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Abstract

Four types of relatively consistent strategiesreticting uncertain binary events have been
identified: (1) a strategy insensitive to short-sgguential dependencies involving the
prediction of the long-run majority category —thadter the long-horizon momentum strategy;
(2) a strategy insensitive to short-run sequengglendencies involving the prediction of the
long-run minority category- thereafter the longikon contrarian strategy; (3) a strategy
sensitive to short-run sequential dependencieduiimgthe prediction of the short run
majority category- thereafter the short-horizon neatam strategy; (4) a strategy sensitive to
short-run sequential dependencies involving theiptien of the short-run minority category-
thereafter the short-horizon contrarian stratedys Typology was particularly distinct when
individuals were aided with a record of the pasfussice of events. The short-term
momentum strategy was the most commonly used Ippneients. When the type of the
binary event was changed from arrows up and dowre&als and tails of a coin, implicitly
suggesting a random series, this manipulatiountezsin an increase in the proportion of the

respondents using the short-run contrarian strategy

The authors would like to thank Professor Raymbadey from University of Idaho for his kind assista on

solving algebraic problems of optimal strategiepri@dicting binary events.



I ntroduction

Uncertain events and their prediction

A necessary condition for trading on the stock reaiik that some investors sell equities at
the same time others buy them. This is evidendeowof fundamental beliefs are to human
actions. Both sellers and buyers want to increlasie wealth. They also share more or less
the same information. Therefore, the fundameniféérénce between these two groups of
investors must lie in their beliefs. Sellers bedi¢hat stock prices will go down, while buyers
predict a stock prices increase. An intriguingsiiom is what makes them differ so much in

their beliefs. Our research is mainly motivatedtig question.

There are many areas of human activity where sacaesl failure are practically
unpredictable and essentially random events. Nesieiss, people strive to predict future
events, basing their opinions on past sequences.eXxample, regardless of the substantial
research confirming the random nature of stockepnwovements (Malkiel, 2003), some
investors and their advisors, called technical ystg] try to predict future market movements
by scrutinizing past stock price charts. They wraltrends and seek to discover more
complicated patterns. Gamblers (both roulettegrmand horse race fans) make notes of the
past performance in order to infer future eventsnfdt. Both fishermen and wild mushroom
collectors carefully choose “fruitful” places toaseh, basing their judgments on their past

performance.

The concept of randomness is known to be vaguepatticular, there is a dispute about
equating randomness with equiprobability. The presesearch concerns random series of
binary events without the assumption of equiproligbi On the contrary, we consider series
of binary events always having majority (more ptaba and the minority (less probable)

events.

Perception of randomness

There have been several studies on how peopleipem@mdom binary series. These studies

show that people’s notions of randomness are biasedich a way that in a sequence of
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random events they expect more alternations anerfémng runs than there are in truly
random series (Bar-Hillel, Wagenar, 1991). One lo¢ tmanifestations of this biased
perception of randomness is the negative recerfegtebr the gambler’s fallacy. It refers to
the tendency of people to believe in a higher podita of a given kind of the random event
after a long run of the opposite type of event.(emgdicting a roulette ball falling on the
black field after a streak of reds). On some ott@rasions, people surprisingly exhibit the
opposite tendency, called positive recency, whieeg believe that after a long run of a given
event its occurrence is more likely in the nexlt(e.g. predicting a roulette ball falling on the

red field after a streak of reds, suspecting thatbulette wheel is not symmetrical).

The negative recency effect was typically obseimgddgement tasks where various types of
sequences were presented to subjects who werestedu® select the sequence which in
their opinion was really produced by a fair coina(Billel, Wagenar, 1991). In several
studies it was found (Falk, 1975; Wagenaar, 198) subjects tended to chose sequences
which did not contain longer series of heads dis.taiThis means that people tended to
overestimate the frequency with which outcomegradtie. For instance, a sequence of heads
and tails like HTHHTHTH was commonly regarded asrencandom than the sequence
HHHHTHTT. The same tendency may be observed irctimmon belief that if an unlikely

event occurs once, it is less likely to occur agaig. "lightning can't strike twice."

