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Abstract

Regularities in the environment are used to dewidat course of action to take
and how to prepare for future events. Here we facuthe utilization of regularities for
prediction and argue that the commonly consideredsure of regularity - the strength of
the contingency between antecedent and outcomésevedaes not fully capture the
goodness of a regularity for predictions. We prepasstead, a new measure - the level
of expected prediction accuracy (ExpPA) - whichetalkito account the fact that, at
times, maximal prediction accuracy can be achidyedlways predicting the same, most
prevalent outcome, and in others, by predictingauteome for one antecedent and
another for the other. Two experiments, testinggkpPA measure in explaining
participants' behavior, found that participantssaesitive to the twin facets of ExpPA

and that prediction behavior is best explainedhisymew measure.
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Introduction

People, like other organisms are constantly ordblkout for regularities, to
decide on their actions and prepare for the upcgrsiate of affairs. It is therefore of
great interest to understand how and how well peoplize regularities in their
environment. Here we focus on the utilization afularities and, more specifically, on
their utilization for prediction.

The relative frequency of outcome events is thekst form of regularity that
can be used for prediction: When one outcome dganbre likely than others, preparing
for that event would raise the probability of beimgll-prepared for the future. A more
complex regularity inheres in the relation betwaatecedent and outcome events: If the
likelihood of one outcome event is higher when antecedent event prevails than when
another, we say that the outcome events are cemtiran the antecedent events. Often,
such a contingency calls for different predictierand different actions - given the
different antecedent states, but this is not alwhgscase.

To illustrate why this is not always the case,sider the following scenario.
Springtime and, planning to go shopping in the Oity of Jerusalem, you try to predict
the likelihood of finding a parking place by thetyCWalls. Based on this prediction you
will decide whether to take your car or a taxi. Thances for finding a parking place are
slim this time of the year; you'd better take a.t&ou also know the day of the week and
that the City is more crowded on Fridays, the dapynMuslims come there to pray. If
you had a choice on what day to go you would, ndbtidake this correlation into
account (and, depending on your preference, chaoselay or another). Still, if all you

do is predict parking conditions, the informati@ated to the day of the week is
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irrelevant: You would predict them to be bad irespve of the day of the week. The
situation could, of course, be different and thg ciowded only on certain days of the
week. If that were the case you would predict d#fe parking conditions for different
days and take your car on some days and a taxinenso

The above scenario demonstrates that even wheaircstates are contingent on
others, greater predictive accuracy may be achjetdtnes, by ignoring the
contingency altogether and relying on the oveildlihood of one state or another.
Stated more generally, when an antecedent ev&nbign one would be best prepared
for the future by predicting the most likely outcemiven that event; it should be noted,
however, that the most likely outcome may be tmestor all antecedent events even if
the former is contingent on the latter. In otherdg) the highest likelihood of correct
predictions may be attained, at times, from alwargslicting a single outcome and in
others, from predicting different outcomes for eifint antecedent events (see Fiedler &
Kareev, 2006; Kareev, 1995, 2005). Obviously, stmatingency-based differential
predictions do not always maximize predictive aacyr the (statistical) strength of the
contingency does not fully capture the value ofrdguularity in the service of prediction.

What is needed to capture this regularity is a oneathat would reflect the
overall goodness of the regularity in the environtrfer prediction. Such a measure
could then be used to characterize environmentsanid serve as a yardstick against
which prediction behavior, as well as the assessofasontingencies, is compared. We
propose that the proportion of accurate predictexysected when the regularity is
detected and used be that measure, which we cpéidied Prediction Accuracy

(ExpPA).
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For a more formal definition of ExpPA consider Tatl This table presents a
2x2 combination of antecedent and outcome evehis cElls denoted bg; b, ¢, andd
represent the frequency of each of the four contimnga assuming, without loss of
generality, thab>b. If event 3 is more likely given both event 1 awnt 2, namely,
a>b & c>d, one would do best to always predict event 3. Ehisue even if the outcome
events are contingent on the antecedent ones katthe likelihood of event 3 given
event 1 is different from its likelihood given evéh Only when one of the outcome
events is more likely given one antecedent andnemanore likely given the other, e.g.,
if a>b & d>c, is the contingency between the events usefydrediction. In this case,
differential predictions — predicting event 3 giverent 1 and event 4 given event 2 —

would result in greater prediction accuracy.

