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Abstract This paper estimates depth of reasoning in an Iterative Best Re-
sponse model using data fromWeber (2003) ten-period repeated guessing game
with no feedback. Different mixture models are estimated and the type (Level-
0, Level-1, etc) of each player is determined in every round using the Expecta-
tion Maximization algorithm. The matrices showing the number of individuals
transitioning among levels is computed in each case. It is found that most play-
ers either remain in the same level or advance to the next two levels they were
in the previous period. The lowest levels (Level-0 and Level-1) have a higher
probability of transitioning to a higher level than Level-2 or Level-3. Thus,
we can conclude that subjects, through repetition of the task, quickly become
more sophisticated strategic thinkers as defined by higher levels. However, in
some specifications the highest levels have a relatively large probability of
switching to a lower level in the next period. In general, depth of reasoning
increases monotonically in small steps as individuals are subjected to the same
task repeatedly.

Keywords Games · beauty-contest experiment · learning · finite mixture
model · EM Algorithm · transition matrix.
JEL classification: C50, D72, D83.

1 Introduction

In this paper we estimate the level of each subject and analyze its evolution
using an Iterative Best Response model with data from Weber (2003) ten-
period repeated guessing game experiment with no feedback. In this game each
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player in a group must simultaneously choose a number between 0 and 100.
The experimenter records all choices, computes the average and the player
closest to 2

3 of that average wins a monetary prize, the rest gets nothing.1

These types of guessing games have been extensively used to analyze the way
in which individuals form beliefs about the choices of other players. The data is
analyzed using the theoretical framework of the Iterative Best Response model,
which consists of different types or levels of players. For example, an individual
who chooses randomly between 0 and 100 does not best respond to any belief
about the choice of other players, we call her a Level-0 subject. It is assumed
that L-0 choices are uniformly distributed on [0, 100]. A Level-1 individual
believes that all other players will randomly choose between 0 and 100, thus
she will maximize her expected payoff by choosing 50· 23 = 33.33 (if the number
of participants is large enough her own choice will have a negligible effect on
the average). A Level-2 individual believes that all others are Level-1 and will
choose 33.33 · 2

3 = 22.22. More generally, a Level-k player chooses 50 · ( 23 )
k to

best respond to the belief that all others are Level-(k−1). In the limit, a Level-
∞ will choose 0, the Nash Equilibrium strategy. This is a model of boundedly
rational agents, individuals maximize their expected payoff given their beliefs
about others’ choices but, unlike the Nash Equilibrium concept, beliefs are
not consistent with their actions. This might be due to cognitive limitations
(people have difficulties with higher order reasoning) and/or overconfidence
(individuals think they are on average smarter than the rest). In this paper
there are several questions we want to answer: Do subjects increase levels
monotonically? Do they skip intermediate levels or the increase is stepwise?
Do they revert back to lower levels? Does the distribution of levels stabilize
over time? If so, what is that distribution?

There is ample evidence that individuals “learn” how to play a game, in
the sense of convergence to equilibrium, when they repeatedly participate in
it.2 Nagel (1995) performed this experiment repeatedly with the same sub-
jects providing feedback on the average after each round and found that the
approximation to the Nash equilibrium was very fast. In this case it is not clear
whether subjects improved their depth of reasoning with repetitions or they
anchored their choices on the feedback of the previous round.3 Therefore, in
order to isolate the effect of thinking repeatedly about a strategic interaction
on depth of reasoning we use data from a guessing game performed repeat-
edly with subjects receiving no feedback after each round. We estimate each
individual’s posterior probability of being Level-k given her choice using four
different specifications to test the robustness of our findings. We keep track of
each subject’s type and compute the transition probabilities of being Level-j
in the current period given that she was Level-k in the previous period. We

1 In case of tie the prize is split or the winner is chosen randomly.
2 “There are no interesting games in which subjects reach a predicted equilibrium im-

mediately. And there are no games so complicated that subjects do not converge in the
direction of equilibrium with enough experience in the lab.” Camerer (2003).