The positive recency effect has been demonstratea seminal study by Gilovich et al.
(1985) as the so-called “hot hand” belief. Thisaidbelief that hitting one shot makes a
basketball player more likely to hit the next stiwn if he/she had missed the previous shot.
Contrary to this belief of basketball fans, asaly of shooting records (for nine members of
the 1980-81 Philadelphia 76ers) showed that playérsates were not higher after making
their last shots than after missing their last shot

According to Kahneman and Tversky (1972), a maguree of misconceptions regarding
randomness is the representativeness heurigtipetson who follows this heuristic evaluates
the probability of an uncertain event, or a samfig, the degree to which it is (a) similar in
essential properties to its parent population ahyiréflects the salient features of the process
by which it is generatéd(p. 431). One manifestation of this heuristicaspsychological
inclination called “the law of small numbers”, acdimg to which even a small sample should

be representative of the population from which th&mple was drawn. This local



representativeness heuristic allows us to explam negative recency effect. When an
individual believes that a given sequence of eventandom, then in accordance with local
representativeness, he/she expects that afteriess sdrred in roulette, more black should
appear in order to balance both events. The saoa lepresentativeness heuristic can also
explain the positive recency effect. After a seié events of one type an individual starts to
believe that the given sequence of events is ndoran and he/she may conclude that this

“generator” should produce even more events ofémee type.

This suggests that one’s opinion about a souragnoértain events determines which of the
two recency effects (negative or positive) appliéd/hen the source generating uncertain
events is perceived to be random, then the negegsency effect should prevail. When on
the other hand the source is perceived to be nuaera, then the positive recency effect
should prevail. However, as various observationgnafestrate, even in environments
commonly regarded as random there are people who tliscover sequential dependencies
and to foresee “more probable” events. Some iddads tend to believe that most events
they meet in the world have a random nature, wdtiters believe that these same events are
of a non-random nature. One purpose of this rekeamas to get to know which of these
beliefs prevails, presuming that the source of s/seamains completely unknown.

Strategies of predicting uncertain events

Since the middle of the twentieth century scieat&std various kinds of analysts have tried to
describe the strategies used by people to predasrtain events. One approach is known as
the probability learning paradigm. A typical exipeent consisted of a series of randomly
generated binary events presented to a subjectenthsk was to predict each subsequent
event after receiving the result of his/her presipuediction. The main finding of this
research was that while making a series of premfistiparticipants tended to match their
prediction frequency to the observed frequencyefdequences (the probability matching
phenomenon). Probability matching suggests tleastibjects learn the underlying
probabilities. If those probabilities are corrgdtiferred, however, then the optimal strategy
that maximizes the number of correct guessesdbaose the majority category all the time

instead of trying to predict anything.

Various models have been proposed to explain teagghenon of probability matching,

especially as it had been shown that subjectsuselien the existence of some sort of



regularity, or pattern, in the sequence of outcomegarticular, it appeared that individuals
tended to show either negative or positive recaff®cts in their predictions. Restle (1961)
discusses some of the typical attitudes of submaggesting that “the subject seems to think
that he is responding to patterns. Such attermpteatural. The subject has no way of
knowing that the events occur randomly, and evé is told that the sequence is random he
does not understand this information clearly, sadhere any strong reason for him to believe
it.” (Restle, 1961, p. 109). Generally, researtb probability learning does not supply a
clear explanation of the probability matching phmeaon. The positive and negative

recency effects have not been explained either.

In turn, researchers of the behavior of investoréirmancial markets distinguish two opposite
investment strategies: momentum and contrarianm&fdum investors seek out stocks
recently rising in price for purchase or fallinggnice for sale. Contrarians invest against
market trends and do not follow the prevailing @rsus view. The definitions of
momentum or contrarian investment styles are tanfprecise. When operationalizing these
concepts, Morrin et al. (2002) simply informed tretperimental subjects whether the price
of a stock in the investor’s portfolio had risenhad fallen in value. However, it is clear that
recent rising or falling prices could refer to eitlshorter or longer -term trends.

The present approach suggests a possible explarwdtibe prediction process based upon the
presumption that an individual keeps records eitiidévcal or global frequencies of each
binary event, and based on these records he/sms fosubjective probability of the
occurrence of the next event. In other wordsstiigective probability of the occurrence of
the next event can be based either on the shorfrewents or on the long-run of events.
Consistently, those who record local frequencieaikhbe sensitive to changes of short-run
sequential dependencies, and those who recordldteaencies should be sensitive to

globally observed frequencies of the events.

Furthermore, both those who are sensitive to stuoriand long-run sequential dependencies
can be divided into two groups. They either temgredict the events opposite to ones from
their history or they tend to predict the eventagoordance with their history, presumably
believing that the observed sequence is nonrandwhinaconsequence allows for longer runs

of the same event.

