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ABSTRACT


Appreciating the limitations inherent in an individual’s rationality entails a reappraisal of the dictates of the Efficient Market Hypothesis and specifically involves monitoring investor behaviour to develop a new theory capable of accurately reflecting actual market behaviour and accounting for frequent anomalies that question efficiency hypotheses. We propose two laboratory experiments, which allow us to observe individuals’ behaviour in a controlled setting and determine the type of rationality investors use when taking decision. We present evidence that subjects show procedural rationality, using techniques to simplify assessment of the problems they face, on occasions forgoing an optimal solution. Individuals are particularly seen to over- or underreact to new information on the market. Investors believe that price movements, regardless of their scale, reflect patterns of behaviour, such that if prices have shown any marked trend they will continue to do so. Thus, if in previous periods they had always gone up (or down), subjects expect them to continue going up (or down), whereas if they rise and fall alternately subjects think that they will continue to revert at subsequent periods. We also analyse how the previous under- and overreactions may be due to investors being influenced simultaneously by biases of conservatism and representativeness. The experiment reveals that subjects maintain their initial belief for a certain time when taking consecutive decisions. Conservatism lead investors to underreact to the arrival of new information. Finally, we observe that investors infer behaviour pattern in stock return series from short samples and we note that representativeness lead investors to take irrational decisions.
1. INTRODUCTION.


The dominant model in financial literature, the Efficient Market Hypothesis, has failed to account for certain anomalies in capital markets and which have time and again yielded substantial returns through the execution of strategies designed to maximise the potential of available arbitrage. Various authors have thus eagerly sought convincing explanations for this market phenomena, prominent amongst which is the possibility that investors' behaviour lies behinds these quirks in financial markets. Doubts are raised as to the substantive rationality of the individual, thus posing a serious threat to the Efficient Markets Hypothesis. Authors such as Herbert A. Simon feel that a theory on decision-making processes should be elaborated and contrasted empirically. 


In this work we seek to provide evidence as to how individuals take decisions in capital markets. We specifically assess whether investors are inclined to over and/or underreact to new information in the market and whether this is due to the biases of representativeness and conservatism. We propose two laboratory experiments, which allow us to observe individuals’ behaviour in a controlled setting and determine the type of rationality investors use when taking decisions. 


The first experiment, based on the Bloomfield and Hales method (2001), shows how when observing that a stock price has risen and fallen alternately, investors tend to underreact when information is available on the stock. This is because they think that stock market prices follow certain behavioural patterns. The experiment also shows us that if stock returns show a marked upward (or downward) trend, investors feel that this trend will continue. By contrast, if returns continually tend toward the fundamental value, investors believe they will continue to do so. Nevertheless, investors do not feel that this behaviour will remain constant over time, but assume that these two patterns will alternate. The second experiment follows the Grether (1980 and 1990) method and reveals that investors will lend too much weight to new information when estimating future stock returns and will maintain their initial belief for a certain time.


The paper is organised into the following sections. Section two offers an overview of the literature on individual rationality, the phenomena of over and/or underreaction to information and biases of representativeness and conservatism. Section three outlines the methodology used in the research. Section four provides the results obtained and section five the conclusions emerging from the results.

2.  limitations in investor rationality. Biases in representativeness and conservatism and the link to under/overreaction in the market.


The neoclassical model in financial economics defines the individual as “rational Homo Economicus”. On the one hand he conforms to the model of Homo Economicus as he performs the calculations needed to maximise the consequences of his actions without being conditioned by his own emotions (Mullainathan and Thaler 2000, page 2). On the other hand, he is fully and clearly aware of the relevant aspects of his milieu, enabling him to determine which of the available options will lead to the highest point on his scale of preferences (Viale 1992, page 174). Neoclassical economics thus supposes that the subject’s ability to process information is limitless, an approach shown to be unrealistic (Simon 1987, pages 26 and 27). The neoclassical theory of omniscient rationality hence proves inadequate on two counts. Firstly, the idea of limitless rationality is flawed, and secondly, by predicting human behaviour without observing it in its natural setting, the theory seems incapable of adequately characterising behaviour (Simon 1963, page 708; 1979, page 496). Considering these ideas, Simon (1987, page 27) highlights the need to create and empirically verify a decision-making theory that reflects not only the process of reasoning, but also the procedure which generates the subjective representation of the problem the decision maker is undertaking. Such a theory would need to replace the concept of limitless or substantive rationality, which characterises economic man, with rational behaviour compatible with the individual’s actual ability to process available information, as proposed by Simon himself back in 1955 (page 99). The idea of a human being endowed with all the necessary data to take a decision yielding an optimal outcome is seldom applicable due to the complexity of the calculations to be performed, uncertainty regarding the effects of pursuing each possible alternative and the incomplete information on all of the alternatives (Simon 1972, page 164). In 1976, Simon introduced the concepts of substantive rationality and procedural rationality. Behaviour is substantively rational when it is adequate to achieve the optimal objective established within the constraints imposed by the conditions and restrictions given. For its part, procedural rationality involves the search for a satisfactory solution using a general and simple behaviour rule, which proves to be right more often than others (Simon 1978, page 8). The fact that the individual may not take decisions in line with the dictates of substantive rationality in neoclassical finances does not mean that his behaviour should be considered irrational. The characteristics of the environment in which the individual must decide are contrary to the basic conditioning factors of the theory of rational choice. Thus, demanding such behaviour in this situation would be to insist upon hyperrationality
 on the part of the subject. 


Reticence concerning the existence of substantive rationality involves redefining those proposals based on the existence of individuals whose behaviour is always rational. Prominent amongst these approaches in finances is the Efficient Market Hypothesis, which puts forward two hypotheses on price behaviour: prices are correct in the sense that they reflect the true or rational value of the stock, and in an efficient market it is not possible to predict future price movements based on available information. Findings from empirical evidence that countered both hypotheses generated interest in the search for what lay behind these unusual phenomena. As an alternative, Behavioural Finance began to emerge, based around two major ideas: the existence of irrational investors, who limited the efficiency of arbitrage, and an awareness of the influence of psychological factors on investors’ behaviour. Research into Behavioural Economics has focused on two areas, as pointed out by Mullainathan and Thaler (2000, page 2): pinpointing how behaviour differs from the rational model and evidencing how this behaviour impacts economic situations. Starting from the idea that the best way to model an individual’s boundedly rational behaviour is by observing how he behaves, numerous experiments have been conducted showing how man applies heuristics and decision rules to overcome cognitive limits and how his behaviour may on occasions be influenced by his emotions. Thaler (2000, page 139) points to how homo economicus should evolve towards what he calls Homo Sapiens.

Despite the existence of certain theoretical behavioural models describing investors’ behaviour on the market, few studies have contrasted these with the real world. Of particular interest to us are the models of Barberis, Shleifer and Vishny (1998), designed to explain abnormal returns, arising from momentum and contrarian strategies, since these anomalies seem to have survived the process of arbitrage in Spain (Rouwenhorst 1998, García-Ayuso and Rueda, 2000; Forner and Marhuenda 2003, 2004a, 2004b, Muga and Santamaría, 2004, Miralles and others, 2005). 


