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Abstract

This paper presents and tests a new learning model of bolyndgtbnal players interacting with
nature. According to the model, players look back on theohysbf choices made by nature and
search for patterns. After updating their beliefs aboutlikelihood of the reappearance of each
pattern, the players choose the best response to more plttigrns. A probabilistic decision rule
governs the tendency of the players to choose (or not to ef)amestain actions, along with the
influence of the payoff for each action. The parameters ofrtbdel are estimated using data from a
new experiment, and the model is compared with other egisiarning models.

1. Introduction

The study of individual decision making, strategic behgvamd learning in games has advanced
significantly in the last two decades, in part as a result efititreasing use of the experimental
approach. This approach enabled the use of decision maktagluat is not confounded with other
factors. As soon as the experimental data revealed thahastiplayers do not play in accordance
with the traditional theories (such as expected utility maxation or Nash equilibrium), learning
models with the assumption of bounded rationality were psed. These models apply earlier
psychological theories [9], use some economic princifes3, 21] or combine the two approaches
[3,23,26].

In this paper we present a new behavioral learning models Trtadel describes the ability of
individuals to recognize patterns in someone else’s behavid use this ability as a "learning tech-
nique” for predicting the other person’s future outcomelisTechnique is evaluated and tested in
an environment where individuals need to guess future ougsahat are exogenous to the individ-
uals own decision. We allow players to search for determinatterns when their opponent does
not play strategically . Assume two players play "matchimgmes” several times. Also assume
that one of the players makes her choices by using some kiadaftern by choosing "heads” in
even periods and "tails” in odd ones (choosing "heads” fedld by "tails”, followed by "heads”
again and so on). It is reasonable to assume that the oth@rplal recognize the alternating pat-
tern at some point in time, and take advantage. Using thaifearules above, her opponent might
never recognize the patterh.

The study of the way people learn to predict future outcoraed interest at both the individual
and the aggregate levels. Itis relevant in particular wherotitcome is a realization of an aggregate
variable, although the individual is assumed not to haveHtilgy to influence the outcome. A good
example is the performance of asset markets. Although tiggesinvestor has no influence on the
future performance of these markets, future prices areeinfied by the sum of all individuals’
investment decisions. By characterizing individuals’ &gbr according to their learning methods
and ability, an observer may be able to use these predidiioimsecast outcomes in those markets.
It is argued [2, 15, 16] that traders’ sentiments are impuriia predicting future price changes in

1 This does not mean that the model presented is not appprigredict the learning process of individuals that play
against strategic players. We did not test our model in &g, and therefore cannot say much about it empirically.
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asset markets. So knowing how traders form their beliefardegg the future performance of asset
markets can help us to predict the future performance oétheskets.

We present two versions of a probabilistic model (one verssoa two-parameter model and
the other is a four-parameter model) that uses this apprmaektimate human players’ decisions.
Players use historical observations to recognize pattefiiey do so because they believe that
this is the only way to guess future behavior. The human p&y®wever, do not have unlimited
processing and memory abilities. Therefore, the searcthéopattern is limited to those processing
and memory abilities that lie within individuals’ capabés. A difference in cognition is allowed
when recognizing patterns that occurred in the distantugetise recent past, and there may be
different reactions for long patterns versus short ones.

The model allows the payoff matrix to influence an individeig@hoices. Intuitively, if a change
in the payoff matrix changes the player’s decision, it wortdtradict the argument that the player
looks for patterns in nature’s behavior. The process ofepattecognition, at least in principle,
should not be affected by the payoff associated with diffeeetions. In fact, it is not necessarily a
contradiction to the existence of a pattern recognitiorcgss. It means that the process is subject
to distortion. The payoff matrix determines the playersidency towards a certain action, but not
their beliefs about nature’s choices (In other words, the tertain the player is about the probability
distribution of nature’s future choices, the more the ptagenfluenced by the reward of choosing
each action and achieving a match, and vice versa).

Indeed, a player may believe her opponent uses a patterhavioe, even if her opponent actually
does not do so. Margolis [19] also argues that individuategeize patterns even when patterns do
not exist. Sonsino [26] presents a study in which playerg pteategically most of the time, but
may recognize patterns in their opponents’ strategies tioma to time. When this happens, they
abandon their strategic behavior and best respond to themmze in the pattern as they remember
it, the one they believe will occur according to the patteltnrshould be mentioned, that Sonsino
does not present a model of pattern recognition in whichviddals recognize patterns as a way of
learning. In his model, the recognition of a certain pat@rours only every now and then, and the
best response to a realized pattern ends up with the imnadaliadk of the pattern and a return to
strategic behavior.

Although the use of pattern recognition as a learning meikiadt common in economic theory, it
is widely used in other disciplines such as computer scidriotogy, statistics and psychology [14].
In biology, researchers use pattern recognition methagiénce analysis) to locate types of genes
from a long protein sequence. In computer science, modefmtérn recognition are used for
speech recognition (telephone directory enquiry withawnan assistance) or image processing
(learning to recognize a fingerprint or a face image for sgcpurposes. See [6] as an example
and [8] for review). Statistical models such as Neural Neksaise pattern recognition for several
purposes, including data mining (see [4] for a review on akoetworks).