In accordance with this we formulate the followimgpothesis:



Hypothesisl. In predicting uncertain events one can identifyr fieiatively consistent
strategies :
* astrategy insensitive to short-run sequential aelemcies involving the prediction of
the long-run majority category —thereafter the lemgrizon momentum strategy;
* a strategy insensitive to short-run sequential aejemcies involving the prediction of
the long-run minority category- thereafter the leimgrizon contrarian strategy;
* a strategy sensitive to short-run sequential depaneks involving the prediction of
the short run majority category- thereafter the gHwrizon momentum strategy;
* a strategy sensitive to short-run sequential depantts involving the prediction of

the short-run minority category- thereafter the gHworizon contrarian strategy.

In the case where hypothesis 1 is confirmed, thesipn remains concerning which of the
above four strategies is most commonly used whesdlrce generating the events in a

sequence is unknown to the respondents.

Hypothesis 1 presumes that the generator of thessaf events is unknown. In such a
situation, an individual can believe that a givequence is random or not. One can speculate
that an individual can try to form a belief abdug hature of the series of events through their
background knowledge about the type of event. Etygras that are conventionally associated
with the randomness (eg. coins) might evoke diffestrategies of predictions than event
types without such connotations. Thus we form otveer opposing hypothesis:

Hypothesis 2a. Presuming the rationality of human agents, if aesepf events is associated
by respondents with a random generator, then tspaedents will tend to use a long-horizon
momentum strategy (because in random segencesdepahdencies do not play an
important role).

Hypothesis 2b. Alternatively based on the past empirical reseditarn, Bryan, 2004), if a
series is perceived as random respondents will tengse the short-horizon contrarian

strategy (negative recency effect)

Method

Material

A randomly generated binary sequence of events es@ated. The events of the
sequence were arrows directed downward or upwahe frequencies of the arrows upwards
to downwards were set in the ratio 60:40. Thusyard arrows formed thenajority
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category, and downwards arrows formed tmenority category. There were three versions
of the task: (1) arrows (up and down) without tlastprecord on the screen, (2) arrows with
the past record on the screen, and (3) a headadlraf & coin without the past record on the
screen. In all cases the sequence of events wsisoas in the Figure 1. Each respondent
was given only one type of task.

The horizontal axis represents the number of evemtge vertical axis represents the
relation between the upward and downward arrowsth@rchart, an arrow pointing upwards

is represented by 1, and an arrow pointing downsverdepresented by —1.

Sequence of binary events

70

60

40 a
R

0 20 40 60 80 100 120 140 160 180 200
Steps

Fig. 1 The sequence of binary events presentegsfondents. Plus 1 stands for the majority efenir{stance:
an arrow up), and minus 1 stands for the minongne (for instance: an arrow up).

In Fig. 1 two smooth (non-random) sections candsns The first non-random
section consists only of the events of the majarétiegory, while the second section consists

only of the events of the minority category.

In the last series of experiments one feature wadifired. Instead of arrows, a coin

(head or tail) was presented to the subjects.



Subjects

The respondents were students of two Warsaw uitiesrg§a homogenous group).
The total number of respondents was 391--113 rekpus were presented arrows, 227
respondents were provided with the record of th& paquence, and 151 respondents were

presented a sequence of two sides of a coin).

Procedure

The respondent was asked to observe the eventsriogcon the screen, and after
each 10 of them was asked to make his/her predieimut the next event. The test was
created as a kind of a game. Initially each redpoh was given 100 points. A proper
prediction resulted in one additional point, wralevrong prediction resulted in one point less.
A current score was continously presented on treesc The test (game) took approximately

5 minutes, as each of 182 symbols was shown osciieen for about 1 second.

Results
First, we examined two predictions of the respotslenthin the two non-random sections of
the sequence (two vertical lines on Fig.1). Faoaitgsns of predictions are possible in these

two points:

» predicting the majority event in both runs,
» predicting the minority event in both runs,
» predicting the majority event in the first run aheé minority one in the second run,

» predicting the minority event in the first run ath@ majority one in the second run.

The first two patterns seem to indicate the ingiitsi of a respondent to short-run sequential
dependencies and a reaction to the global obsdregdencies of the events. We describe
them as:

(1) long-horizon momentum strategy — people arenssive to short-run sequential

dependencies involving the prediction of the long-majority category; and



(2) long-horizon contrarian strategy — people asensitive to short-run sequential
dependencies involving the prediction of the loag-minority category.

The two other patterns of predictions indicatespoadent’s reactions to short-run sequential
dependencies: (3) predicting the majority everthanfirst run and the minority one in the
second run corresponds to the positive recencgtetiad (4) predicting the minority event in
the first run and the majority one in the secondearresponds to the negative recency effect.