In the Barberis, Shleifer and Vishny model (1998) the investor is unaware that profit follows a random walk, believing that profit behaviour moves between two states. In the first state, returns tend to the fundamental average value, whereas in the second they follow a trend. However, investors should be able to learn over time that changes in profit do not in fact follow any pattern of behaviour. In other words trend and reversion models are unreal, since the correct model is the random walk. 

In this work we analyse whether investors are inclined to over- or underreact to news as described in the Barberis, Shleifer and Vishny (1998) model and whether this is due to biases in conservatism (Edwards, 1968) and representativeness (Tversky and Kahneman, 1974 and 1982). In the first case investors stick too closely to their previous beliefs and are thus inclined to underreact to information. In the second case they tend to see patterns in the sample of data too soon and so overreact to news following their beliefs. 

In line with our goal we propose to contrast the following hypotheses:
	H1:
	Investors underreact to changes preceded by several reversions and overreact to several movements in the same direction.

	H2:
	Investors think that stock prices fluctuate between the reversion regime and the continuation regime.

	H3:
	When investors observe stock price movements in graphs they take decisions which are different to when they see the same information in numerical sequences.

	H4:
	Investors think that a stock price is more likely to revert to its fundamental value after a major shift in price.

	H5:
	Investors use representativeness in decision-making, giving rise to irrational decisions (not following Bayesian inference) which may lead to stock market losses.

	H6:
	Investors lend too much weight to previous beliefs when assessing information, and evidence certain reluctance to change their decisions as new information emerges.


3. METHODOLOGY

Analysis of investment behaviour of the market poses serious problems since it is impossible to know the information for decision-making which is available to each individual at any given moment. To overcome this problem, the previous hypotheses are contrasted by conducting a laboratory experiment, a technique which will enable us to monitor individuals’ behaviour in a controlled manner. One risk inherent in laboratory experiments is interference on the part of those conducting the experiment, as they may knowingly or otherwise influence participants’ decisions. For this reason it was decided to perform the experiment in cooperation with the Experimental Economics Laboratory (LEE) at the Univeristy of Jaume I in Castellón, whose experience in conducting laboratory experiments is recognised throughout Europe. The experiment was conducted at the LEE facilities during two sessions on 28 May 2004. Each session involved the participation of twenty subjects, all of whom were students at that University taking various degrees, and some of whom were recruited from subjects on the LEE register. Others subjects were recruited through a public call issued in the Faculty of Economic and Legal Sciences at the Jaime I University. Although some (60%) had experience of laboratory experiments, none had participated in a similar experiment. The participation of graduates and postgraduates was sought since these are potential investors in capital markets as they are likely to earn high salaries in the future. Although tending to lack any expertise in the market analysed, they are able to reflect, and may thus perfectly fill the role of irrational investors in the market. The experiment was split into two parts, called Experiment 1 and Experiment 2. 

Experiment 1 was aimed at determining whether investors make their forecast based on observation of behaviour patterns which include only random walks. The goal is to contrast the two-regime model in a setting which reflects as closely as possible the conditions established by Barberis, Shleifer and Vishny (1998). The design is based on the work of Bloomfield and Hales (2001), although certain alterations are proposed, mainly concerning the setting in which the sequences are proposed. In the original experiment half of the participants are told that the random sequence is the result of the flip of a coin a number of times, whereas the other half are told that the sequences are derived from observing the performance of publicly traded firms. In our view, rather than providing results which shed light on the possible influence the method used to obtain the random series might have on participants’ decisions, this differentiation might lead them to believe that the series has not been generated randomly. Thus, in our work agents are only faced with situations generated in a purely financial setting, namely the series reflect price fluctuations of traded stocks. Moreover, Bloomfield and Hales (2002) offered financial incentives based on subject performance and therefore agents’ decisions are “judged” in totally random situations, which might lead to certain ill-feeling among them as well as rejection of the experiment. In our experiment we therefore offered a fixed incentive to participants. We also analysed whether the way in which the problems were presented (graphs or series) may have impacted investors' decisions.


Experiment 1 is divided into four stages, A, B, C and D. The goal of stage A is to analyse investors’ reactions in the market through the laboratory simulation of various price series involving few reversions (0 or 1), a small number of reversions (3 or 4) or many reversions (6 or 7)
. Participants were alerted to the fact that although patterns might be observed in price series behaviour, these need not be used to forecast future behaviour, since such series are merely a random walk. Each participant observed eight graphs showing eight stock price changes. To ascertain influence of certain variables that might affect investor decision-making, the original graphs were shown to one half whereas mirror graphs were shown to the other half. We also varied the order in which the graphs were shown in each of the two halves. Participants were also allowed to express the degree of certainty with which they forecast the expected shift, choosing among the proposed confidence intervals: unlikely (50 to 55%), likely (56 to 75%), extremely likely (76 to 90%), almost certain (91 to 99%) and totally certain (100%). In short, stage A permits us to analyse whether investors underreact to changes preceded by numerous reversions and overreact to changes preceded by few reversions, for which investors were presented with several unrelated series.

To assess possible impact of the way in which subjects are presented with the decision problem, stage B of the experiment entails a variation of the previous stage, presenting the price series in the form of numerical tables rather than graphs to determine whether the use of graphs of sequences instead of tables might accentuate the feeling of change in the series presented or vice versa. Unaware that the series correspond to certain graphs analysed in stage A, subjects must determine what price they estimate the stock will reach in the following period. In this case, price shifts from one period to the next are 1 monetary unit, such that prices established must be either 1 unit higher or lower than the previous one in each sequence.

In stage C we analyse whether investors expect a single sequence to fluctuate over time between trend and reversion regimes. To do this we constructed a sequence showing movements during 85 randomly generated periods. Half of the subjects see the sequence
, whereas the other half see its mirror image. Subjects must forecast observing first the whole sequence, secondly the sequence made up of the final 30 periods and thirdly the final 16 movements.


Stage D extends the Bloomfield and Hales study with the aim of overcoming some of its shortcomings: the possibility that the amount of certain price changes may vary from one period to another. We can thus determine whether investors feel that major changes may be more likely to revert than small changes, a result consistent with empirical anomalies such as the tendency to underreact to only major changes after profits are announced. To contrast this hypothesis, price changes of various stocks are presented, bearing in mind that these correspond to some of the sequences shown in stage B, but varying the final change so that the amount is greater (not 1 monetary unit as in stage B). In this case participants must estimate the price they are willing to trade in the following period, without considering any restriction on the amount of the price change.


In Experiment 2 we investigate the impact of representativeness and the existence of conservatism, using the experiments conducted by Grether (1980 and 1990) as a reference. The first contribution is the adaptation of Grether’s work to the financial setting we analyse, such that subjects are presented with the movements of two stocks. This modification is aimed at avoiding the possible influence of presentation, since the work is set out in the actual context analysed. The task to be performed by the subjects is also simplified to avoid any difficulties in understanding. They are thus asked to choose which stock they think they are dealing with at each point and how sure they are. The experiment is conducted in three stages. 

The initial stage considers price changes for two stocks, A and B, where these may rise (represented by the sign +) or fall (-) in a totally random fashion. At each point, stock A has a 4/6 likelihood of rising and a 2/6 of falling, while stock B may rise with a likelihood of 3/6 and also fall with same probability of 3/6. The a priori odds of it being stock A or B are established at each point: pA = 2/3 and pB = 1/3 in the first round, pA = 1/2 and pB = 1/2 in the second round and pA = 1/3 and pB = 2/3 in the third round. Once the stock to be considered, X, has been chosen, four sequences made up of six possible changes in stock X are observed. These changes are established in a random fashion, such that of all the possible changes in stock X, six are chosen at random (bearing in mind that replacement occurs between the changes). 