Outcomes
Event 3 Event 4
Event 1 A B
Antecedents
Event 2 C d

Table 1.The 2x2 Relation between Antecedents and Outcomes

ExpPA is defined as the maximal level of accurdwat tould be attained either
by the skew in the marginal distribution of outcoewents - if there is one - or by the
proportion of cases in the more common diagonfahere is one. In terms of Table 1 we

define the expected proportion of correct preditias:

(1)

ExpPA:ma{ a+c a+d J

a+b+c+d a+b+c+d
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with the first term corresponding to the proporta@rcases in the prevalent outcome
event and the second to the proportion of caségeimore prevalent diagonal. That is,
the source of ExpPA can be either the skew in eoésolikelihood, calling for always
predicting one outcome value, or the contingendwéen antecedent and outcome
events, calling for predicting one outcome for anéecedent and another for the other.
We maintain that this measure captures the goodnehe strength of the regularity in
the environment with respect to prediction, andlask sensitive people are to that
measure.

Note the difference between this measure and tlzsune of the strength of the
contingency,Ap, defined as:

~a ¢ ad-bc
a+b c+d (a+b)(c+d)

Ap 2)

As to the usefulness of detecting and using a igaticy in the environment for
prediction, equation 1 shows that it can be expetfy the relative frequency of cdll
versus celt. The comparison between equations 1 and 2 shatsdime contingencies,
although different from zero may be useless, aadgatorrect predictions are concerned.

Note that we do not claim that when the proportiohsases in the prevalent
outcome is greater than the proportion of casélsarprevalent diagonal the contingency
is always useless: When choice between antecetdes $s possible and there is a
preference for one of the outcome events over silesen a contingency that is useless
for prediction is worth using. To illustrate, whetrsmoking or not, the majority of
people are healthy; hence predicting that a cepgaraon is healthy is most likely to be
correct irrespective of whether that person smakewt. Still, when one chooses

whether to smoke or not one would take into accthumdifference, if there is any,
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between the likelihood of staying healthy when smgland that of staying healthy when
not.*

Since the contingency between variables is impoftarchoice between actions -
in view of their consequences - and often for prtoin as well, the perception and
assessment of contingencies have been studiedsesdbn Most of the earlier studies
have focused on the perception of contingenciesitiir the accuracy of their assessment
(for reviews see Allan, 1993; Alloy & Tabachnik,88 Beyth-Marom, 1982; Shanks,
1995). These studies found a number of factorstifig the judged strength of a
contingency. For example, mode of presentationethdr trial by trial or summarized
(e.g., Ward & Jenkins, 1965), type of variableshetiher symmetric or asymmetric (e.g.,
Allan & Jenkins, 1980), way of posing the questiavhether the focus is on one, two, or
all joint frequencies of the events in questionogker, 1982), and the marginal
distribution of the variables involved in the cargéncy (e.g., Dickinson, Shanks, &
Evenden, 1984), have all been found to affect §sessment of the strength of a
contingency. Thus, whereas research on the assasssfirelations between states found
that peoplere sensitive to such regularities, it also found faators that are irrelevant
to the statistical strength of the contingency hawveffect on its assessment. At the same
time, the way regularities are being utilized foegliction has been hitherto almost
completely overlooked (for exceptions, with eariyadissions of the issue, see Fiedler &

Kareev, 2006; Kareev, 2005).

11t should be mentioned that the proposal of défitrmeasures of regularity for
prediction and for choice does not apply to theeadscontinuous variables, where the
strength of a contingency is always a good measiutlee regularity for the purpose of
prediction and choice alike.
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In the studies reported here we focus on the ralged by ExpPA in determining
prediction and ask whether people are sensititeastrength of ExpPA and to its
source. Two experiments were conducted in whicligyaants' reward was a function of
their prediction accuracy. In the first, predictio@havior, preferences, and the
assessment of the strength of contingency was catar two data sets that differed
only in the skew in the distribution of outcome Bige In the second, both the strength of
contingency and the skew of outcome events werepulated - orthogonally -
producing four versions of a computer game. Paditis' tendency to invest in predictor

information was compared for the four versions.

Experiment 1

In this experiment participants observed items ftaum data sets, each with two
values of a predictor and two values of a criteriéor 96 rounds participants observed a
predictor value - at random from either data satd predicted the value of the criterion.
They were rewarded for correct predictions. Paréints then estimated the strength of
contingency in each data set, indicated which eftéto they would choose for a
subsequent prediction task, and finally made texiptions for items from the data set of
their choice.