But this implementation of pattern recognition has its iorigg human behavior. In their survey
on statistical pattern recognition, Jain et al [14] argust fithe best pattern recognizers in most
instances are humans.” They also mention previous findimaspattern recognition is critical in
most human decision making tasks. Margolis [19] arguest tladtern recognition is central to
thinking is a familiar idea. Everyone who writes on these taratdiscusses - in some way or
another - patterns for the most elaborate computerizedacterrecognizer cannot yet match a
bright six-year-old in recognizing letters of the alphatvetn many different fonts.”

But rare uses of pattern recognition do exist in economiortheAn example is Rotheli [22],
who argues that people use pattern recognition when trginmeéss future events. He uses pattern
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recognition as an updating rule in a learning model thaigassprobabilities to each future event.
Rotheli’'s work is similar to the model presented in this @aim that he uses a decision problem of
an individual that is facing nature rather than human opptmeThere are, however, two crucial
differences between Rotheli's model and ours: the firshésfact that the individual uses all in-
formation regarding nature’s previous moves to update dkefs regarding nature’s future moves.
In our model, the individual can decide whether to use aenéces of information or not. The
second difference is in the structure of Rotheli’'s modetannot be used if nature generates more
than two outcomes.

When playing against nature, the assumptions made by tharmptayer should be different than
in a game or strategic interaction. First, since nature dotdave a payoff function and cannot
enjoy the consequences of the actions it takes, the humgergias no reason to believe that nature
will make an attempt to break a pattern once a pattern is eted@Vhen interacting with nature,
the human player is more likely to think that her belief wasoimect all along if a hypothesized
pattern is broken rather than that the pattern she facesustishanged by a strategic individual.
Second, if nature is not human, the only reasonable way toehitsloutcomes is by the history
of its performance. Third, by assuming that nature’s movesralependent of the human player’s
actions, the alternative to thinking that a pattern exist®iassume that the behavior of nature is
such that no order can be found.

In Section 2 we present the two-parameter version of thenilegmmodel. We begin with the
learning rule, and continue with the decision rule. In SeTiB8 we present the four-parameter
version. In Section 4 we describe the experiment and thegédleering. The results are presented
in Section 5 and a summary in Section 6.

2. The Two-Parameter Model
2.1 Overview
When playing repeatedly against nature, the player firstmles nature’s recent moves and pro-
cesses them as patterns. The player encodes the last movea#iera consistent with nature’s
behavior, the last two moves as a different pattern, thdhase moves as a different pattern and so
on. Next, the player reviews all previous moves made by edtufind other occurrences of these
recent patterns. Then, a process of belief formation ocdumsee criteria affect the process:

(a) the more a pattern occurs in the past, the more weighbwitlssigned to it,

(b) the timing of the occurrence of the pattern in the pastdrasffect on the belief formation
(primacy and recency effects),

(c) the longer the pattern, the more weight will be assigoat provided that it appeared at least
once in the past.

Beliefs about the next move of nature are formed accordinghiat was nature’s choice right after
the realized pattern occurred in the past. If, for example pattern corresponds to the three most
recent outcomes and was observed in the past, then if therjglaybjective is to match nature’s
move, the action that will be chosen by the player for the pextod will be the action taken by
nature in the period that followed the pattern detectedénpst. Since a pattern can appear in the
past more than once, and in each time the following actionentigohature could be different, the
player tends to choose the action with the greatest liketiraccording to her beliefs.

It should be mentioned, that there is no belief accumulaitothis model. In each period, the
player uses only the relevant patterns, and abandons afiftirenation gathered in the last period.
Rotheli's model specifies a counter that is updated in eperjod. This is not the case here. If a
player correctly guesses nature’s choice in a certain getti@n the same pattern will be used again
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for the next period. The player will now observe a longergratt and will therefore assign more
weight to it. If the player’s choice turned out to be the wramg, then there is no reason to use this
false pattern again.

2.2 The learning rule
Lett be a period of plays; be an action of the stage game at any given tinveheres; € .S (in our
case:S = {1,2,3}) andé be the number of elements i j € {1, ..., J} index is a pattern and,,
denotes the length of pattejn: denotes individualg; is nature’s choice at timeandr is another
index of time ( < 7 < t). For example, if the action spaceds= 1,2,3 and nature’s choices in
timet = 5,6,7, werexs = 1,76 = 3 andzy = 2, thenj = 1,2,3 andn; = 3.

Next, we define an indicator variable for every pattgmith a lengthn;. This variable recognizes
the pattern as it ends at timgand the same pattern in the past, ending at titme

in | B | P ) I SR |
Iy t—m;i+1; s Lt T—ni+1s s L1 J
Dz _{ 0 otherwise ’ } ()

Then, we defln@/ "7 as the action generated by nature after patjesith lengthn; occurred in
the past and ended at time These variables, along with the parameters of the modeldimed
below) form the weight that playerassigns to each € S attimet + 1,W;, . ;:

t—1 t—1

zt+1 - Z Z D] o T-‘rl 72) _T(éi)nj (2)

n;=17=1

WhereC? | is a dummy variable such that:

s )1 ifyi-tjl—s ©)
T+l 0 otherwise

This weight is cumulative over experience. The valuélgt , , is intrinsically meaningless but is
used for the formation of the beliefs. Unlike other modéiss talue is not accumulated over time.
Instead, the process of belief formation restarts everpgégnotice thatV;?, ., is not a function of
W, althoughW;, ., is formed on the basis of the history of nature’s actions)e dhly change
from one period to the other is the additional informatiocefé by the player. This new information
is a result of a longer history after each consecutive round.