Subjects must first determine which stock they think it is after observing in each round the signs of the randomly obtained changes
. Subjects should then indicate how sure they are that the right decision has been made, by marking the probability that the changes correspond to the chosen stock. 


Six changes were decided for each round so that the series obtained should resemble actual changes in stocks A and B as closely as possible. The prior odds of 2/3, 1/2 and 1/3 were chosen to provide outcomes with similar subsequent probabilities
. These cases correspond to a sample which resembles price changes in stock B, stock A and neither of them, respectively. The three rounds conducted yielded the situations presented in Figure 2 of the Appendix.

The second stage of the experiment analyse conservatism and an individual’s tendency to lend too much weight to an initial reference value. In this case, it is known that of the 10 movements made by stock A, 7 are upward and 3 downward, whereas for stock B price changes, of each 10 occasions, 3 are upward and 7 downward (see Figure 3 of the appendix).
The experiment was conducted in eight rounds. In each of these rounds the series correspond to a single stock and comprise 4, 8, 12 or 16 movements (for example, in round B1 all the series reflect 4 movements, in round B2 there are 8 movements, and so on)
. After observing each of the series, each subject must determine to which stock the series corresponds, as well as how sure they are of the answer, expressed through the selection of a confidence interval among the five proposed (unlikely: 50 to 55%; likely: 55 to 75%; very likely: 75 to 90%; almost certain: 90 to 99% and certain 100%).

Although the series in each round correspond to the same stock, subjects may modify their choice if they so wish. For instance, after observing the first sequence of four changes in a specific round, a subject X considers that it corresponds to stock B. X then observes the second sequence of four changes corresponding to the same stock but to a different time period (which may be previous or subsequent to the first sequence, consecutive or not). At this point X may opt to keep his/her choice of B or change to stock A.


The third stage tries to analyse conservatism bias when individuals receive additional information. In this case the agent is presented with rounds that are incremented with additional movements of the same series such that in the first sequence it shows four price movements of a series. In the second, the agent sees the previous four movements plus four additional movements. In the third sequence twelve movements are seen, the eight movements shown in the second sequence together with a further four movements and so on.
4.- RESULTS.
We contrasted the first hypothesis on the relation between investors’ underreaction and the number of reversions in the series of price movements observed through stage A of experiment 1. We determine when subjects have underreacted and when they have overreacted as well as to what degree, when observing the graphs showing the last price movements. If subjects think that the next shift will move in the same direction as the last, they are deemed to have overreacted. If, by contrast, they think that the following shift will occur in the opposite direction, they are felt to have underreacted. The kind of sequence facing subjects is also taken into consideration, such that three categories of reversions are established. The low category reflects sequences with one or no reversion, the moderate category contains sequences with three or four reversions and the high category contains sequences of six or seven reversions. Most subjects overreact, in other words they tend towards the direction of the last movement. Specifically, in the low reversion category subjects overreact on 61.25% of occasions and in moderate and high categories in 67.5% of situations. Subjects were also allowed to express the confidence of the movement forecast, choosing from the proposed confidence intervals: unlikely (50 to 55%), likely (56 to 75%), very likely (76 to 90%), almost certain (91 to 99%) and certain (100%). When calibrating individuals’ reactions, we allocated values of 0, 1, 2, 3 and 4 respectively to the prior intervals for overreaction and the same values with a negative sign for underreaction. All the categories showed negative mean reactions (see table 1 of the appendix), indicating that individuals underreact more than overreact. Further, it can also be seen how the more reversions the series shows, the greater the underreaction observed
. We thus confirm Hypothesis H1 that investors underreact more to changes preceded by several reversions, bearing out the results obtained by Bloomfield and Hales (2002)
. 


Analysis of stage A also enables us to verify whether investors think that stock prices will move between the reversion regime and the continuation regime (second hypothesis proposed). To do this we consider series with only one or no reversion, and where the reversion did not occur in the recent past. Series B and B’ (four last movements in the same direction), C (five last movements in the same direction), D (seven last movements in the same direction) and A, and A’ (eight last movements in the same direction) were observed. Means obtained (Table 2) indicate that when trends are long-term, subjects overreact (although this overreaction is not statistically significant), whereas in the case of small trends, agents underreact significantly.
Grouped series are also considered in terms of the number of reversions in recently observed movements. The results reveal that if there is only one reversion agents overreact and in other cases underreact (Table 3). In consequence, as occurred when examining series whose last movements are in the same direction, in this case, when participants detect a clear reversion pattern they think there will be a regime change, whereas when they see few reversions they think the regime will continue
.


A similar analysis was conducted in stage C but with movements taken from a single time series (The main results are shown in Table 4). Subjects underreact more when faced with few reversions for any observed trend and for any number of movements considered, although differences between underreaction percentages are on the whole not significantly different between sequences with few or with large numbers of reversions. Differences between percentages when observing long or short trends are slight. Underreaction is more prominent when the number of movements in the same direction is lower, indicating that as the trend grows subjects perceive that the dominating regime is the continuation and, moreover, that it will persist. However, in a reversion regime, underreaction rate is uneven and depends on the number of movements observed, although overreaction tends to dominate, inducing subjects to think that the established reversion regime may change.


Joint analysis of the results from stages A and C indicates that subjects feel that price movements fluctuate between reversion and continuation regimes. Yet, when observing movements from a long sequence no such prominent behaviour pattern is apparent. These results confirm hypothesis H2 and concur with the conclusions reached by Bloomfield and Hales (2002) both in a financial setting and in sequences obtained in the coin-flip context. Barberis, Shleifer and Vishny’s (1998) proposal that stock prices fluctuate between a reversion and a continuation regime is thus confirmed.  


We now comment on the results from the third hypothesis as to how presentation of the sequences may influence decisions taken by investors. In stage B of the experiment 54.38% of decisions in the low reversions category and 57.5% in the moderate category were underreactions. However, in the high category only 23.75% were underreactions. These data appear to point to certain differences with regard to the results in stage A, where the number of overreactions was always higher than underreactions (although the latter were more intense). Comparing mean differences between stages A and B shows how decisions in both are similar for sequences with a high number of reversions, whereas presentation is a decisive factor in the case of sequences with fewer than six reversions, as differences exist between responses gathered when subjects are shown graphs and when they are faced with numerical sequences. We can therefore accept hypothesis H3 about the influence of the formulation of the problems as proposed by Tversky and Kahneman (1981). 

Finally we analysed whether investors feel that major changes are more likely to revert than small ones, as proposed in the fourth hypothesis. Results indicate that subjects tend to underreact to any kind of sequence. Comparing mean differences between stages B and D indicates that only in the high reversion category is the mean percentage of underreaction significantly different to that observed at stage B. Finally, when considering not only whether subjects under- or overreact, but also estimated price amounts, individuals continue to underreact significantly in all cases. In summary, we reject hypothesis H4, which states that agents believe major changes are more likely to revert than small changes. Investors feel that stock price evolution is a self-correcting process which drives the asset towards a benchmark value from which it deviates only momentarily. 