The purpose of this experiment was to exploreeffects of ExpPA on the use of
the regularity in prediction, on the assessmenh®fstrength of the contingency between
predictor and criterion value, and on its attracfior choosing between data sets.
Therefore, the two data sets differed in their EX@d in its source, hence calling for

different prediction strategies: In one, maximiaatof predictive accuracy required
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differential prediction whereas for the other gtuired always predicting the more
common value of the criterion. The two sets hadstiraeAp but differed in the skew of
the marginal distribution of the criterion; henpayticipants' sensitivity to the skew, to

the contingency or to both, could be revealed.

Method

Materials. The makeup of the two data sets employed in tper@xent is
depicted in Table 2. Thap was equal to .42 in both data sets, the margisgilaltion
of the predictor was .5/.5 in both, but the marbdistribution of the criterion was
different: .54/.46 in the data set depicted onléifieof Table 2 and .75/.25 in the data set
on the right, rendering the skew in the data seherright higher. The ExpPA of the low-
skew data set (the one on the left) - derived ftloenproportion of cases in the more
common diagonal - was 34/48=.70, whereas the ExgiRlAe high-skew data set (the
one on the right) - derived from the proportiorcases in the more common column -

was 36/48=.75.

Color1 Color 2 Color 3 Color 4
Box 1 18 6 24 Box 3 23 1 24
Box 2 8 16 24 Box 4 13 11 24
26 22 48 36 12 48

Table 2.The Frequencies of the Two Disc-Colors in the Two Box-Types Separately for

the Two Data Sets of Experiment 1
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The materials comprising a data set were 48 timebpeach containing a colored
disc. There were four box types and four disc arch that every set was comprised of
its own two distinct types of boxes and two distoce Boxes of the same type and discs
of the same color were indistinguishable. The assant of pairwise combinations of
box types and disc colors to the two data sets@rpair was counter-balanced between

participants. All 96 tiny boxes were stored in géacarton box.

Procedure. Participants were tested individually in a quaeam. Upon entering
they were told that they would take part in a stadgsisting of three phases. For the first
phase they were presented with the carton contathie 96 boxes, and told that they
would draw, without looking, one box at a time gmddict the color of the disc inside it.
Before starting, the boxes in the carton were ghaliffled in front of them. Once a
prediction had been made the box was opened, dhd dolor of the disc matched the
predicted color the participant was awarded 1/2 Naaeli Shekel (about 11 cents at the
time). The box (with the disc inside it) was théosed again and placed in another
carton. Each participant encountered, during theieg phase, the 96 items comprising
the two data sets in a random, intertwined, or@leroughout the experiment the
participants had, in front of them, an exampleheftiwo pairs of box types and the two
disc colors that could be found in them. This eeduhat participants distinguished
between the two data sets, predicting one of tworsdor one set and one of two other
colors for the second. On each trial the experierertcorded the type of box, the
participant's prediction, and the actual colorhaf tlisc inside the box. Correct predictions

were rewarded immediately.
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Following the learning phase, the participant perfed three tasks:

Direct estimation of the strength of the continges: Here the participant was
asked to assess, for each data set, the strentit célation between type of box and
color of disc and indicate it by placing a markaoh50 mm long line that was labeled "no
relationship” at its left end, and "perfect relagbip” at its right end. Participants were
explicitly informed that "no relationship” meanttrboth types of boxes had the same
percentage of each disc color in them, whereadégtecorrelation” meant that each type
of box had but one (and different) color of disgtinrhe order in which the two data sets
were asked about was counterbalanced.

Indirect estimation of the strength of the conéinges: For this task participants
were asked to estimate, for each data set, themp@ge of discs of one of the colors
within the two box types of that data set. Theastied about first, the color asked about,
and the order of the types of box, were all couraglamced across participants.

Choosing a data set: Here the participant wasthaltithe next (third) phase of the
study would involve a 10-trials repetition of thiest phase (i.e., draw, then predict for a
reward), but this time only from one of the twoalaets. Participants chose one of the
sets knowing, at the time of choice, that the reMar a correct prediction in that phase
would be twice as large as that provided beford,that drawing would be conducted
from among the same 48 boxes that comprised tlzesgaiof their choice.

To counter possible order effects on assessmentlarice, each task was
performed first by a third of the participantskiep the counterbalancing in check (see

the Design section below for the number of couratkariced variables) only three of the
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six possible orders were used: Choice, Direct,réadj Direct, Indirect, Choice; Indirect,
Direct, Choice.