Then, we tested the reactions of respondents fl@nfdur groups to changes in short-run
sequences. We classified these sequences intoodategories:
* where the proportion of the majority (upward arrpws the minority category
(downward arrows) was almost equal,
* where there was a slight preponderance of the mafrer minority category;

* where there was relatively large preponderanchefiiajority over minority category.

We analyzed prediction tendencies in these thrpestyf sequences for the four groups
defined on the basis of their reactions to the thwo-random sections. No differences in
predictions were found for the two groups whichnonrandom sections reacted to globally
observed frequencies of the events. Consistenttiwéin behavior in non-random sequences,
the predictions of these groups were completelgnsgive to local changes in observed
frequencies. Thus, taking together the predictiohsthese groups in both non-random
sequences and in the three types of random sejeweecan state that they have been

insensitive to local sequential dependencies.
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Fig. 2A. Mean percentages of predicting the majarategory in three types of random sequencebdy t
respondents who in non-random sections had extilie negative recency effect.
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Fig. 2B. Mean percentages of predicting the mgja@tegory in three types of random sequencebdy t
respondents who in non-random sections had extiliite positive recency effect.
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Figure 2 shows prediction tendencies in the thggedg of local sequences made by two
groups of respondents: the first which showed tbsitppe recency effect and the second
which showed the negative recency effect in the hao-random sections. Let us look at the
predictions of the groups which could see the pastrd on the screen (lines marked as
“history presented”). The graphs show that respotddevho in non-random sections had
exhibited the positive recency effect tended tamtehe majority event more and more often
as the local section contained more events of ntyjoategory. 2 (absence/presence of the
past record on the screen x 3 (types of randomeseg) ANOVA for percentages of
predicting majority category revealed a significaffect of the types of random sequence
(F=8,64; p<0,001) and significant effect of theenaiction (F=3,33; p<0,05). On the other
hand, respondents who in non-random sections hlaithiteed negative recency effect tended
to predict the majority event less and less oftettha local section contained more events of
the majority category. 2 (absence/presence of #s pecord on the screen x 3 (types of
random sequence) ANOVA for percentages of predicinajority category reveald a
significant effect of the types of random sequeftce4,64; p<0,05) and significant effect of
the interaction (F=4,40; p<0,05). At the same tithe, over-all frequencies of predictions in
both these groups approximates the probability hagcphenomenon. Thus, among those
sensitive to local sequential dependencies, we idantify the two relatively consistent
strategies of predicting uncertain events:

e Short-horizon momentum strategy — people are seastb short run sequential

dependenciegesulting in predicting the short run majority egory,

e Short-horizon contrarian strategy - people are igeasto short-run sequential

dependenciegesulting in predicting the short-run minority cgtay.

An interesting pattern of predictions can be obsérin the group which could not see the
past record on the screen, i.e. who had to relynemory and not on perception (red lines).
Independent of what effect individuals exhibitedtime two non-random sections, we can
observe a similar pattern of behavior:
» when the preponderance of the majority categorg local sequence is very
small, it is reflected in a higher frequency ofgiotions of this category,
* when the preponderance of the majority categogylittle bit larger, it results
in a diminishing frequency of predictions of thigtegory (as if respondents

tried to balance both events),
12



finally, when the preponderance of the majorityegaty is still larger, it
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Proportion of the respondents in each of the four categories: "arrows" vs "coin"
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Fig.4 Proportions of the respondents using eadbwfstrategies of predictions, depending upenpérceived
source of uncertain events.

Finally, we tested the hypothesis of whether infation about the source of uncertain events
changes the proportion of people following the drand going against the trend. As Fig. 4
shows, when a source of uncertain events implgs ey random nature of a series of events
(coins), the negative recency effect (the strat#fgyredicting events opposite to ones forming
the recent trend) occurs more frequently than éncdise where the nature of the events

remains completely unknown. This supports hypagh2ls and not hypothesis 2a.
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Discussion

Four types of predicting strategies

As research on probability learning shows (Red®§1), people do not follow a purely
rational strategy of predicting the most frequerdre all the time. Presumably, they consider
predicting the uncertain events as a challengisk @ad try to experiment with their own
skills. Our experiment gives an idea about theesgias people use when performing this

challenging task, and more exactly, how peopletrashort-run sequential dependencies.