To verify hypotheses five and six we analysed data gathered in experiment 2, allowing us to estimate whether the results obtained thus far may respond to biases of representativeness and conservatism.


To check the fifth hypothesis that investors employ representativeness in the decision-making process, we used the first stage of experiment 2, in which we considered the likelihood estimated by subjects for each of the possible outcomes and contrasted these with the following posterior probabilities calculated by Bayesian inference (see Figure 5 of the appendix).

When assessing investor behaviour, we first analyse how correct in percentage terms subjects were when estimating which was each stock at each point. We then evaluate the difference between the estimated probabilities that the stock chosen was the most likely and the real probabilities. Of the 449 coherent observations gathered, 78.39% chose the stock which was really the more likely (henceforth this decision will be referred to as “correct”). Although this percentage of correct answers is important, it is necessary to valuate the deviation with which subjects estimated the probability that the stock chosen was the more likely. This deviation in the estimated probabilities proved considerable, as mean deviation between estimated and real probabilities reached 26.87%. However, 12.39% of estimations deviated from real probability by only 1% and 26.28% by less than 10%. If we consider deviation below 10% to be sufficiently correct, less than 40% of decisions were fairly correct and it may be concluded that most subjects offer probability valuations which are way off the real amount. 


Since representativeness implies a risk for simplifying the decision-making process, it is important to gauge the level of complexity of the various situations proposed. The complexity of each situation is reflected by the posterior odds in favour of the more likely alternative
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 (Figure 6 of the appendix).
To assess the possible influence of representativeness on individuals’ decisions, we only consider those scenarios where bias may play a role, namely those sequences in which three or four positive signs are seen (situations 1, 3, 5, 7, 9 and 12) (Analysis of these situations is summed up in Table 5). It can be seen that when the prior probability for A provides no information (phA=1/2), subjects seem to apply representativeness, as 71.05% chose stock B in situation 5 (which shows three price increases) and 89.47% chose stock A in situation 7 (which shows four increases). Applying representativeness in situations 1 and 9 leads to the opposite decision indicated by the prior probability of A. In the two cases subjects apply representativeness and in both this behaviour leads them to take an incorrect decision (percentages of correct answers are 44.74% and 45.95%, respectively). In the two remaining situations, 3 and 12, representativeness and the prior probability for A lead to the same decision. In both cases there are high percentages of correct scores (84.21% and 94.74%, respectively), although it is not possible to determine whether subjects lend greater weight to one piece of information or another.

We then analyse the percentage of correct answers, grouping situations in terms of whether subjects may be affected by representativeness or not. We noticed that when representativeness is not available the percentage of correct scores is 85.14% as opposed to 71.81% when subjects may be influenced by this bias. Analysing the significance of the difference between both percentages indicates that at a 95% confidence level we may state that representativeness influences the number of correct scores, leading to a higher number of mistakes. Further, when in situations in which representativeness may have an impact, the various cases may be differentiated depending on their link to the prior probability of it being one stock or another. Differences were also seen in the percentages of correct answers. When prior probability offers no information, the percentage of correct scores is 80.26%. When the information provided by the prior probability points to choosing the stock that would be selected if representativeness were applied, this percentage reaches 89.47%. However, when prior probability and representativeness contradict each other, the percentage of correct scores drops to 45.33%. In these cases the difference in the percentage of correct scores is significant in cases where prior probability and representativeness lead to opposing choices.

To analyse more deeply the influence which representativeness seems to have on subjects’ choice, we calculated the mean deviation of probabilities of dealing with stock A estimated by subjects (Table 6). Worthy of note is the fact that when representativeness and prior probability point to the same stock, the mean deviation of the estimated probabilities in comparison to the real probabilities is 0, indicating that subjects not only choose the correct stock in a high number of cases (89.47%), but that they do so with great skill. When prior probability offers no information and representativeness may impact decisions, mean deviation is 0.5%, meaning that in this case, where the percentage of correct scores is 80.26%, subjects’ decisions are right. When representativeness and available information contradict each other, mean deviation rises to 10%, whereas when representativeness is not available it is 6.5%.


To provide the previous results with robustness we also verified the influence of representativeness and the existence of over-confidence following Grether (1980 and 1990). If representativeness impacts the decision-making process, subjects will place too much weight on the likelihood of an increase in the stock price of A or B. In the opposite case they will lend greater weight to the likelihood of it being the stock they choose. To reflect these concepts we consider variables LR(A) and Op, respectively. LR(A)t is the likelihood ratio of A and is calculated as 
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Since the relation between the probability estimated by subjects and the independent variables is not lineal, the model is verified  

Yit  =  ln (Pe/1-Pe) =  b0 + b1 (ln(LR(A)t(( + b2 (ln(prior odds)t( +  (it      
through a double log regression, such that if b0 = 0 and  b1 = b2 > 0 the investor is Bayesian. However, if b1 > b2 ( 0 he or she is influenced by representativeness.


Analysis of the model (Table 7) yields the values b0 = 0.096 (t = 1.373),                b1 = 1.088 (t = 11.992), b2 = 0.7 (t = 5.652). Thus, representativeness has a significant impact on decisions taken by investors. This does not mean that subjects do not consider the probabilities of each stock, since b2 > 0. They also consider this variable when estimating the likelihood that A is the stock in question. 


Following the works of Grether we also estimate an equivalent model which includes two new variables to analyse accurately the direct impact of the number of price increases observed in each sequence. These variables are 
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and the new model to be estimated

Yit = b0 + b1 (ln(LR(A)t(( + b2 (ln(prior odds)t( + b3 D3 + b4 D4 +  (it      

If representativeness should be taken into account in decision-making, b3 < 0 and b4 > 0. When estimating this model, regression yielded the coefficients b0 = 0.276             (t = 2.859), b1 = 0.935 (t = 10.081), b2 = 0.702 (t = 5.858), b3 = -0.859 (t = -5.070),            b4 = 0.151 (t = 0.893) (not significant at 95% confidence level). Thus this new model also highlights the importance of representativeness, although variables D3 and D4 make the least contribution to the model, particularly D4, which may even disappear from it. This implies that when subjects perceive three price increases they rapidly identify the changes corresponding to stock B and are convinced that it is this stock. However, when they see four price increases they are not so quick to think that it is stock A. Thus, we observe representativeness when the decision adopted by the subject contradicts the behaviour of a rational investor.

Considering all the analyses conducted we accept hypothesis H5, since investors use representativeness as soon as the occasion arises, leading to irrational decision making.


The sixth hypothesis, aimed at analysing the existence of conservatism among investors, is verified through the final two stages of experiment 2.


The second stage allows us to analyse whether subjects are reluctant to change their mind as they become familiar with more sequences of the stock concerned. To assess whether subjects are conservative when taking decisions we conducted several regressions with the data gathered. The dependent variable is the likelihood estimated by subjects that the stock in question in each situation is stock A (Pet). Subjects did not estimate directly the probability of it being A, but a probability chosen among those proposed (unlikely: 50 to 55%; likely: 55 to 75%; very likely: 75 to 90%; almost certain: 90 to 99% and certain: 100%), codifying their responses for these intervals and their choice of A or B. 