The parameters andd measure the importance of the location of the pattern in #s and the
importance of its length, respectively. For this reasoly thiee called the recency and the length
parameters. If the influence of an appearance of a patterimd¢harred in the past is stronger than
the influence of an appearance of the same pattern that edaeeently, thery > 1. If the opposite
is true, therD < v < 1. The length parameter has a different meaning, since pattee weighted
cumulatively. So the higheb is, the bigger the additional influence of longer patterns is

It is worth mentioning, that as presented, this learning nan be consistent with several occur-
rences of the same pattern in the past, followed by diffeneoves. By usingy andé the player
uses time and length of occurrence as hierarchies to squatterns in a certain order when forming

2 Take, for instance, the pattefn= 1, 2, 3. This pattern will be weighted 3 times: once as the patjetn3, once as
the patterry = 2, 3 and once as the pattejn= 1, 2, 3.
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beliefs. In this way the player can still form beliefs wheredtern occurs twice in the past, followed
by different moves of nature each time.

As an example, consider a case where nature can generateitvcones:1 and2. Also assume
that a single player has ended nine rounds playing agaimgtenaThe history profile of nature’s
outcomes is1,2,2,1,2,1,1,2,1. In order to decide what nature will generate in round 10 plger
first observes the smallest pattern that ends in round 9. pittisrn would bg = 1, with a length
n1 = L. Notice thatDg; = 1, because the same pattern in time= t — 2 is also 1. Since the
action chosen by nature ait= 7 + 1 is '2’, then 082 = 1. Having all dummies with the value '1’,
the weight ofs = 2, or wa, starts to be formed.

But the patterrj = 1 also appeared in = t — 3, and was followed by = 1. Having Dj' = 1

andC? = 1, the weight ofs = 1, or Wil,w, also starts to be formed. The same happens fer4
andr = 1.

The parametety determines what location in the past has the most influefide<ly < 1, then
a recognized repetition close to= ¢ will contribute the most and a recognized repetition clase t
7 = 1 will contribute the least. The opposite is trueyift> 1. The contribution of all recognized
repetitions is the sameif = 1. The interpretation ofy close to one is that the contribution of the
past to the weight placed on each action is the same regamfidhe time in the past the pattern
appears. It means that the more frequently the pattern Wasvém by a certain outcome in the
past, the stronger the belief in the occurrence of that ooécoFor this reason, the parameteis
called 'the Recency parameter’. It determines whetherntiidual is consistent with 'the law of
primacy’ (y > 1) or 'the law of Recency’{ < v < 1).3
2.3 The decision rule
The decision rule for the two-parameter model is fairly dem@and uses only the payoff schedule

as a source of 'external’ influence on the human playerst, s beliefs of playet are calculated
by normalizing the weight assigned to each patté¥i, , ;:

Ws
Bi = o @)
E I/Vz',t+1
§
Then, the expected payoffs are calculated, given thesefteli
ﬁ-zt-‘rl = E(”ZHl‘thH) = Z(W;,t+l|xt+1szis7t+l) (5)
s

wherer?, ., is individuali's payoff from matching outcomein time ¢ + 1. The expected payoffs
are then normalized to form the probability assigned bwviddial : for each outcome:
ﬁ-it+1
Pl = oo ©)
> T 1
g

It should be noted, that the value @f, ., by itself is not enough to predict individuék choice.
Itis the value of 7}, relative to all other values ofr}, ; (wheres is all elements in S that are
not s) that should be used for the prediction. We incorporateisisise by normalizing the expected
payoffs (in equation 6).

3 Lund [18] was the first to discover the existence of theseslé&ee also [10,11,12,20,27].
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3. The Four-Parameter Model

Both the two-parameter and four-parameter models haveathe gearning rule. They differ only in
the decision rule. By adding two parameters, we create aideciule that captures more than the
influence of the payoff schedule. In fact, the proposed detislle captures all other information
that influences the human player, including influence on tieeanscious, the kind of information
that the player is not aware of or that seems irrelevant tdtermood, for instance, or any other
tendencies like one of the possible actions being the ptalgerky number etc.).

The decision rule used by Cheung & Friedman (see [5], hernite@&F) serves as an inspiration
for the proposed decision rule in the four-parameter modibkir decision rule was based on the
differences in expected payoffs between different actigngen the beliefs formed by the player.
This difference in payoffs is then transformed using a cating distribution function (CDF). The
CDF contains two parameters,and3. The first controls for tendencies of the player towards (or
away from) a certain action, and the second controls forrifiaeince of the difference in payoffs

between the actiorfs.

In our four-parameter model, the beliefs and expected fegoé first calculated using the weights
W41, in the same way described in equations 4 and 5. Then, a &mdti(z), ("the mapping
function”) is introduced and utilized for a mapping proctsst converts the expected payoffs into
probabilities that the individual assigns for the occucenf each outcome. This mapping function,

F(x), should have the following characteristics:
a<z<b and a<b (7)
Vo, me €5 11> 20 = Fluy) > Fgy
F(a):(), F(b):]_
The mapping is best described graphically in Fig. 1.
The expected payoffs are normalizetb fit into the domain of the mapping function. The prob-
abilities assigned by the individual for the occurrence afreoutcome appear on the range of the
mapping function. A suitable mapping function is a functigith parameters that have influence

on the results (i.e., the probabilities assigned by theviddal for the occurrence of each outcome).
For our analysis, we utilized the Beta cumulative distifmutfunction:

F(z|a, B) = ﬁ /ta_l(l — 1) dt (8)

0

whereB(«, ) is the 'Beta function’ with the following formula:

1

/t“ll—tﬁldt

0

4 Namely: P(as+ = 1|Fit; aq, i) = F(as + Bitit) Wheref;, is the difference in expected payoffs. Note that this rule
cannot be applied when at least one player faces more thasttategies. Furthermore, even if this setback could be
somehow modified, the modified version of the rule involveagisnore than three parameters.

