indicates that traders have common knowledge of rationality, because 

capital gains expectations are absent. We argue that the reason for the inconsistent results is either (i) 

traders do not act on their beliefs, (ii) traders are not properly incentivized to reveal their true beliefs, 

or (iii) outcomes do, in fact, not support predictions from theory, since we observe a small bubble 

and positive amplitude in market 4. This last argument goes against some of our statistical findings, 

but we argue that since we observe a bubble, then capital gains expectations have not been eliminated, 

and thus the market does not exhibit REM, explaining why predictions are not sustained by prices.   

In sum, we reject that markets exhibit REM, but find evidence for a slightly risk averse interpretation 

of REM as an equilibrium concept. Our results indicate that traders are slightly risk averse, which 

suggests that the risk neutrality assumption in Haruvy et al. (2007) might not be justified, but 

ultimately, we cannot reject that traders are risk neutral.  
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