Having completed the three tasks of the secondeptiee participant sampled ten
more boxes, this time from the chosen data setpfbeess was like that performed
during learning, namely, random-drawing withoutlagpment, but correct predictions
were rewarded by one NIS. The whole experimentse#fgaced, and typically lasted
25-30 minutes.

Participants. Ninety-six students (80 from the Mt. Scopus casnpiuithe Hebrew
University and 16 from Ben Gurion University in B&heba) participated in the
experiment for the monetary reward determined bfopmance, as explained above. The
number of participants was dictated by the coumterixing involved, see below,
including the additional stipulation of having agual number of males and females in
each cell of the design.

Design. The factor that was manipulated in this experinveas the skew in the
marginal distribution of the criterion. This resdtin two differences between the two
data sets:

1. A difference in the level of ExpPA,
2. A difference in the source of ExpPA (the skevome and the contingency in the other
data set) and hence in the usefulness of the gmrtay.

The factors that were counterbalanced betweercpeants were:

1. Assignment of box type and disc color to datd2g

2. Order of judgment tasks (3);
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3. Characteristics of the Indirect Estimation td8k set asked about first [2] x color
asked about [2] x order of box types asked abdit [2

4. Gender (2).

Results and Discussion

We report the results in three sections, the fiesting to do with the assessment
of the strength of the contingency the second walitbosing a data set for further
predictions and the third with the prediction st used.

Assessment. Recall that we used two different ways for elingtparticipants'
assessment of the strength of the contingencies.

For the direct estimate of the contingency we mesisthe distance of the mark a
participant placed on the line (see above) fromefeend labeled 'no-relationship’. The
mean for the low-skew data set was 69.4 mm andah#be high-skew data set was 86.1
mm. The data set with the higher skew was thusgddg have stronger contingency than
that with the low skewR[1,95]=11.73MSE=1138,p=.001).

For the indirect measure of perceived contingame\subtracted the probabilities
that participants provided for a criterion valuees one predictor value from the
probability provided for the same criterion valueen the other predictor value. Note
that the actual value was positive but estimateddoesult in a negative value. The mean
values were .21 for the low-skew data set (theamnthe left of Table 2) and .28 for the
high-skew data set indicating, again, that theiogency of the data set with high skew

was perceived as stronger than that with 16y ,05]=5.84 MSE=.041,p=.018).
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Choice. This measure indicates which data set a partitipaeferred for phase 3 -
the subsequent draw-and-predict session of ant#hdrials. A choice was scored -1 if
the participant chose the low-skew data set andl the high-skew data set was chosen.
Thus, the deviation of the overall mean from zetidates which side was preferred. The
mean value of +.302 reflects the fact that mostiggpants (fully .651 of them) preferred
to make further predictions with the high-skew dsgt- a highly significant difference
(t[95]=4.20,p<.001).

Prediction Behavior. We now turn to an analysis of the actual predidimade
by the participants. The question of interest liekhether participants' predictions were
contingent on predictor values, or simply reflecteel more frequent value of the
criterion. To that end a new measure, ‘contingars®/; was derived, for every
participant in each data set. We tabulated thaufrqgy with which every participant
predicted either color given either box type, ahehtified the diagonakéd or b+c) and
the column &+c or b+d) that had a higher frequency of predictions. Bgrdints were
then characterized as contingency-users (and a&skayscore of +1) if the frequency of
predictions in the common diagonal was higher thanfrequency in the common
margin. Participants were characterized as margansu(and assigned a score of -1) if
their predictions fell more often in the more conmuolumn than in the more common
diagonal. Participants received a score of O ifrtiege common diagonal and the more
common column were equal in frequency.

Pre-Choice Predictions: There was no differenddenutilization of the
contingency for the two data sets during the flestyning, phase. The mean score for the

low-skew data set was .02 and that for the highwslk&ta set was -.04€1).
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Nevertheless, when inspecting only the last temdswof the learning phase for each data
set a difference in contingency-use does emergemdan score for the low-skew data
set was .073 and that for the high-skew data set-wW&5. This marginally significant
difference F=[1,95]=3.81 MSE=.546,p=.054) does indicate that towards the end of the
learning phase participants started to pick ugdtfference in the source of the ExpPA in
the two data sets and used that source for thedigirons.

Post-Choice Predictions: The same measure of fagemicy-use' was used to
characterize predictions in the last, post-chgitase of the study. Here every participant
had a score only for the data set that had beesechdhe mean score for the low-skew
data set was .552 whereas that for the high-skesvsdd was -.134+(1,94]=11.06,
MSE=.86,p=.001). These values indicate that participants eluse the low-skew data
set must have done so because they judged itsxgenty to be useful while those who
chose the high-skew data set must have done sogdeetizey noticed either the utility in
the skew or the utility in the contingency with tleght advantage of the margin over the
diagonal translating into a slight preference feing the former over the latter.