5In caseb — a # Zﬁftﬂ (where the domain of the mapping function is betweeandb), then a normalization

should be made to fit the expected payoffs into the domama)lfrthpplng function. See Fig. 1 for clarifications. The

AT b—a
zszﬁf,hq ( )

normalization process will then be in the following wayz 1 =
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F(x) 1
0.9 1
0.8 1
0.7 1
0.6
0.5 1
0.41 P2
0.3 1
0.2 1
0.1

0

P®3)

Pty 7Cé+ Tt TCt+1
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
X

Fig.1: An example of the mapping process of the two-parameter idecisle (applied in the four-parameter version)
with « = 8 = 2. The normalized expected payoffs are sorted on the X axisthenBeta distribution function F(x) maps
the expected payoffs into probabilities on the Y axis.

anda, 8 are the parameters of the model, as explained below. Nat¢hendunction satisfies the
conditions set by equations 7. Now, it is possible to fit theeeted payoffs to the range of the Beta
CDF in order to map the probabilities for each choice. Fot, e expected payoffs of individual
1 are normalized:

- T i1
ﬂ-is,t-l-l = Zi A 9)
ZS: T t+1

Now, the probability assigned by individuabf choosing each strategy can be calculated using
F(z) in the following way:

P‘l,t—i-l = F(ﬁz'l,tﬂ) (10)

)

2 el ~9 1
Pi,t—i—l = F(Wi,t+1 + 7Tz’,t+1) - Pi,t—i—l

P‘?,’t—i-l =1- [Pil,t+1 + Piz,t+J

)

The structure of the Beta CDF and the normalizatiomf, ; ensure the existence of:

0<P, <1 Vseld 11
and

ZPS=1
S

The parametera and g of the Beta CDF serve as parameters, and along yvidhd form the
four parameters of the model. The role®fand 5 is the same as in C&F. The change is in the
structure. C&F use the parameteto measure the tendency of the player to choose strategyll, an
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the parametep to measure the importance the player assigns to the difesebetween payoffs.
Here, these elements will be determined by the mixture ofilieparameters. For instance, when
a = § =1, the probabilities will be determined only by the differesdn payoffs, with the same
ratio of probabilities as the ratio of differences, i.e.rth&s no influence of a decision rule in this
case. Whemx = § = 1, the Beta CDF represents a uniform distribution. The cagheotiniform
distribution is equivalent ta. = 0, § = 1 in C&F. In our model, a case of = 5 >> 1 is equivalent

to a higha for the mid strategy (say, strategy 2 in the case of threeegiies, or strategy 3 in the
case of five). If this is the case, then the player has a teydem@rds the strategy located in the
middle of the strategy space. A casecot= 3 anda, 3 sufficiently close to zero is equivalent to
high o’s for the first and the last strategies. The greater therdifiee between andg, the higher
the strategies with the higher tendency will be located doe versa. The strength assigned by the
player to the differences in payoffs (tlan C&F) is also determined by the difference between the
parametersy andg.

Fig. lillustrates the mapping process in a casg ef 3 anda = 5 = 2. The normalized expected
payoffs are ordered on the X axis, and the probability agsign each action is the mapping of the
normalized expected payoff on the Y axis using the Beta CDEtfan.

4. Experimental Design

The experiment was conducted at the computer laboratofyeoétonomics department of Emory
University. 45 subjects participated; all of them were ugdeduate students from several disci-
plines. Each subject was randomly assigned to a computeplayeld a game. The game consisted
of 200 rounds. In each round the computer generated a nusitier 1, 2 or 3. Each participant

was asked to guess the computer’s outcome in each rouncelmdserving the outcome. For every
correct match, the player received a payoff. No payoff wasrgifor a wrong choice. The game

lasted approximately 30 minutes, and the average paymentbd@ per participant, including a

$5 "show up” fee. The software used for this experiment waseExand all past choices of both

players (the human and the computer) appeared on the sardaeveae available to the subjects for

reference. The participants were informed that the compuais pre-programmed, and its choices
were independent of the participant’s choices (instrustiprovided to subjects are available from
the author upon request). None of the players could infludreeomputer’s outcomes.

Thirty out of 45 subjects were given a variation of a Markorese In each round, the probability
of facing each number (1, 2 or 3) was determined by the nungpaed in the previous round. All
30 subjects received the same sequence. The probabilitezgclhh number occurring are described
in Table 1. These 30 subjects were assigned to two treatp#eatsd B. The two treatments differed
by the payoff paid for a correct match.

Table 1: The Markov process that generates nature’s decisionsdaintients A and B.

Previous choice P(1) P(2) P(3)
1 20% 30% 50%
2 50% 20% 30%
3 50% 30% 20%

Table 2 describes the payoff for each treatment. The rengihb subjects were assigned to
treatment C. All subjects in treatment C faced a totally mandprocess of generating outcomes
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(from this point, the word random’ is used to describe thecs@l case of a Markov series with
equal probabilities for the occurrence of each action ofag)o Their payoff schedule was the same
as in treatment A.