The results of our research show that the respasdesm be divided into four groups
according to two criteria: (1) the length of therihon taken into account, and (2) the
momentum vs. contrarian approach. Although, the &tategies are a kind of idealization,
our research shows that the division can be camilgtused for the analysis of predictions of
uncertain events. Some respondents ignored loeats$, whereas others concentrated on

them. In both groups, momentum and contrariaatesjies were represented.

This suggests that in financial markets, for exanpbur and not two different investing
strategies can be identified. There are investdrs aisplay a buy-and-hold strategy, which is
the equivalent of our long-term momentum stratefjye long-term contrarian strategy is
probably the least common in financial markets, watcan imagine investors who predict a
long-horizon trend reversal. The short-term momentu short-term contrarian strategies are
followed by those who use technical analysis asoafor making predictions. Most technical
analysis signals represent the short-term momenrdpproach, although there are also
contrarians who believe that every trend will bersr or latrer reversed. As found by Morrin
et al. (2002), only around 30% of the analysts arathused the contrarian strategy with a

significant majority of around 70% exhibiting a mentum strategy.

In our experiment where the source generating ewgas unknown, only a relatively small
number of the subjects used long-run predicticstegies. A majority of respondents sought
local dependencies and tried to make predictiossdban these observations. It seems there
is a need to seek short-run trends. For exanmtpkenot uncommon for people to form
convictions concerning climate changes based amiyvo or three years worth of
observations. Likewise, a “new economy” was dedlafter only a few years of the bull
market at the end of the ®@entury.

15



As with the results obtained by Morrin et al. (2DRGfuite a large majority of our subjects
who were sensitive to local dependences followslaat term-momentum strategy, and only
a minority followed the short term-contrarian stigy. This observation is in agreement with

results of other research. (See for example, Bekébyer, 1997).

Optimal strategies of predicting the binary events

A crucial question is who uses each of the fowategiies described by us above and when do
they use them. In order to answer the questiowieatart with important normative
considerations.

Kareev (1995), who explored the optimal strategigsredicting binary events, showed that a
rational prediction should depend on two parameaittte sequence: the frequency of binary
events and the contingency coefficient which déssrithe autocorrelation between
subsequent events. Since in the case of binant&tee contingency measure is identical to
the traditional correlation coefficient (see Kard®®5, p. 492, footnote 1, and Hays 1963,
pp.604-606), we will use this latter term.

Our implementation of Kareev’'s (1995) general asialys reviewed in the Appendix. The
results are summarized in Figure K, where the bot& axis is the probability of the more

frequent event <0.5;1>, and the vertical axi©iesdorrelatiorcoefficient <-1;1>.

Curves 1 and 4 show the maximum values of the latiwa coefficient versus the frequency
of the more frequent event. Thus, curve 1 showdtundary of the negative values of the
correlation coefficient for particular frequencidsor instance, for a frequency of 0.7, the
maximum negative correlation ¢s=-0.43. Similarly, curve 4 shows the boundaryhaf t
positive values of the correlation coefficient wesgrequency. One can see an important
asymmetry: only for frequencies of 0.5 do negaéimd positive correlations achieve their
maximum possible values of -1 and 1 respectivély.the frequency increases, the
maximum negative correlation increases to 0, aljhadhe maximum positive correlation
remains equal to 1. Thus, if the frequency is highan 0.5, the positive correlation

represents greater potential than the negativeledion.

Curves 2 and 3 represent values of the correlabefficient beyond which it is profitable to
switch from the strategy of always predicting therenfrequent event to the strategy of

differential use of the most recent event. Curvst&iting from 0 at a frequency of 0.5, goes
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down until it cuts off curve 1 at a frequency d6®. Only in the zone between the curves 1
and 2 does the strategy of alternating the mosintezvent (negative recency effect) dominate
the strategy of always predicting the more freq@seint. For a frequency higher than 0.66,
no negative correlation, not even the strongessiples is worth noting, as it cannot improve
prediction beyond the heuristic of always predgtine more frequent event. In turn, curve 3
covers all frequencies, rising from 0 at a frequyeoic0.5 to 0.5 at a frequency of 1. In the
zone above this curve, the strategy of predictimgmost recent event to repeat itself
dominates the strategy of always predicting theenficgquent event. This zone is
dramatically larger than the zone for predicting tipposite of the most recent event.
Moreover, as can be seen, curve 2 has a largez g#hap curve 3, which means that positive
correlation becomes more useful than negative latiwa for making predictions based on
correlation.