Prevalence of Maximizing Behavior: In discussimgdiction behavior we have
characterized participants as "contingency usarsthargin users”, based on their more
prevalent pattern of predictions. Obviously, thédity of this characterization depends
on the extremity of that pattern: The less extréimeepattern, the less justification we
would have for using it to label people's behawdost of the literature involving
choices in probabilistic environments (for reviese®, for example, Estes, 1976; Vulkan,
2000) failed to observe maximizing behavior. Hamegontrast, an analysis of the number

of cases (out of the ten in the post-choice praafidask) in which participants' choices



Expected Prediction Accuracy - ExpPA 15

fell within their characteristic pattern revealde taverage number to be 9.15: Fully 46 of
the 96 participants (.48) had all their 10 predicsi either fall in one diagonal or in one
column. Another 26 (.27) had 9 such cases, witadatitional 18 (.19) having 8 such
items. Obviously, and in contrast to what couldelkpected on the basis of earlier

findings, our participants exhibited highly consist, maximizing behavior.

Discussion

Experiment 1 revealed an overwhelming preferencéhe high-skew data set
and a perception of the contingency in the highas#tata set as stronger. This preference
cannot be explained by the strength of the contingén the data set - which was equal
in both. The effect can be explained by the difiesein ExpPA between the two data
sets.

The way participants utilized the regularitieghe data sets indicates that they
were sensitive not only to the difference in ExpiA also to the difference in its source:
The tendency to use the contingency for differépiiadictions was greater with the data
set in which the contingency was useful but lowghwthe data set in which slightly
greater accuracy could be achieved by relying ersk®ew in the margins. In doing so
participants optimized their prediction behavior.

Note that the skew in the distribution of criteriealues can determine ExpPA in
two ways: First it can determine its source, nam@lyether the margin or the diagonal.
Second, even when the source is the diagonal rdpogion of cases in the diagonal
determine ExpPA's level such that two contingencofesqual strength can have a

different proportion of cases in the common diaddeace differ in their ExpPA.
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Experiment 1 tested participants’ sensitivity ® lgvel of ExpPA in data sets that
differed in ExpPA's source. We now turned to asletivar participants would be
sensitive to differences in ExpPA even when ithvgags determined by the more
common diagonal. Would their tendency to use infdiom about the predictor value for
prediction correspond to the strength of contingdretween predictor and outcome or to
ExpPA, namely, to the proportion of cases in thevplent diagonal? To that end, four
versions of the task were employed, such that shaled the strength of its contingency
with one other and the skew with another. In nont® versions was the proportion of
cases in the more common margin higher than thgoption of cases in the more

common diagonal.

Experiment 2

In this experiment participants played a game lictv a forest scene was
gradually revealed while they had to predict wigaetof animal would be found hiding
there. There were two different scenes and twefit animals - a hamster and a frog.
Participants were rewarded for correct predictiotiee higher the faster they responded -
and fined for incorrect predictions - again higtres faster they responded. Unlike
Experiment 1, in which participants could not avodaticing the value of the predictor, in
Experiment 2 participants could forgo the predicliar optimize their rewards
participants had to assess their chances of cqredictions with and without the

predictor value and decide whether or not to waitliat value to be revealed.
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Method
Design. Table 3 presents the likelihood of each combamatif predictor and

criterion values for the four versions of the game:

A Animall Animal2 B Animall Animal2

Sceneryl .42 .28 .70 Sceneryl 55 15 .70

Scenery2 | 08 .22 30 A,=.3 Scenery2 |15 15 30 4,=3
.50 .50 .70 .30

Expected accuracy: Expected accuracy:

From contingency .64 From contingency .70

From skew .50 From skew .70

C Animall Animal2 D Animall Animal2

Sceneryl | 46 24 .70 Sceneryl .60 10 .70

Scenery2 04 .26 30 4,=.6 Scenery2 .10 .20 30 A~=.6
.50 .50 .70 .30

Expected accuracy: Expected accuracy

From contingency .72 From contingency .80

From skew .50 From skew .70

Table 3.The Frequencies of the Two Animals in the Two Sceneries Separatdly for the

Four Versions of the Game of Experiment 2
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The pairs of versions A - B and C - D have the sape(.3 and .6, respectively)
but a different marginal distribution of criteriealues; the pairs of versions A - C and B
- D share the marginal distribution but have défarAp. The resulting four versions all
differ in ExpPA even though there are only two lev& Ap. ExpPA, here the proportion
of cases in the more common diagonal, was .64,720and .80 for versions A, B, C,
and D, respectively.