Table 2: The payoff schedules of treatments A, B and C.

Treatment Guessing 1 correctly Guessing 2 correctly Guessj 3 correctly

AC 10¢ 10¢ 10¢
B 5¢ 10¢ 15¢

The difference between treatments A and B permits testirtgeoliypothesis that different payoff
schedules influence the players’ decision making. Sinceiihe difference between treatment A
and treatment B is the payoff schedule, one would expect $erob differences in parametets
and 8 among treatments. The learning parametersnd , however, are expected to have the
same values in both treatments. The reason for includirggnrent C is to have an additional,
different environment of the input generating processeidll, one might claim that the existence
of a Markov process is the reason the subjects made the alezitiey did. A test in different
environment can address such a claim.

5. Results

5.1 Overview of the data

Table 3 describes the number of times each subject choseaetich. Table 4 describes the number
of times all the players chose each action within blocks gbéfods.

In both Table 3 and Table 4 the aggregate choices are predarttee last row for all players and
for all rounds respectively. There is a difference in prefee of choices between games, especially
between game B and games A and C: action "1” was chosen moranreg)A and C (almost
identical), where action "3” was chosen more in game B.

A chi-square te§twas constructed to test the hypothesis that the distribsitad choices aggre-
gated over all participants within each treatment are theesacross treatments for each block sep-
arately (P values are available from the author upon request). Afiaducting three sets of tests
(for differences between treatments A and B, A and C, and BGusdparately), the findings for
the whole 200 rounds are that the distributions of choiceddferent at the 5% significance level
(which implies that subjects behaved differently in difier treatments). The difference between
treatments A and C is much lower, and the distributions ofeg®oare not significantly different at
the 1% significance level. The only logical explanation foe tifference between treatment B and
treatments A and C respectively is the difference in the fiaghedules. This means that the dif-
ference in the payoff schedule across treatments is themdasthe different behavior of subjects.

There is a difference in the distribution of choices betw&eatments A and B in 14 out of 20
blocks. The number of differences is even bigger betweernrents B and C: 18 out of 20 blocks
are significantly different. Finally, between treatmentard C, ten out of 20 blocks are significantly
different.

6 See [24], p. 493 for description.
7 The alternative hypothesis is that the aggregate choigasatl rounds in the two games are from different distribu-
tions.
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Table 3: Frequencies of choices for every player in each game (aggegver subjects). Note: for each treatment, a
different group of subjects was used.

\ Game A \ Game B \ Game C
Player "1 "2" "3” "1 "2" "3” "1 "2" "3”
1 72 74 54 60 65 75 77 68 55
2 54 83 63 26 25 149 53 102 45
3 69 65 66 32 84 84 71 71 58
4 60 80 60 53 68 79 62 75 63
5 101 44 55 31 56 113 64 69 67
6 115 43 42 56 70 74 69 73 58
7 62 81 57 70 61 69 60 71 69
8 67 70 63 40 43 117 70 66 64
9 62 63 75 4 72 124 58 76 66
10 73 64 63 52 70 78 55 69 76
11 0 0 200 67 62 71 71 64 65
12 56 80 64 38 58 104 63 76 61
13 75 66 59 25 96 79 50 49 101
14 65 54 81 26 71 103 58 74 68
15 51 97 52 1 10 189 65 69 66

Total 982 964 1054 581 911 1508 946 1072 982

Another interesting point worth mentioning is the locatiointhe differences. The blocks that
are significantly different between treatments A and B acatied mainly in the last 100 rounds,
whereas the blocks that are significantly different betweeatments A and C are located mainly
in the first 100 rounds. One can regard the first 100 roundsearaihg phase, where the matching
process and the data are new to the subjects, and the lasbufilsras the experienced phase. In
this case, a difference in the first 100 rounds can be exmldiyesome form of a learning stage,
whereas a difference in the last 100 rounds can be seen a$ diffel@nce in decision making
among experienced humans. According to these findings, aneanjecture that if there is an
initial learning process, where individuals use the first feeriods to get accustomed with nature’s
outcome rather than maximize payments, then this procésflienced by the observed outcomes
and not by the payoff schedule.

We also conducted a chi-square test to test the hypothesemdividual choices are consistent
with: (a) the Markov series, as generated by the empiricitidution of the computer’s choices, (b)
the actual frequencies of the computer’s choices and (cjormness. The results are presented in
Table 5 (P values are available from the author upon requEab)e 5 shows that the null hypothesis
of consistency with the Markov series cannot be rejectedbfdy 8 subjects from treatment C.
18 subjects were consistent with the actual frequencieserhby the computer (3 subjects from
treatment A, 2 from B and 13 from C) and 29 subjects were ctargisvith random decisions (10
subjects from treatment A, 6 subjects from B and 13 subjeota C). It can be seen from Table 5
that the decision making in treatment C is more consistetit all models than other treatments.
Treatment C, being with equal payoffs for each action andikegrobabilities for the occurrence
of each action, encourage subjects to behave consisteittiytive random case. This explanation
cannot be used for the consistency of the treatment withr ottoelels. We also tested the same
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Table 4: Frequencies of choices aggregated among players for eauh gabatch represents a block of 10 periods.