We can therefore conclude that positive and negatrrelations are not equally valuable for
making predictions, positive correlations being enoseful than negative correlations. As
Kareev states: “this is not to say that negativesetations do not exist in reality, but it means
that they are less likely to be worth noticing ttamea positive correlations.” (Kareev, 1995, p
500) Thus, when we do not know what generatestgyvas in our experiment where neither
the frequency of the two events nor the contingeraafficient was known, it is rational for
the subjects to exhibit a positive rather than gatige recency effect. Our respondents as a

whole behaved in perfect agreement with this caicthu
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Fig. 5 Optimal rules for predictions of uncertaivents by frequency of binary events and level of
autocorrelation.

Who uses short run vs long-run predicting strategied when?

Taking into consideration the results of our reskeawe can make a few assumptions
concerning this question.

Let’s start with a normative statement that foredpendent events and a stationary process,
seeking local dependencies is absolutely irratiofill, we should expect that people will
tend to use the long-run strategies, becausesrsituation the only reasonable predicting rule
IS to pay attention to the global frequencies efelients. The optimum strategy is to always
predict the more frequent event.

On the other hand, when a process is non-statiarahe binary events are serially
correlated, people should use short-run strategies.

Probably there are both people who generally belie\the stationarity of various processes
(social and natural) and people who view the emvitent as changeable.

The first saynihil novi sub sole ohistoria magistra vitae estin our opinion they should
express an inclination towards long-run strategiese others saganta rhei,and they should
be inclined towards short-run strategies.
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Moreover, a long-term strategy is more likely amadhgse familiar with statistics and with
random sequences. Therefore, one of the majormdietants of using long-run strategies in a
random series of independent events is knowledgheofieneral principles of statistics and
personal experience with random sequences. Matiwgams, statisticians, actuaries,
meteorologists etc. are probably more immune tdyamay local dependencies than people
lacking statistical knowledge and not having argegience with random sequences. On the
other hand, those dealing with a world in whichbadailistic thinking is rarely observdd.g.
financial analysts) will be keen to look for locabularities in series of events. In fact, in our
other research (Tyszka, Zielonka, 2002), we fouhdt tin accounting for inaccurate
judgments, weather forecasters attach more impoetdo the probabilistic nature of the

events predicted than financial analysts.

Summing up, we think that people who implement toung strategies are:

(1) presuming that the environment responsibleHtergeneration of events is stable, and the
process itself is stationary with independent event

(2) are educated in statistics and exhibit a pribiséib approach to reality (actuaries, weather

forecasters)

People implement long-run strategies when:

(3) they presume that the environment responsiimidhfe generation of events is changing
and the process itself is non-stationary or evardgsstrongly sequentially correlated.

(4) they are not educated in statistics.

Who uses momentum vs. contrarian strategies and?he

As far as the short-term strategies are concebreexkd on the above analysis we may suggest
that people should follow a contrarian strategyd(display a negative recency effect) when
they believe that events are negatively correlated] they should follow a momentum
strategy (and display a positive recency effectgmvkhey believe that events are positively
correlated. The presumptions about those correlstican come either from an assumed
mechanism generating the uncertain events or frioenrecord of previously observed
sequences of events. For instance, on financigtetsathe beginning of a long rise of prices

may be perceived by investors as the start of & fmarket, and they predict a trend
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continuation. Some technical analysts maintairt tieatain formations on price vs. time

charts (e.g. so calldtkad and shouldeysare predictors of a trend reversal

The question is why, in the very same situatiome@eople tend to think a streak will
continue while other believe it will stop. Indeeden in situations when the source of
uncertainty strongly suggests that observed evgsld be seen as independent, (as in some
conditions of the experiment by Burns and Bryar4&Gome individuals exhibit a negative
recency effect and others a positive recency eff€bis suggests that people can differ in
their perceptions of the natural and social wogme people believe that certain events are
positively correlated, and the occurrence of amgieeent means for them that a streak will
continue. A good illustration of such a beliethe old Wall Street saying: “Do not fight the

tape”.

On the other hand, other people seem to believeniti@n sequences of events certain events
are negatively correlated. Such a belief concergiogd fortune in human life is perfectly
described in The History Of Herodotus, Volume lo{fct Gutenberg E-text)

"Amasis to Polycrates thus saith:--It is a pleas#hnihg indeed to hear that one who is a friend guest is
faring well; yet to me thy great good fortune ig pteasing, since | know that the Divinity is jeasp and | think
that | desire, both for myself and for those abwhom | have care, that in some of our affairs weusth be
prosperous and in others should fail, and thusigough life alternately faring[32] well and ill, ther than that
we should be prosperous in all things: for neveardid | hear tell of any one who was prosperouslirthings
and did not come to an utterly[33] evil end at thst. Now therefore do thou follow my counsel antes |
shall say with respect to thy prosperous forturieske thought and consider, and that which thoue&tdo be
the most valued by thee, and for the loss of wthioh wilt most be vexed in thy soul, that take east away in
such a manner that it shall never again come tostight of men; and if in future from that time fang good
fortune does not befall thee in alternation witharaities,[34] apply remedies in the manner by mggasted.”
According to this description, the mechanism gemggahuman fortunate and adverse life
events works as a kind of draw without replacem@&hus, too many fortunate life events

increase the probability of an adverse event.