The independent variables whose influence on Pet we decided to analyse were Op (prior odds of it being stock A), Os ( 
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in price in each situation proposed), or (real odds of it being stock A calculated according to Bayes Law), Pet-1 (probability estimated by the subject at moment t-1), Pet-2 (probability estimated by the subject at moment t-2) and Pet-3 (probability estimated by the subject at moment t-3). 


We also filtered observations to sort situations occupying positions 2, 3 and 4 in each round through variables R2 (which takes a value of 1 if it is the second situation in the round and 0 otherwise), R3 (equal to 1 if it is the third situation in the round and 0 in the remaining situations) and R4 (equal to 1 if it is the fourth situation in the round and 0 otherwise). This difference depending on the position in the round is necessary since the variable Pt-2 may only be contrasted in third and fourth position and variable Pt-3 in the fourth position. 


Observations were also sorted in terms of the size of the sequence proposed by filtering the sample with variables T4 (with a value of 1 if the sequence shows 4 movements and 0 otherwise), T8 (takes the value of 1 if the sequence shows 8 movements and 0 otherwise), T12 (1 if the sequence shows 12 movements and 0 otherwise) and T16 (1 if the sequence shows 16 movements and 0 otherwise).


The following models were verified:

· Model 1: Pet = (0 + (1·Op+ (2·Os + (3·Or + (4·Pet-1 +(7·OpOr + (8·OsOr + (it.        This is applied when using filter variables R2, T4, T8, T12 and T16.

· Model 2: Pet = (0 + (1·Op+ (2·Os + (3·Or + (4·Pet-1 + (5·Pet-2 + (7·OpOr + (8·OsOr + (9·Pet-1Pet-2 + (it.  This is applied when using filter variable R3.

· Model 3: Pet = (0 + (1·Op+ (2·Os + (3·Or + (4·Pet-1 + (5·Pet-2 + (6·Pet-3 + (7·OpOr + (8·OsOr + (9·Pet-1Pet-2 + (10·Pet-1Pet-2 + (11·Pet-1Pet-2Pet-3 + (it. This is applied when using filter variable R4.

Since previous model regressions reveal that the fit of the models is not good, the Pet variable is replaced by the dichotomous variable Yit, which takes a value of 1 if the stock chosen by the investor is A and 0 if stock B is selected. Thus we only consider whether the subject is conservative with regard to the stock selected and not with regard to the estimated probability. To compare the previously proposed models with the new dependent variable, we performed logistic binary regressions, enabling us to analyse whether the binomial variable depends on the remaining variables or not. We opted for logistic regression rather than discriminant analysis as it is less affected when variable normality is not fulfilled and it also enables us to use non-metric variables through codification with dummy variables.


The sample is divided into sub-samples. We used 70% of the observations (taken randomly) to perform estimations, the remainder being used to provide the validation sample. This sample can be made with 30% or 100% of the observations. In both cases results proved similar. To determine which variables should be included in the model we used the model which reflected all the possible variables and their interrelations. Logistic regression is performed and the non-significant variable (sig < 0.005) with the lowest Wald statistic is removed. Regression is repeated and if model adjustment improves the criteria is applied again until improvement proves impossible. Adjustment improvement is measured mainly through a significant decrease in the value of the likelihood logarithm (-2LL) and increase with regard to the initial model values of the R2 of Cox and Snell and of Nagelkerke. As this is an estimative analysis, whenever a variable is eliminated it must be checked that is not a variable of confusion (namely that its inclusion or exclusion from the model does not condition the link between the dependent variable and each of the independent ones that remain in the model). In this case confusion is deemed to exist when the odds ratio changes by over 10%.


To interpret the results we use the odds ratio, which is calculated as OR = eb for each parameter bi. Thus, OR < 1 indicates a fall in the dependent variable, OR > 1 indicates an increase in the dependent variable and OR = 1 indicates that the dependent and independent variables are statistically independent. The Os variable is significant in all cases except when the R2 filter variable is used (Table 8). The Op variable is only significant when it is filtered through T12 (in the case of lineal regressions it was also significant when applying T8) and the Or variable disappears from the model in all cases. As for the variables reflecting the impact of decisions taken at previous periods, the Pet-1 variable is significant in all cases except when using T8 to select the observations to be considered. Pet-2 is only significant in model 2 (and still yields negative coefficients) and variable Pet-3 is not taken into account when making decisions.


All the models proposed lead to a fall of -2LL taking the initial value as the model which only includes one constant, indicating that these models offer a better description of the dependent variable than when the significant independent variables obtained are not considered. The classification tables for the logistic regressions show how the corresponding models classify a high percentage of cases: from 76.6% in model 3 when applying filter R4 up to 88.4% in model 1 when applying filter T8, although specificity (1-probability of classifying a false positive) and sensitivity                         (1-probability of classifying a false negative) vary greatly from certain models to others. As a consequence the Youden index also differs among the models, ranking between 0 (in model 1 with filter R2) and 0.75 (in model 1 with filter T8). Bearing in mind that this index provides a measure of the suitability of a model, serious doubts may arise concerning the validity of model 1 with filter R2 and model 3. The significance level of the models measured through the likelihood of a false positive thus ranges between 0.426 in model 1 with filter T12 and 1 in model 1 with filter R2, indicating that all models are significant. Valued through sensitivity, power of comparison ranges between 0.407 in model 3 and 1 in model 1 with filter R2. The discrimination level measured through the ROC curve is excellent. Calibration measured through the Hosmer-Lemeshow test and the contingency tables seems weak, indicating the existence of variables that influence subjects’ decisions which are not considered in the models (see summary of the data on model validity in Figure 7 of the appendix).


Using the data obtained during the third stage of the experiment and through logistical regression we compared models 1, 2 and 3 set out in the previous stage, considering variable Yit and applying only filter variables R2, R3 and R4. The results obtained (Table 9) proved quite different to those observed at the previous stage. Or is the only significant variable in the three models and the only one present in model 3. Pet-1 also proved a significant variable in model 1 as did Pet-2 in model 2. This indicates that in this experiment investors display certain rational behaviour by taking into account the real probabilities of dealing with one stock or another (reflected in the Or variable), although they also adopt a conservative approach, since the first decision taken in the round impacts the second and third situation, although not the fourth. This evidences that when information leads them to amend their decisions they will eventually do so, as established by Edwards (1968. page 34), when highlighting the fact that subjects require between two and five observations contrary to their beliefs before they modify their decisions. Thus, we accept the hypothesis that investors display conservatism, since there is evidence that they need to receive information contrary to their beliefs over more than two consecutive periods to change their initial decision.

5.- CONCLUSIONS.


The Efficient Market Hypothesis proposes a model, Homo Economicus, which performs the necessary calculations to maximise preferences leaving aside any emotion that may hinder achievement of its objective. Investors thus process information correctly and take optimal decisions (substantive rationality). Yet, as the distinguished Herbert A. Simon has pointed out in his work, acquiring and processing information is limited since obtaining such information is time-consuming or because the human capacity for calculation is limited. As a consequence the individual opts to forego optimisation of the problem and makes do with a satisfactory solution using those mechanisms of reasoning which are deemed most useful in each situation (procedural rationality).


Gaining a deeper insight into investor awareness is central to financial research, not merely as there is an ever growing number of investors, but also due to the increase in contributory pension plans and the possibility of making individual contributions to social security systems (Barberis and Thaler. 2002). We provide evidence of investors’ bounded rationality, and focus on the existence of typical biased behaviour in capital markets, over- and/or underreaction in the face of new information and analysis of the biases of representativeness and conservatism as potential causes.