\ Game A \ Game B \ Game C
Block ‘ "1 "2" ’3” ‘ "1 "2" ’3” ‘ "1 "2" "3”
1 40 54 56 36 65 49 63 39 48
2 74 34 42 54 30 66 37 52 61
3 47 45 58 31 48 71 39 68 43
4 34 40 76 26 40 84 54 49 47
5 38 60 52 38 56 56 58 56 36
6 48 53 49 33 46 71 53 58 39
7 41 49 60 33 53 64 49 60 41
8 55 42 53 31 49 70 21 53 76
9 43 47 60 29 29 92 60 50 40
10 34 63 53 24 54 72 51 51 48
11 42 48 60 24 53 73 53 38 59
12 46 57 47 30 46 74 49 54 47
13 47 59 44 22 54 74 49 52 49
14 59 51 40 22 42 86 53 47 50
15 59 38 53 26 39 85 49 49 52
16 56 53 41 17 48 85 21 62 67
17 52 42 56 20 49 81 52 65 33
18 66 48 36 26 40 84 46 57 47
19 51 36 63 32 43 75 40 71 39
20 50 45 55 27 27 96 49 41 60
Total 982 964 1054 | 581 911 1508 | 946 1072 982

hypotheses by using the last 100 rounds for each subjeag¢tmat for any learning process. Table 5
shows that the null hypothesis of consistency with the Manacess cannot be rejected for 11
subjects (10 subjects from treatment C, and one subject Aprie find even fewer subjects that
are consistent with either random decision or the actugligacies.

Table 5: The number of subjects consistent with realizing the addekov series ("Markov”), the actual frequencies
("Actual freq.”) and random choices ("Random”) for all raig(200) and the last 100 rounds (100).

Markov Markov Actual freq. Actual freq. Random Random

(100) (200) (100) (200) (100) (200)
Treatment A 1 0 0 3 9 10
Treatment B 0 0 0 2 5 6
Treatment C 10 8 11 13 11 13

In summary, there is a difference in decisions among plafrera different treatments. One
reason is the payoff schedule, but there is also a differaa@eresult of nature’s choices.
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5.2 Procedure

We first estimate the values of the parameters in our modetdoh subject separately. For con-
venience, we restrict all the parameters to values higram #tero and smaller than fRe This
restriction ensures the necessity that the decision paeasnghould be strictly positive. The pa-
rameters are estimated for each player i separately by nzimigithe mean of absolute distances
between the actual probability distribution and the onesgatied by the model in each round:

1 ,
* * % % H observed redicted
[ z‘v%véi]:ag%mgn {?;}fz - I }} (12)

where the observed probability distribution for each ptageeach round is such that the
probability of choosing the chosen action by the player iarid O for the other actions.
We also test in the same way the fictitious play model [1] (ass@nted in [17], page

31), the hypothesis that players recognize the actual Mgskocess generated by nature’s
actual choices, the hypothesis that players choose actodemly with equal probability
in each action and the Erev & Roth one parameter model. Thehbaded on the Cournot
dynamics [7] and the model of Sarin & Vahid [23], being deteistic models and not
probabilistic, are not tested here.

It should be mentioned that when minimizing the distances&ch period separately, the
expected probability distribution is generated by the nhoalile the observed probability
distribution is unknown. All that can be observed is a dttion with the value "1” for the
chosen action, and "0” for all other actions. By minimizitngtmean of absolute distances
instead of the squared distances, only the chosen actiaging bested, since there is no
information regarding actions that were not chosen. Fa tbason, we minimized the
mean absolute distances and not the mean square distances.

5.3 Parameter estimation and comparison

Table 6, Table 7 and Table 8 present the scores obtained liydheersions of the pattern
recognition model and the other models mentioned above (2P4R the two-parameter
pattern recognition model and P-R(4) is the four-parametaiel. F-P stands for Brown’s
fictitious play, 'Markov’ represents the case in which plesy&lentify the actual Markov
process that generates the computer’s outcomes, 'Randadime iassumption that players
pick actions at random and E-R is Erev & Roth’s one parametieffarcement model.
From Table 6, Table 7 and Table 8 it can be seen that the foarper version of the
pattern recognition model performs better than other nsibel44 players (98%), and the
two-parameter version performs better than others for 8ggut (80%).

Since the scoring rule we are using is the average of all saover periods for each
player, a t-test is conducted to test the hypothesis thadoh player, the two versions of
the pattern recognition model perform significantly betiten the other competing models

8 The upper bound is meant to shorten the data processing Tiheedifference between a value higher than five and
a value of five create differences that can be easily ignaedhe basis that a value of five or higher has the same
intuition. For example, the two casas= 5 anda = 7 both imply a strong recency effect. This implication by itse
is more important than the actual valuenofRegarding the learning parameters, there is no reasoriévédéhat no
finite value will be found. If this was the case then the modeiverges to random choice. Since all scores of the
model are lower than the scores of the random choice (Tablésfd 8), a finite value of the learning parameters
exists.
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Table 6: Mean absolute distance deviation for each player. Treatfen