3 A Level-1 player is not likely to choose 33.33 after observing an average of 16 in the
previous round, even if she has not increased her understanding of the game.
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find that the great majority of individuals either remain in the same level they
were in the previous game or advance to the next two levels of reasoning. In
particular the lowest levels (Level-0 and Level-1) have a larger probability of
transitioning to a higher level than L-2 or L-3. Thus, we can conclude that
subjects, through repetition of the task, quickly become more sophisticated
strategic thinkers as defined by higher levels. However, in some specifications
the highest levels have a relatively large probability of switching to a lower
level in the next period. In general, it seems that depth of reasoning increases
monotonically in small steps as individuals are subjected to the same task
repeatedly.

Stahl and Wilson (1995) analyzed 3x3 games to determine what model
(Level-k, naive Nash, rational expectations or worldly) best describes the
choices of actual experimental subjects, using a logit model to estimate the
relevant parameters. Unlike Nagel (1995), in their model a level-k player best
responds to a normalized proportion of lower levels. Later Stahl (1996) de-
veloped a rule learning model of the Beauty Contest and used the data from
Nagel (1995) to estimate it. Players made choices based on an initial disposi-
tion to a given rule and later on, based on the feedback they received about the
previous average, they updated those propensities. Rules that performed well
were more likely to be used and those that performed poorly were less likely to
be used. He interprets the evidence, in contrast to Nagel (1995), as providing
support for increasing depth of reasoning. However, as mentioned before, the
fact that players receive feedback complicates the interpretation of the data.
With feedback there might be two sources of reduction in players’ guesses, on
the one hand, increased depth of reasoning and on the other anchoring with
respect to the average observed in the previous period. By analyzing data of an
experiment without feedback we can eliminate the anchoring effect and study
the change in depth of reasoning. Nagel et al (1999) used a mixture of normals
and uniform distributions to estimate the model using the Expectation Maxi-
mization algorithm with data generated by three newspaper experiments. We
follow a similar approach, but unlike them, we estimate the models indepen-
dently in each round and analyze how players’ levels evolve. It is interesting to
note that in Weber’s experiment subjects modify their beliefs as they play the
game repeatedly even without feedback. An important aspect of the Beauty
Contest is that social norms, social preferences and other non-strategic factors
play no role in it, making it a suitable tool to analyze the strategic thinking
of subjects.

Other well-known concepts of bounded rationality that could be applied to
model the choices of a Beauty Contest are the Quantal Response Equilibrium
of McKelvey and Palfrey (1995) and Noisy Introspection of Goeree and Holt
(2004). In a QRE players “better” respond to the beliefs they have about the
actions of their rivals and, unlike a Level-k model, beliefs are consistent with
actions. This is a generalization of the Nash Equilibrium concept in the sense
that players do not select with probability one the action that generates the
highest expected payoff, but assign higher probability to actions generating
higher payoffs. This sensitivity of probabilities to payoffs is measured by a
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sensitivity parameter µ. In a QRE players immediately reach equilibrium,
giving little room for analyzing increases in depth of reasoning. On the other
hand, NI is a noisy version of the concept of rationalizability. It is not an
equilibrium concept and can accommodate the Level-k model as a special case.
Recently, Breitmoser (2012) argues that levels higher than 1 in a beauty contest
can be modeled more precisely as either QRE or NI. This is an interesting idea
that requires further research, however, it lies beyond the scope of this paper
since we are interested in analyzing stepwise reasoning.

Other papers modeling learning in games are Erev and Roth (1998), Che-
ung and Friedman (1997), Camerer and Ho (1999) and Stahl (2000). Camerer
(2003) provides a survey of models of learning in games. All those models con-
sider a strategic situation where players do learn from past outcomes. However,
we are not aware of papers that analyze how subjects change beliefs without
feedback. Here we are not interested in modeling the learning process, but
in estimating the evolution of players’ levels when they repeatedly play the
guessing game without feedback.