Our results bear out the validity of the Barberis, Shleifer and Vishny model (1998), in which they propose that investors believe stock profits will alternate between two regimes or states. In the first state profits return to the mean benchmark value, reversal regime, whereas in the second the trend continues over time, continuation regime. Investors assess the regime governing the stock being analysed in terms of the latest movements and likelihood of transition from one regime to another (probabilities which are established subjectively by each investor). Depending on these parameters subjects will determine whether the price of the stock will rise or fall. To validate this model we perform a laboratory experiment following the guidelines established by Bloomfield and Hales (2002), offer subjects various sequences of price movements, such that they must estimate the next movement in each sequence. To observe subject reaction to all of the series, these are random and reflect different patterns of price behaviour. Results indicate that when investors see that the price of a stock has undergone upward and downward turns they tend to underreact when hearing news about the stock. Investors also believe that price movements, regardless of their scale, reflect patterns of behaviour, such that if prices have shown any marked trend they will continue to do so. Thus, if in previous periods they had always gone up (or down), subjects expect them to continue going up (or down), whereas if they rise and fall alternately subjects think that they will continue to revert at subsequent periods. However, investors do not feel that this behaviour will remain permanent but believe that after a certain period the predominant regime in price movements will change.


We also evaluated another feature of Behavioural Theory in decision-making. We analysed the impact of the way in which investors are presented with a problem. We detected that agents overreact more when faced with series in graph form rather than numerical form.
We also analyse how the previous under- and overreactions may be due to investors being influenced simultaneously by biases of conservatism and representativeness. In this case we observe that the investor underreacts to information preceded by a small amount of similar information and overreacts to information preceded by a large amount of similar information.

Representativeness emerges when subjects attach too much importance to information from the recent past, inferring behaviour patterns in stock return series from short samples. The presence of investors in the market influenced by representativeness may have a negative impact by leading them to take biased decisions, since they think that past stock return patterns will persist over time, neglecting relevant information concerning the company and without even considering the possibility that the sequence observed may be exceptional. As occurred in the experiments of Grether (1980 and 1990), we noted that the percentage of incorrect decisions increased when subjects relied on representativeness when assessing available alternatives. 

A certain tendency to bear in mind the initial decision when taking consecutive decisions was also apparent (a trend related to the fixing of a reference point with which to compare all decisions taken, known as anchoring). Investors thus attach too much relevance to previous beliefs when the new information received differs, at least until they see two pieces of information which contrast with their decisions. This biased behaviour is known as conservatism, the main consequence of which in the market is underreaction to the arrival of new information. 

The existence of investors with these cognitive biases has an effect on the market that needs to be evaluated in depth to benefit financial institutions and firms as well as individuals. Financial institutions may profit from this information by being able to offer suitable products to potential clients, thus directly influencing expectations through the spread of new information or prompting specific reactions or beliefs. Firms should consider when to make relevant information public so as to benefit from knowledge of investors’ preferences. This argument would justify the investment in discretionary accounting which firms occasionally put into practice. Individuals should consider the various biases they hold and take relevant steps to curb their impact, constantly reflecting why they design a specific portfolio or opt for a specific investment fund.
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7.- APPENDICES: Tables and Figures.
Tables.

Table 1: Mean Under/overreaction in terms of reversion categories.

	 
	N
	Mean
	T
	Sig. (bilateral)

	Low Category
	40
	-.0435
	.20540
	.833

	Moderate Category
	40
	-.9375
	.30021
	.003

	High Category
	40
	-1.3375
	.19197
	.000


N= Number of subjects participating in the experiment.

Mean: Possible subject responses are allocated values –1, -2, -3, -4 (underreaction), 1, 2, 3, 4 (overreaction) and 0 (no under- or overreaction) depending on the intensity of the reaction, such that the greater this is, the greater the absolute value assigned. As a consequence, if the mean is above 0 individuals are deemed to overreact, whereas if it is below 0 they are considered to underreact.

The t statistic confirms whether the mean in each category differs from 0, the value that reflects the lack of over- or underreaction. Values below 0.05 in the Sig. (bilateral) column indicate that the mean for the corresponding category differs significantly from 0.

Table 2: Analysis of reactions when observing continuation of recent movements.

	 
	N
	Mean
	t
	Sig. (bilateral)

	B and B’
	40
	-1.0000
	-3.142
	.003

	C
	20
	-.7500
	-2.032
	.056

	D
	20
	.1000
	.197
	.846

	A and A’
	40
	.6000
	1.544
	.131



Interpretation of the table is similar to Table 1.

Table 3: Mean underreaction of non-trend series.

	 
	N
	Mean
	t
	Sig. (bilateral)

	1 reversion
	20
	.6500
	1.857
	.079

	3 reversions
	20
	-.5500
	-.991
	.334

	6 reversions
	40
	-.3250
	-1.131
	.265

	7 reversions
	40
	-2.1250
	-6.587
	.000



Interpretation of the table is similar to Figure 5.

Table 4: Percentage of underreaction in terms of the number of movements considered in each sequence and the number of reversions and the trend 
observed in recent movements.                   
	n = 8
	n = 16
	n = 30

	Trend
	Few 

reversions

(1 to 4)
	Many

reversions
(5 to 7)
	Trend
	Few

reversions
(1 to 6)
	Many reversions
(7 to 12)
	Trend
	Few reversions
(1 to 12)
	Many

reversions
(13 to 17)

	0
	55.3%
	37.5%
	0
	-
	33.6%
	0
	80.0%
	60.0%

	(1     (2
	58.9%
	39.4%
	(1     (2
	70.0%
	45.6%
	(1     (2
	50.0%
	49.1%

	(3     (4
	50.5%
	-
	(3     (4
	60.0%
	42.5%
	(3     (4
	72.5%
	40.%

	(5     (6
	55.0%
	30.0%
	(5     (6
	56.7%
	-
	(5  (6  (7
	60.0%
	35.0%


Table 5: Percentage of correct answers in terms of odds and prior 

probability of A in situations where representativeness may influence 

subjects’ decisions.
	Odds
	Prior probability for A
	Number of price increases
	Situation
	More likely action 
	Stock estimated as more likely
	% correct

	1.4:1 or (1:1.4)
	2/3
	3
	1
	A
	B
	44.74%

	
	½
	3
	5
	B
	B
	71.05%

	
	
	4
	7
	A
	A
	89.47%

	
	1/3
	4
	9
	B
	A
	45.95%

	2.8:1 or (1:2.8)
	2/3
	4
	3
	A
	A
	84.21%

	
	1/3
	3
	12
	B
	B
	94.74%


Table 6: Mean deviation between the real and estimated
 probabilities of dealing with stock A. 
	Type of situation
	Mean deviation

	Representativeness not available
	0.065

	Representativeness available
	Prior probability of A does not inform
	0.005

	
	Prior probability of A provides information along the lines of  representativeness
	0

	
	Prior probability of A provides information contrary to  representativeness
	0.1


Table 7: Coefficients of the model 

Yit  =  ln (Pe/1-Pe) =  b0 + b1 (ln(LR(A)t(( + b2 (ln(prior Odds)t( +  (it      

obtained through double log regression.
	Model
	 
	Non-standardised coefficients 
	Standardised Coefficients
	T
	Sig.
	Confidence Interval for B at 95%

	 
	 
	B
	Typical Error 
	Beta
	 
	 
	Lower Limit
	Upper Limit

	1
	(Constant)
	.096
	.070
	 
	1.373
	.170
	-.042
	.234

	 
	LnLR
	1.088
	.091
	.481
	11.992
	.000
	.910
	1.266

	 
	lnODDPRE
	.700
	.124
	.226
	5.652
	.000
	.456
	0.943


Table 8: Results of the logistic regressions of the models proposed.