Player Random Markov F-P E-R P-R(2) P-R(4)
(equiprobable)
1 0.4444 0.4292 0.4404 0.4444 0.3972 0.3941
2 0.4444 0.4436 0.4486 0.4442 0.4126 0.4045
3 0.4444 0.4328 0.4473 0.4445 0.4010 0.3939
4 0.4444 0.4475 0.4504 0.4446 0.4205 0.4178
5 0.4444 0.4324 0.4410 0.4160 0.3816 0.3301
6 0.4444 0.4309 0.4306 0.3963 0.3661 0.2760
7 0.4444 0.4394 0.4426 0.4379 0.4248 0.4115
8 0.4444 0.4518 0.4454 0.4445 0.4369 0.4276
9 0.4444 0.4372 0.4414 0.4380 0.4194 0.4128
10 0.4444 0.4346 0.4393 0.4423 0.4038 0.4009
11 0.4444 0.4540 0.4636 0.0089 0.4359 0.0233
12 0.4444 0.4399 0.4485 0.4445 0.4179 0.4033
13 0.4444 0.4222 0.4433 0.4445 0.3777 0.3675
14 0.4444 0.4446 0.4491 0.4402 0.4194 0.3698
15 0.4444 0.4352 0.4492 0.4224 0.4084 0.3978

Table 7: Mean absolute distance deviation for each player. TredatBien

Player Random Markov F-P E-R P-R(2) P-R(4)
(equiprobable)
16 0.4444 0.4527 0.4449 0.4386 0.4173 0.3848
17 0.4444 0.4395 0.4528 0.2775 0.3563 0.1611
18 0.4444 0.4417 0.4546 0.4171 0.3868 0.3596
19 0.4444 0.4219 0.4474 0.4363 0.3884 0.3722
20 0.4444 0.4351 0.4574 0.3547 0.3901 0.2870
21 0.4444 0.4351 0.4474 0.4351 0.4077 0.3887
22 0.4444 0.4337 0.4416 0.4400 0.4070 0.3879
23 0.4444 0.4269 0.4430 0.3529 0.3460 0.2556
24 0.4444 0.4537 0.4621 0.3274 0.3892 0.2619
25 0.4444 0.4518 0.4470 0.4304 0.4287 0.3844
26 0.4444 0.4408 0.4448 0.4435 0.3846 0.3762
27 0.4444 0.4393 0.4581 0.3782 0.4006 0.3107
28 0.4444 0.4540 0.4512 0.3957 0.4105 0.3703
29 0.4444 0.4476 0.4519 0.3939 0.4018 0.3097
30 0.4444 0.4526 0.4608 0.0614 0.3397 0.0551

(at the 5% significance level). In other words, we tested trethe lower score of the
pattern recognition model relative to each of the other nwdepresents a significantly
lower average.
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Table 8: Mean absolute distance deviation for each player. Treat@en

Player Random Markov F-P E-R P-R(2) P-R(4)
(equiprobable)
31 0.4444 0.4279 0.4445 0.4440 0.3944 0.3719
32 0.4444 0.4224 0.4414 0.3815 0.3682 0.3490
33 0.4444 0.4354 0.4448 0.4444 0.3811 0.3647
34 0.4444 0.4246 0.4500 0.4444 0.3447 0.3240
35 0.4444 0.4232 0.4456 0.4444 0.3929 0.3826
36 0.4444 0.4237 0.4422 0.4444 0.3630 0.3574
37 0.4444 0.4286 0.4456 0.4444 0.3592 0.3540
38 0.4444 0.4213 0.4443 0.4444 0.3110 0.3020
39 0.4444 0.4366 0.4499 0.4444 0.3946 0.3869
40 0.4444 0.4267 0.4470 0.4444 0.3907 0.3738
41 0.4444 0.4164 0.4419 0.4433 0.3490 0.3296
42 0.4444 0.4320 0.4467 0.4426 0.3644 0.3575
43 0.4444 0.4250 0.4383 0.4246 0.3725 0.3084
44 0.4444 0.4124 0.4462 0.4438 0.3335 0.3282
45 0.4444 0.4369 0.4405 0.4435 0.3618 0.3377

Table 9 shows the results. Comparing the two-parameterraidtir-parameter versions
of the pattern recognition model to E-R, the performancdefdattern recognition model
is significantly better for 22 and 37 players respectivelyt @ 45 players). The relative
performance of the pattern recognition model is even betten compared with the other
models.

Table 9: Number of players who preformed significantly better (onrage over periods) in the pattern recognition
model, compared to the random’, 'Markov’, 'F-P’ and 'ER’sgectively

Random Markov F-P E-R
P-R(2) 34 36 37 22
P-R(4) 40 39 40 37

Fig. 2 and Fig. 3 describe the distribution of the learningap@etersy andd in histograms
for the two-parameter and the four-parameter models réspBc Each histogram repre-
sents the distribution of each parameter in each treatrpandifeters values are available
from the author).