Importantly, the versions differ in the usefulne$she contingency: The
difference between the probability of making cory@edictions when making
contingency-based differential predictions (namabing only the more common
diagonal) compared to the expected prediction aogywwhen using only the more
common margin. In version A the expected accuracyffedictions based on the
diagonal is .64 and that for predictions basedchemtargin is .50, with the contribution
of the contingency equal to .14. In version B tkpexted accuracy for predictions based
on the diagonal is .70 and that for predictionsedasn the margin is also .70, with the
contribution of the contingency equal to zero. émsion C the expected accuracy for
predictions based on the diagonal is .72 and thrgtredictions based on the margin is
.50, with the contribution of the contingency equmal22. In version D the expected
accuracy for predictions based on the diagon&(dsand that for predictions based on the
margin is .70, with the contribution of the contmgy equal to .10.

Materials and Procedure. The whole session was computer controlled and
administered individually in a quiet room. The mstions, presented as text on the
computer monitor, depicted the situation as onelinrg a bird of prey preparing to

swoop down and capture either a hamster or a Ragicipants' task was to prepare, on
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each trial, for one type of animal. Points gainedi@st; depending on whether they did
or did not prepare for the right animal on thaljrdepended on the time elapsed since
the onset of the trial, and was indicated by a tdowmn timer. Participants were also told
that on any given trial they would be operatingine of two sceneries, but that the
picture of that scenery would be hidden behindrgaguat the onset of the trial,
becoming visible only as the curtain came downalynit was explicitly stated that
waiting for the scenery to be exposed could, bditndit necessarily, improve the
accuracy of their predictions, and that they wélaneed, but not required to wait for it to
be exposed. It was made clear that waiting foipibire to be exposed would result in a
lower value on the countdown timer. Immediate femttowas provided after each
response. The prediction session lasted for 15tesndime left until the end of the
session, was indicated by a bar and a numericagispl

The countdown timer was presented at the togtefier of the monitor, with its
initial value set at 20. At the center of the monthere was a picture of one of two
sceneries, covered by a curtain. That picture cseitde as a predictor if the participant
waited long enough for the curtain to come dowiigently for the scenery to be
uniquely identified. The curtain started to comevd@.5 s after trial onset, making an
increasing part of the screen visible, and tookuaBdb seconds to come fully down.
After 2.7 s the curtain was already low enougftlierrevealed scenery to be uniquely
identified. The display was in view until the paipiant indicated his or her prediction (by
clicking either on the picture of a hamster or loat tof a frog, located at the bottom of the
monitor), or until the countdown timer reached high took about 4 seconds to happen).

In either case, the participant was informed ofdhierion value, that is whether the
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animal was a hamster of a frog, on every trial. ofirtter displaying the total number of
points accumulated until then was updated by addirsybtracting the number of points
left on the countdown timer at the time of resporfiges next trial started automatically
after 4 seconds. A session lasted 15 minutes;ttieusumber of trials in a session varied,
depending on the speed with which the participagponded.

At the end of the session the participant wasidédat, and paid in
correspondence with the points that had been adeteau

Participants. A total of 74 students at the University of Helmkrg participated in
the experiment for pay. They were randomly assidoexhe of the four conditions. One

participant had to be removed because he hardly mag predictions.

Results and Discussion

The first measure for evaluating participants'asédr in this task is the percent of
correct predictions attained in the four versidviean correct predictions were .495,
.605, .609, and .686 for versions A, B, C, andd3pectively. As such, they better
correspond to the level of ExpPA of these versionkich was .64, .70, .72, and .80,
than to the strength of the contingencies whichew@y .3, .6, and .6 (for versions A, B,
C, and D, respectively). The correlation - acraagigpipants - between correct
predictions and ExpPA is .601 whereas that betweerect predictions and the strength
of the contingency is .430. Although both corr@las are pretty strong, the difference
between them is significan{7{0]=2.11,p=.038), indicating, once again, that the strength
of a contingency does not capture people's preditctehavior in that environment, as

well as ExpPA.
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An analysis of variance on participants' accur@ey, the proportion of correct
predictions) with the strength of the contingenng ¢he skew as between-participants
variables shows that both effects were significk(i;69)=22.00MSE=.008,p<.001, for
the strength of the contingency ard.,69)=20.57M3E=.008,p<.001, for the skew in
the margins. The two factors did not significantieract £<1).