	Mod
	Filter
	(0
(constant)
	(1
(Op)
	(2
(Os)
	(3
(Or)
	(4
(Pet-1)
	(5
(Pet-2)

	1
	R2
	-
	-
	-
	-
	0.390

(83.298)

1.477
	x



	
	T4
	-3.275

(22.548)

0.038
	-
	1.812

(42.531)

6.120
	-
	0.418

(17.228)

1.519
	x

	
	T8
	-2.425

(54.360)

0.088
	-
	2.088

(64.141)

8.065
	-
	-
	x

	
	T12
	-6.964

(27.972)

0.001
	0.940

(6.954)

2.561
	4.617

(36.109)

101.160
	-


	0.282

(8.722)

1.326
	x

	
	T16
	-7.861

(50.410)

0.000
	-
	6.671

(46.544)

789.034
	-
	0.442

(22.714)

1.555
	x

	2
	R3
	-7.537

(28.369)

0.002
	-
	7.901

(54.201)

1003.62
	-
	0.356

(10.337)

1.273
	-0.186

(4.050)

0.863

	3
	R4
	-5.050

(41.899)

0.006
	-
	1.357

(6.067)

3.885
	-
	0.587

(25.288)

1.798
	


	M
	F
	(6
(Pet-3)
	(7
(OpOr)
	(8
(OsOr)
	(9
(Pet-1Pet-2)
	(10
(Pet-2Pet-3)
	(11
(Pet-1

Pet-2Pet-3)

	1
	R2
	X
	-
	-
	-
	-
	-

	
	T4
	X
	-
	-
	-
	-
	-

	
	T8
	X
	-
	-
	-
	-
	-

	
	T12
	X
	-
	-
	-
	-
	-

	
	T16
	X
	-
	-
	-
	-
	-

	2
	R3
	X
	-
	-
	-
	X
	x

	3
	R4
	-
	-
	-
	-
	-
	-


·  x  indicates the variable is not present in the corresponding initial model.
·  -  indicates that in the regression of the model it was seen that the variable should be excluded. 

·  Values in brackets are the Wald statistics.

·  Values in bold and italics are the odds ratio of each variable.

Table 9: Results of the logistic regressions of the models proposed.

	Mod
	Filter
	(0
(constant)
	(1
(Op)
	(2
(Os)
	(3
(Or)
	(4
(Pet-1)
	(5
(Pet-2)

	1
	R2
	-3.159

(76.508)

0.042
	-
	-
	0.259

(42.067)

1.296
	0.583

(38.986)

1.791
	x

	2
	R3
	-1.269

(22.432)

0.281
	-
	-
	0.227

(21.482)

1.255
	-
	0.318

(12.737)

1.375

	3
	R4
	-0.304

(4.062)

0.738
	-
	-
	0.381

(26.500)

1.463
	-
	


	M
	F
	(6
(Pet-3)
	(7
(OpOr)
	(8
(OsOr)
	(9
(Pet-1Pet-2)
	(10
(Pet-2Pet-3)
	(11
(Pet-1

Pet-2Pet-3)

	1
	R2
	x
	-
	-
	x
	x
	x

	2
	R3
	x
	-
	-
	-
	x
	x

	3
	R4
	-
	-
	-
	-
	-
	-


indicates the variable is not present in the corresponding initial model

·  -  indicates that in the regression of the model it was seen that the variable should be excluded. 

·  Values in brackets are the Wald statistics.

·  Values in bold and italics are the odds ratio of each variable
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Figure 2: Situations proposed in stage 1.

	Likelihood of increase in each stock
	Likelihood of dealing with each stock
	Sequence proposed

	pA=2/3    pB=1/2
	phA=2/3    phB=1/3
	Number 1
	+ - - + + -

	
	
	Number 2
	+ + + - + +

	
	
	Number 3
	+ + - - + +

	
	
	Number 4
	+ - - + - -

	
	phA=1/2   phB=1/2
	Number 5
	+ - - + + -

	
	
	Number 6
	+ - - + - -

	
	
	Number 7
	+ + - - + +

	
	
	Number 8
	+ + + - + +

	
	phA=1/3  phB=2/3
	Number 9
	+ + - - + +

	
	
	Number 10
	+ - - + - -

	
	
	Number 11
	+ + + - + +

	
	
	Number 12
	+ - - + + -


Figure 3: Situations proposed in stage 2.

	Likelihood of dealing with each stock 
	Round
	Groups of sequences proposed

	phA=1/2   phB=1/2
	B1
	Number 1.1
	+ + - +

	
	
	Number 1.2
	- + + -

	
	
	Number 1.3
	- + + -

	
	
	Number 1.4
	- - - -

	
	B2
	Number 2.1
	+ + - + - + + -

	
	
	Number 2.2
	+ + - + - + + +

	
	
	Number 2.3
	- - + - - - + +

	
	
	Number 2.4
	- - + - - - + -

	
	B3
	Number 3.1
	+ + - + - + + - - + + -

	
	
	Number 3.2
	+ + - + - + + + - + + -

	
	
	Number 3.3
	- - + - - - + + + + + -

	
	
	Number 3.4
	- - + - - - + - + + + -

	
	B4
	Number 4.1
	+ + - + - + + - - + + - - - - -

	
	
	Number 4.2
	+ + - + - + + + - + + - - + - -

	
	
	Number 4.3
	- - + - - - + + + + + - + - + -

	
	
	Number 4.4
	- - + - - - + - + + + - + - + -

	phA=2/3   phB=1/3
	B5
	Number 5.1
	+ + - +

	
	
	Number 5.2
	- + + -

	
	
	Number 5.3
	- + + -

	
	
	Number 5.4
	- - - -

	
	B6
	Number 6.1
	+ + - + - + + -

	
	
	Number 6.2
	+ + - + - + + +

	
	
	Number 6.3
	- - + - - - + +

	
	
	Number 6.4
	- - + - - - + -

	
	B7
	Number 7.1
	+ + - + - + + - - + + -

	
	
	Number 7.2
	+ + - + - + + + - + + -

	
	
	Number 7.3
	- - + - - - + + + + + -

	
	
	Number 7.4
	- - + - - - + - + + + -

	
	B8
	Number 8.1
	+ + - + - + + - - + + - - - - -

	
	
	Number 8.2
	+ + - + - + + + - + + - - + - -

	
	
	Number 8.3
	- - + - - - + + + + + - + - + -

	
	
	Number 8.4
	- - + - - - + - + + + - + - + -


Figure 4: Situations proposed in stage3.