Summing up, we think that people tend to choosartbmentum strategy when they believe
that the events are not in a random sequence aisdcin be somehow positively correlated
(e.g. the hot hand effect). People who choosedinérarian strategy believe that the process

IS non-stationary or events are negatively coreelat

As we mentioned in the introduction, people cannshdiased notion of the randomness and
expect too many reversals in a sequence of rand@mtse This can result in a tendency to
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follow the short-horizon contrarian strategy everaisituation when a sequence is thought to
be random. The present research tested the hymthat a strategy of predicting uncertain
events should be dependent on the interpretatidgheoevent generator. The first group of
respondents of our research did not receive argrnmdtion about the source of the events.
The down or up arrows which appeared sequentiallthe screen did not give any suggestion
to participants about the character of the procgksther is was random or not.

The participants could guess some dependenciebd®nong the sequence of events.

The second group of respondents faced a kind ofipukation which could influence their
interpretation of the character of the processistelad of the sequence of arrows (up and
down) we introduced a sequence of coins (headgas)l We presumed that a coin would
be strongly associated with the concept of rand@snn&Ve intended to check the proportion
of respondents using each of the four strategiedewacing the sequences of arrows and

coins.

It turned out that our manipulation resulted in ubstantial growth in the proportion of
respondents using a short-run contrarian stratégyskall-Wallis ANOVA, Chi-sq. = 4,044,
df = 1, p < 0,05). This supports our hypothesis 28imilar results were obtained in
experiments by Boynton (2003) and by Burns and Bi(®04), in which instructions that the
source generated random output increased thehdadi of predicting an alternation in the
series. The results show that although perceivisgquence as random, individuals did not
exhibit a rational approach by switching into longp strategies with no attention paid to
local dependencies. Instead, they manifested anggtr inclination toward the negative
recency effect.

This is also a confirmation of other research wigbbws that people’s notion of randomness
is biased in such a way that in human perceptiodam events are not truly independent, and

long steaks are less probable than they are i tamdom series (Bar-Hillel, Wagenar, 1991).

The impact of the awareness of previous outcomes

Something which deserves our attention is the @hsen that the four strategies of

predicting uncertain events described above wereated distinctly when the record of the

past sequence was presented to the respondenthieorscteen. Their memory was

substantially supported and local dependencies e&seer to notice. The respondents from
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the group which observed the past sequence of £vemnealed a consistent attachment to a
chosen strategy: momentum or contrarian. (Figng; “history presented”)

On the other hand, when the record of the pasteseguwas not presented to the participants,
then all the short-run strategists behaved in #mesway (Fig. 2, line: “no history”) When
the local frequency of the majority events rosghgly (a point “higher” on the horizontal
axis) they all tended to express the contrariaragmh. But when the local frequency rose
strongly (the point labeled “highest” on the horit axis), they all switched to the
momentum strategy. We conclude that without obsgrthe past record of the sequence,
respondents sensitive to local dependencies behawatl they initially presumed that the
sequence was random. When the frequency of therityagvent rose strongly enough they
abandoned this view and started predicting thextttreontinuation.

This may be a method for predicting uncertain evéimat is common to all people. When the
past sequence is easily accessible, people chows®fothe two strategies, momentum or

contrarian, and consistently stick with it.
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APPENDIX

This appendix provides an overview of the analgsisducted by Kareev (1995) that results in thelyrap

presented in this paper. Kareev generates a tade;

C1 Cc2 total

P1 a b a+d

P2 c d c+d
Total atc b+d 1

where P denotes predictor and C denotes criteridms, in a sequence of heads and tails such a$iHTH,
the first event (H) is the predictor of the ensuavgnt, called the criterion, (T) and the secoreheyT) is a
predictor of the ensuing event (also T). The prediP1 and criterion C1 represent the more fregeeent
(e.g., Hin HTTHHTH), and P2 and C2 represent &3s frequent event (T in HTTHHTH). The entriethia
table are the proportions of cases included irptigitive and negative diagonal of a contingencietabder five
conditions. (Kareev 1995, p. 501).