Recall that a major issue of Experiment 2 is ttieation of the contingency,
namely, the extent to which participants deemedtstly predictor worth waiting for.
This could be tested since the four versions ofjgnae differed in the usefulness of their
contingencies over the likelihood of making cormedictions without it. A second
measure of participants' behavior is thereforedébgree to which the contingency was
used for prediction. To that end, every predicaguarticipant made was classified as
either based on the predictor - the scene - orTiios. was determined by the speed of
predictions: predictions that were made in lesa & s from trial onset (i.e., in less than
2.7 s from the time the curtain started to comergowvthe time required for the scenery
to be uniquely identifiable - were classified asgictions made without the value of the
predictor whereas predictions that took longer &kkenwere classified as predictions
made with the predictor value available. The praparof trials on which participants
waited long enough for the predictor to be revealad .393, .225, .540, and .395 for
versions A, B, C, and D, respectively. These valndigate high sensitivity to the
strength of the contingency - more waiting to $eegredictor value in C than in A and
more waiting in D than in B. They also indicatethgensitivity to the skew in the
distribution of the criterion - less waiting in Ban in A and less waiting in D than in C.

Both main effects were significari(1,69)=5.05MSE=.09.p=.028, for the strength of
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the contingency anB(1,69)=4.92MSE=.09, p=.030, for the skew in the margins. The
two factors did not significantly interadé€1). Importantly, the strength of the
contingency alone cannot fully account for the gratiof results.

Another way to appreciate the pattern of waitiogthe predictor in the four
versions is to compare it to the pattern of thetrdloution, to expected accuracy, of the
contingency over the marginal distribution (seeva)oThe values of .393, .225, .540,
and .395 indeed correspond to .14, .00, .22, Hhdor versions A, B, C, and D,
respectively.

These results show that participants were hightgisige to regularities in the
environment in which they were operating, takinig iaccount both skew and
contingency to optimize their performance. In otwerds, the measure of ExpPA

captures their prediction behavior very well.

General Discussion

Regularities in the environment are detected fouose: For choosing between
actions in view of their outcomes and for predigtoutcomes when their antecedents are
given. Still, the focus of the majority of studigsaling with the detection of regularities
is the way they are judged. Here we studied thectien of regularities from a different
angle, that of their utilization for prediction. Vdegued that, viewed from this angle, a
new measure for appreciating regularities is resglifThe measure proposed - the
expected prediction accuracy (ExpPA) - denotediktb&éhood of correctly predicting
future events when the regularity in the environmgemaximally utilized. When the

probabilities of all outcomes are equal and uneelab the antecedents, ExpPA equals
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zero. But if the distribution of outcomes is unedoa any of the antecedents then
predicting the more likely outcome given that aptint can raise the likelihood of
correct predictions over chance. Importantly, ewsden the distribution of outcomes is
unequal given their antecedents the inequalityhzas@ two possible relations to the
antecedents: One outcome could be more likely ghrenantecedent and another more
likely given another (and then we would say that¢hs a useful contingency between
antecedents and outcomes) or the same outcome lwoutdre likely for all antecedents.
In the first case differential predictions wouldseathe likelihood of correct predictions
whereas in the second, the highest prediction acgwould be achieved by always
predicting the more likely outcome, whether or tin@ outcomes are contingent on the
antecedents. The two experiments reported heremrte participants' sensitivity to
these aspects of the usefulness of regularity.ekperiments thus show that participants'
behavior in utilizing the regularity for predicti@md in assessing its strength is more
closely related to ExpPA than to conventional messof the strength of a contingency.
In the first experiment participants learned, wipledicting for a reward, the
characteristics of two data sets. The statistizahgth of the contingency was the same
in the two sets but their ExpPA was different. Maver, for one data set maximal
prediction accuracy could be achieved by usingtirgingency to make differential
predictions, whereas for the other it could be eabd by unconditional prediction of the
more common outcome. Participants' behavior indatéthat they were sensitive to the
level of ExpPA and to its source: The data set withhigher ExpPA was
overwhelmingly preferred to be used in a seconderhagghly rewarding, task.