	Likelihood of dealing with each stock 
	Round
	Groups of sequences proposed

	phA=1/2  phB=1/2
	C1
	Number 1.1
	+ + - +

	
	
	Number 1.2
	+ + - + - + + -

	
	
	Number 1.3
	+ + - + - + + - - + + -

	
	
	Number 1.4
	+ + - + - + + - - + + - - - - -

	
	C2
	Number 2.1
	+ + - +

	
	
	Number 2.2
	+ + - + - + + +

	
	
	Number 2.3
	+ + - + - + + + - + + -

	
	
	Number 2.4
	+ + - + - + + + - + + - - + - -

	
	C3
	Number 3.1
	- - + -

	
	
	Number 3.2
	- - + - - - + +

	
	
	Number 3.3
	- - + - - - + + + + + -

	
	
	Number 3.4
	- - + - - - + + + + + - + - + -

	
	C4
	Number 4.1
	- - + -

	
	
	Number 4.2
	- - + - - - + -

	
	
	Number 4.3
	- - + - - - + - + + + -

	
	
	Number 4.4
	- - + - - - + - + + + - + - + -

	phA=2/3   phB=1/3
	C5
	Number 5.1
	+ + - +

	
	
	Number 5.2
	+ + - + - + + -

	
	
	Number 5.3
	+ + - + - + + - - + + -

	
	
	Number 5.4
	+ + - + - + + - - + + - - - - -

	
	C6
	Number 6.1
	+ + - +

	
	
	Number 6.2
	+ + - + - + + +

	
	
	Number 6.3
	+ + - + - + + + - + + -

	
	
	Number 6.4
	+ + - + - + + + - + + - - + - -

	
	C7
	Number 7.1
	- - + -

	
	
	Number 7.2
	- - + - - - + +

	
	
	Number 7.3
	- - + - - - + + + + + -

	
	
	Number 7.4
	- - + - - - + + + + + - + - + -

	
	C8
	Number 8.1
	- - + -

	
	
	Number 8.2
	- - + - - - + -

	
	
	Number 8.3
	- - + - - - + - + + + -

	
	
	Number 8.4
	- - + - - - + - + + + - + - + -

	phA=1/3   phB=2/3
	C9
	Number 9.1
	+ + - +

	
	
	Number 9.2
	+ + - + - + + -

	
	
	Number 9.3
	+ + - + - + + - - + + -

	
	
	Number 9.4
	+ + - + - + + - - + + - - - - -

	
	C10
	Number 10.1
	+ + - +

	
	
	Number 10.2
	+ + - + - + + +

	
	
	Number 10.3
	+ + - + - + + + - + + -

	
	
	Number 10.4
	+ + - + - + + + - + + - - + - -

	
	C11
	Number 11.1
	- - + -

	
	
	Number 11.2
	- - + - - - + +

	
	
	Number 11.3
	- - + - - - + + + + + -

	
	
	Number 11.4
	- - + - - - + + + + + - + - + -

	
	C12
	Number 12.1
	- - + -

	
	
	Number 12.2
	- - + - - - + -

	
	
	Number 12.3
	- - + - - - + - + + + -

	
	
	Number 12.4
	- - + - - - + - + + + - + - + -


Figure 5: Posterior probability that stock “A” was used.

	
	
	
	
	Number
	of
	increases
	
	

	
	
	0
	1
	2
	3
	4
	5
	6

	Prior
	2/3
	0.15
	0.26
	0.41
	0.58
	0.74
	0.85
	0.92

	probability
	1/2
	0.08
	0.15
	0.26
	0.41
	0.58
	0.74
	0.85

	for A
	1/3
	0.04
	0.08
	0.15
	0.26
	0.41
	0.58
	0.74


Figure 6: Posterior odds for the more likely alternatives

	
	
	
	
	Number 
	of
	increases
	
	

	
	
	0
	1
	2
	3
	4
	5
	6

	Prior
	2/3
	5.70:1
	2.85:1
	1.42:1
	1.40:1
	2.81:1
	5.62:1
	11.24:1

	Probability
	1/2
	11.39:1
	5.70:1
	2.85:1
	1.42:1
	1.40:1
	2.81:1
	5.62:1

	For A
	1/3
	22.78:1
	11.39:1
	5.70:1
	2.85:1
	1.42:1
	1.40:1
	2.81:1


Figure 7: Summary of data on validity of models proposed compared through
 logistic regression.

	Mod
	Filter
	-2LL

Yit=cte
	-2LL

Final model
	Hosmer-Lemeshow Test*
	Classification
	Youden
Index
	Area under the ROC curve

	1
	R2
	314.689
	153.297
	9.623 (p=0.087)
	E=0%          S=100%  T=88.1%
	0
	0.940

	
	T4
	287.448
	202.583
	27.055 (p=0.000)
	E = 74%    S = 91.1%  T = 85.7%
	0.651
	0.844

	
	T8
	317.106
	185.753
	17.538 (p=0.000)
	E = 88.6%  S = 86.4%  T = 88.4%
	0.75
	0.887

	
	T12
	277.873
	198.454
	21.803 (p=0.003)
	E = 57.4%   S = 93.1%

T = 82.5%
	0.505
	0.848

	
	T16
	303.132
	219.309
	19.583 (p=0.007)
	E = 72.7%   S = 81.3%

T = 78%
	0.54
	0.840

	2
	R3
	301.708
	214.463
	10.243 (p=0.248)
	E = 65.8%   S = 93.7%

T = 84.4%
	0.595
	0.809

	3
	R4
	244.073
	198.694
	10.728 (p=0.218)
	E = 88.4%   S = 40.7%

T = 76.6%
	0.291
	0.792


· E = Specificity.

· S = Sensitivity.

· T = % of cases correctly classified.

* A p-value below 0.05 in the Hosmer-Lemeshow test indicates poor model calibration (although the problems inherent in measuring this value in numerous regressions should be taken into account). For this reason in models where adjustment seemed poor in this statistic, we performed the same regression eliminating the outliers in the sample, on the whole yielding p-values which enabled us to establish good model adjustment and thus its validity.
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     Sequence of stage C








� Elster (1991, page 24) defines hyperrationality as the irrational belief in the omnipotence of reason.


� The series shown to the participants can be seen in the Appendix.


� See Figure 1 of the appendix.


� Subjects were also allowed to show indifference and not select either of the stocks.


� For instance, if the prior odds of dealing with stock A are 2/3 and three price increases emerge (3+), the posterior odds of dealing with stock A are 0.58; likewise if the odds are 1/2 and 4+ emerge or if the odds are 1/3 and 5+ emerge.


� In this case no sequences resembling the changes in stock prices of A and B were chosen to avoid subjects being tempted by representativeness.


� It should be stressed that the difference observed in the results when considering participants’ confidence and when not considering it is because confidence is much greater when there is an underreaction than when there is an overreaction, giving rise to more intense underreactions than overreactions.


� To determine possible impact of other variables or factors on individuals’ decisions various ANOVA analyses were performed such as tendency of sequences (in other words, we wished to confirm whether underreactions are more frequent for upward or downward price movement), the order in which subjects observed the various graphs, investors’ academic background, their knowledge of capital markets and of chart analysis. None of these factors proved significant and were thus felt not to have impacted investors’ reactions. 





� Further, verification of the outcomes corresponding to sequences A and A’ on the one hand and B and B’ on the other indicate no significant differences whether recent movements are up or down and irrespective of the size of the observed trend.
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