In the two-parameter model, the distributionsiadre similar in all three treatments. A
t-test is used to test the hypothesis that the mean valuecbf g@rameter is equal across
treatments. The null hypothesis for all comparisons cahaaejected (P-values are higher
than 0.50). There are high concentrations close to zerorah@jh values. This suggests
that there are two types of individuals: those who look fatgras, and those who do not
care much about them (or they do care, but do not succeedditiaim).
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Fig. 2: The histograms of the learning parameters Gamma and Deléaéi treatment. The four-parameter model.
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Fig. 3: The histograms of the learning parameters Gamma and Deléaé treatment. The two-parameter model.
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The distributions ofy, however, are not that similar. From Fig. 2, the mean is thbdst
in treatment A (3.61), and the lowest in treatment C (0.58)tréatment B, the mean is
0.94. The t-test rejects the null hypothesis of equality efans across treatments. The
reason might be the incentive to look into the past. In trestnC, where the choices are
random, there are fewer repeated patterns to be found, $&acduhe random process.
Therefore, an individual who recognizes patterns finds resessary to waste time and
energy on searching back in the past. This is why subjectsargistent with the recency
effect 0 < v < 1). In treatment A, on the other hand, the Markov process geeem
higher number of repeated patterns with length> 2. Individuals who recognize these
repeated patterns tend to look back and use this informafldmis is the reason for the
consistency of subjects in this treatment with the primdégce (y > 1). Although the
pattern generated by the computer in treatment A is similahé pattern in B, players
are influenced to choose action “3” more in treatment B bexafighe different payoff
schedule. They have more incentive to choose action “3"¢clwban drive them away from
the search for patterns. This 'neutrality’ is consisterthwi = 1.

In the four-parameter model the story is quite the same ferdistributions ofy, but
not for the distributions of. The distributions ob in the four-parameter version have
higher averages than in the two-parameter version in atrirents, although the variance
is almost the same. Using the same t-test, the hypothesighthenean is the same cannot
be rejected (P-values are higher than 0.05), although fdghentrations of relatively high
and relatively low values cannot be found. The distribugiofry have the same properties
as in the two-parameter model. The mean is the highest itmiezd A (2.65), lower in B
(1.18) and the lowest in C (0.56).

We define)! as the tendencies of playefor each actiors. A positive value means that
playeri has a tendency towards actienA negative value implies a tendency away from
actions. The tendencies of playeto (or away from) action is calculated as follows:

1

1 _
A =Fajap — 3 (13)

1
2 _
A =Fzapg ~ Fijes ~ 3
12

3 _ _
N =1-Fzap —3=3 F2ap

Fig. 4 and Fig. 5 present the distributions of tendenciesrarayers in the four-
parameter model. To calculate the tendencies, the deqgisicametersy and 3 for each
player were used (values are available from the author) andtaucted the Beta cumula-
tive distribution functionr ).
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Fig. 4: Histograms of level of tendencies towards (or away fromipastfor each action in each treatment.
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Fig. 5: The distributions of actual tendencies, among playerséh &@atment.

A simple t-test was used to test the hypothesis that the teydgistributions for each
action in each treatment have zero mean. The results arensinovable 10, where the
level of significance isx = 0.05. As expected, the null hypothesis for all distributions
cannot be rejected in treatment A. This means that on avepdayers in treatment A do
not have tendencies towards (or away from) any action. Thesdts are consistent with
the symmetric payoff schedule faced by the player in treatme Treatment B, on the
other hand, has strong tendencies towards action "3”, amy &wm actions "1” and "2”.
the mean tendency for actions "1” and "2” are significantlgaéve (which means that
on average, players’ tendencies in treatment B are away &ation "1” and "2”), while
the mean tendency for action "3” is significantly positiver{dlency towards action "3").
These results are also consistent with the payoff schedogslfby treatment B, where the
payoff for guessing action "3” is the highest, and that foegging action "1” is the lowest.
The results from treatment C are surprising. Although oneldiexpect tendencies in this
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Table 10: P-values for the null hypothesis that the tendencies desinns for each action and in each treatment has a
zero mean.

Action "1” Action "2” Action "3”
Treatment A 0.5126 0.4148 0.8806
Treatment B 0.0000 0.0009 0.0000
Treatment C 0.0069 0.2329 0.0110

treatment to have the same mean as in treatment A (becaupaytb# schedules are the
same), there is a tendency towards action "1” and away frdimarat3”.

6. Conclusions

The process of pattern recognition is well known to sciemaogl, is a focus of research in
fields such as mathematics, computer science, biology aychplogy. There has been
limited theoretical or empirical investigation of patteetognition in economics to date,
despite its obvious existence in individual decisions aggregate variables. The goal of
this paper was to present a model that provides an empirtdal tihe actual incentivized

behavior of individuals by allowing for pattern recognitio

We present a learning model that captures pattern recogras a feature of a process
of learning. In this regard it differs from other learning dats, in that it explicitly uses
historical dynamics in decision making, and therefore eyghll past information, includ-
ing the sequence of prior outcomes, in the learning prodessviduals using the pattern
recognition learning rule observe all of the past, but de@itiat segments of history to use,
and what not to use. This choice is dynamic in the sense timtpdated after every pe-
riod. After scanning all the information they have, they géarthe parts that look essential
(because they are consistent with the most recent sequeacevity), and abandon all the
rest until the next period.

The learning rule is accompanied by a decision rule thatstaki® account exogenous
biases of individuals towards (or away from) certain agiomhis decision rule also cap-
tures the influence of the payoff schedule on decisions. fieshas the property that the
number of parameters determining an individual’s decissoconstant, regardless of the
number of possible actions nature generates. Thus, it keegstal number of parameters
in the whole model constant (for each of the two versions efrttodel), no matter how
large the set of actions is for the individual.

The results show that the pattern recognition model prevdeetter account of decisions
than several well-known existing learning models, for titigedion studied (this is true even
when there is no actual, deterministic, pattern to realizeembodies a fairly intuitive
behavioral concept that seems appropriate to the pantismigle and generic environment
studied (as well as others, potentially). Interestingaed®ecan be conducted in testing this
model on players’ behavior in games where they face humaarapys rather than nature.
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