Furthermore, during the final stages of learningd amore so in the subsequent, post-
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choice prediction task, participants' predictiohdaor closely corresponded to the
source of ExpPA: Predictions were predictor-depan(ee., differential) for the first

data set and undifferentiated (i.e., overall fregpyedependent) for the second. This
sensitivity to the source of ExpPA in predictionsayzarticularly interesting given that
participants judged the contingency in the secat@s stronger. This dissociation
between the objective strength of the contingeitsytilization, and evaluation attests to
the complex ways in which ExpPA affects behaviat ardicates that the assessment and
utilization of regularities represent distinct asigeof behavior.

The second experiment tested a straightforwardi¢atmpn of our reasoning,
namely, that when obtaining a predictor value stlgppeople would be sensitive to its
contribution to prediction accuracy and be mordimglto forgo that value the lower its
contribution. In this experiment, participants agaiade predictions for a reward but this
time the predictor was not immediately availabégjuiring time for it to be revealed.
Analyses of participants' behavior show that thetcuracy was related to ExpPA and that
the level by which they utilized the predictor vaduclosely reflected the relative
usefulness of the predictors: The lesser its ytitiie more likely they were to forgo its
value and respond before it was exposed. That teydarther supports our contention
that people are sensitive not only to the strenftiegularities but can also compare the
two sources - skew or contingency - and judge wdraiking a costly predictor for
improving prediction accuracy is worth their while.

To recapitulate, the measure of ExpPA differs ftbemmore common measure of
contingency,Ap, in two ways. First, when the distribution of carnee events is skewed

to the extent that always predicting the more comredue would maximize prediction
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accuracy, the new measure, ExpPA, assumes the ofale likelihood of the more
common value, namely, the proportion of cases@mtiore common column of the 2x2
table relating the joint frequencies of antecedsm®ints and outcome events. Second,
when one outcome event is more likely given one@dent event and another outcome
more likely given another antecedent, ExpPA assuhebkelihood of correctly
predicting the outcome when making differentialdicgons - one outcome for one
antecedent and another for the other. In both dagethe likelihood of making correct
predictions when utilizing the regularity in theveonment to the maximum.

The first aspect, focusing on the skew in the itistion of different outcomes,
may bring to mind another effect of skew that hasrbstudied extensively, the outcome
density effect (e.g., Cheng, 1997; Dickinson, efl8B4; Wasserman, Elek, Chatlosh, &
Baker, 1993). In a variety of studies participgatged the power of an antecedent - that
was either provided to them or which they coulashrabout - in causing an outcome.
Common to all these studies was the finding thagmwtimne overall prevalence of the
outcome was high participants judged the causakpaoivthe antecedent to be higher
than when its prevalence was low, for objectivelgntical contingency strength. The
effect of outcome density was highly pronouncedcéee objectively unrelated events.
The effect received various explanations, somebraged (e.g., Cheng, 1997; White,
2003) and others association based (e.g., appisatf the Rescorla-Wagner, 1972, or
Pearce's, 1987, associative learning model) but mbthem focused on the utility of the
density for predictions. We suggest that, the iaseel likelihood of correctly predicting
the occurrence of the outcome - resulting fromiticeease in outcome density - may

have infiltrated participants' judgment of causafas it did in participants' assessment of
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the strength of the contingency in this paper'sdfxpent 1) and was mistaken for a
stronger causal power. As such, the notion of pteni accuracy could provide an
additional explanation of the outcome density dffec

The second aspect by which the measure of ExpRérslifrom the more
common measures of contingency is that even whendhtingency is useful, such that
the likelihood of making correct predictions is @er when differential predictions are
made for different antecedent events, it correspdodhe proportion of cases in the more
common diagonal and not to the difference betweewlitional probabilities. The four
versions of the task used in Experiment 2 dematesthés difference: There are only two
values of Ap but four values of the proportion in the diagoo@lresponding to ExpPA.
In its focus on the diagonals rather thanAm this second aspect is reminiscent of
White's measure - PCI - that corresponds to tHerdifice in the proportion of cases in
the two diagonals (White, 2003). Indeed, the resofitExperiment 2 cannot distinguish
between PCI and ExpPA since the proportion of castee common diagonal is linearly
related to the proportional difference betweendiagionals. At the same time, the
measure of PCI cannot explain the results of Expent 1, where the two data sets had
the sameAp and the same PCI. The two data sets there dier diff ExpPA and
participants' behavior corresponded to that difieee

We contend that ExpPA offers insights for underditagy how regularities are
detected and used. We further recommend that fstudkes concerned with the
detection of regularities focus on the utilizatmfiregularity and be sensitive to the

distinction between using regularities for choicday prediction.
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