Let w be the probability of the more frequent event.(édgin HTTHHTH). Below we derive the values ofta,
¢, and d for each of the five cases. The derinatére straight forward in three of the casesg#esations are

more complex in the remaining two cases. We befimthe straight forward derivations.

No Correlation between the Predictorsand the Criterions
If there is no correlation between P1 and P2, erotie hand, and C1 and C2, on the other, then we ha
P(Ci/Pj) = P(Ci) for all i and j. The values ofta,c, and d are then as follows:

a=P(P1)P(C1/P1) &w = o’

b = P(P1)P(C2/P1) &(1-w)

¢ = P(P2)P(C1/P2) = (Hw

d = P(P2)P(C2/P2) = (@)(1-w) = (1-w)?

Positive Correlation of Maximum Value
If there is positive correlation, then P(C1/P1)(€P) and P(C2/P2) > P(C2). If the correlationfisnaximum
value, then P(C1/P1) = P(C2/P2) = 1, and, therebt@1/P2) = P(C2/P1) = 0. The values of a, b, c,chate
then as follows:

a=P(P1)P(C1/Pl) &l =w

b =P(P1)P(C2/P1) &0 =0

c=P(P2)P(C1/P2)=(®)0 =0

d = P(P2)P(C2/P2) = (M1 = (1-w)
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Negative Correlation of Maxium Value
If there is negative correlation, then P(C1/P2YE€® and P(C2/P1) > P(C2). If the correlationfisnaximum
value, then P(C1/P2) = 1, and, thereby, P(C2/R2) Note that we cannot have P(C2/P1) =1 because mare
frequent than C2, and thereby they cannot be matcha 1 to 1 fashion. From P(C1/P2) = 1, we hawe
P(P2)P(C2/P2) = (191 = (1w), and from P(C2/P2) = 0, we have P(P2)P(C2/P2}&)Q = 0. Since b+d =
P(C2) = (1), we have b = (1v), and since a+b w, we have a =@1. The values of a, b, ¢, and d are then as
follows:

a = P(P1)P(C1/P1) =2l

b = P(P1)P(C2/P1) = &>

¢ = P(P2)P(C1/P2) = &

d = P(P2)P(C2/P2) =0

Positive Correlation with Equal Values Between the Prediction Rules

If there is positive correlation, then P(C1/P1)(€P) and P(C2/P2) > P(C2). If there is equalitiwsen the
two prediction rules, then a+d = P(C1). To ses, thote that a+d is P(P1)P(C1/P1) + P(P2)P(C2/2)sa
thereby the frequency of correct predictions gitrep = 1 prediction rule. Recall that P(C1) is thegfrency of
correct predictions under tipe= 0 rule. The contingency table remains undeteedhi but by summing on rows

and columns, the table must have the form

C1 c2 total
P1 a wa a+c =w
P2 wa 1-2ota c+d = 1le
total a+Cc =w b+d = 1e 1

From a+d = P(C1), we have a+(lyPa) =w, so that a = . The values of a, b, ¢, and d are, by

substitution, as follows:

a = P(P1)P(CL/P1) }é_l

l1-w
b = P(PLP(C2IPL) ==

-«
c=P(P2P(CLP) ==

—_(

d = P(P2)P(C2/P2) =12—“
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Negative Correlation with Equal Values Between the Prediction Rules

If there is negative correlation, then P(C1/P2)E€H and P(C2/P1) > P(C2). If there is equalitinzen the

two prediction rules, then b+c = P(C1). To ses,thote that b+c is P(P1)P(C2/P1) + P(P2)P(Cl/R@)sa
thereby the frequency of correct predictions githeep = -1 prediction rule. Recall that P(C1) is thegfuency

of correct predictions under tipe= 0 rule. The contingency table is again undeieenh and again, by summing

on rows and columns, the must have the form

C1 c2 total
P1 a wa at+c =w
P2 wa 1-2ota c+d = leo
total a+Cc =w b+d = 1 1

N

w
From b+c = P(C1), we havexa)+(w-a) =w, so that a =—. The values of a, b, ¢, and d are, by substituts
follows:

a=P(P1)P(C1/P1)

b = P(P1)P(C2/P1)

e nNle nle

¢ = P(P2)P(C1/P2)

N l\)lll

- 3w
2

d = P(P2)P(C2/P2)

The contingency coefficient, denoted qais calculated as follows:

o= ac-bc
\J(a+b)(c +d)(a+c)(b +d)
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