2 Model

We estimate four Level-k models, two with 4 levels (0, 1, 2, and ∞) and two
with 5 levels (0, 1, 2, 3 and ∞). The optimal choice of a Level-k type for
k > 0 is 50 · (2/3)k, however, as it is standard in the literature, individuals can
make mistakes and deviate from the optimal. We assume that for Level-k with
k = 1, 2, 3,∞ choices are normally distributed truncated on [0, 100] with mean
50 ·(2/3)k and standard deviation σ. The parameter σ will be estimated in our
model. In two specifications the parameter σ will be different for each type
and in the other two specifications the parameter will be the same for each
type in a given period. Level-0 type’s choices follow a uniform distribution.

Choices are modeled using a mixture model, like in Nagel et al (1999),
where the choice xi of player i has a probability density function given by

P (xi;π, σ) = π0f0(xi)+π1f1(xi; 50 ·(2/3)1, σ1)+π2f2(xi; 50 ·(2/3)2, σ2)+ ...

...+ π3f3(xi; 50 · (2/3)3, σ3) + π∞f∞(xi; 0, σ∞)

where π is the vector of mixing proportions with
∑

k πk = 1.
The function f0 is the pdf of the uniform distribution on [0, 100], while

fk(xi;µk, σk) for k = 1, 2, 3,∞ is the pdf of the truncated normal distribution
on [0, 100] with parameters µk and σk. The joint probability of observing the

vector of choices x = (x1, . . . , xN ) is given by
∏N

i=1 P (xi;π, σ) and thus the
log-likelihood function is given by

L(π, σ) =

N∑
i=1

logP (xi;π, σ). (1)

Model 1 has 5 levels with different standard deviations. In Models 3 and
4 we have the restriction that σk are equal across components (but possibly



Estimating Depth of Reasoning in a Repeated Guessing Game with no Feedback 5

differing across time periods) and in Models 2 and 4 the term representing the
choice of a Level-3 player is not included in the analysis. We want to choose
the parameters π and σ that maximize (1) given the actual choices xi of the
N = 86 players. We maximize the likelihood function using the Expectation
Maximization algorithm of Dempster et al (1977). The EM algorithm, besides
being computationally very tractable, also provides the posterior probabilities
of player i being type k given her choice. Therefore, when convergence of the
algorithm is reached we will obtain in each period, besides estimates of the
parameters π̂ and σ̂, a matrix containing the posterior probabilities for each
subject given her choice and the estimated parameters.4 The implementation
of the EM algorithm in this setting follows that of Bosch-Domenech et al
(2010) for a similar model but using a Generalized Beta Distribution. It is
well known that with continuous variables a mixture of normals can have very
large maxima (or may fail to converge at all) for a small nonzero variance if at
least one observation equals the component mean. Since in our data we have
such observations we must be careful to detect such spurious maximizers. One
way to deal with this problem, see McLachlan and Peel (2000) Section 3.10, is
to use a stochastic EM algorithm, in which for example 100 random starting
points are generated and variances are monitored during the iterative process,
in order to detect those cases where at least one variance becomes singular.
The idea is to make sure the model is fitting an underlying group structure
and not a small localized random pattern in the data.

3 Statistical Analysis

We use data generated from Roberto Weber’s (2003) experiment. The subject
pool was a group of Caltech students that played the guessing game with
ρ = 2/3 ten times with a prize of 6 dollars in each round.

Figure 1 provides the mean and interquartile range of all choices in each
period. Even without feedback about the average we observe a reduction in
the numbers chosen in all rounds, but unlike the case with feedback of Nagel
(1995), the reduction is slow. It seems that repetition of the task makes partic-
ipants think more deeply about the game and thus change their beliefs about
the actions of other players. It is interesting to observe the similarities between
the first round in the experiment without feedback and the laboratory exper-
iments (where subjects have relatively little time to think about the game) in
Bosch-Domenech et al. (2002). In both cases there are spikes in the histogram
around 33 and 22 (L-1 and L-2 choices respectively) and relatively few subjects
choosing below 10. In fact the average of the laboratory experiments is 35.13
while the average in round 1 of Weber (2003) is 32.

On the other hand, the last round of the no feedback experiment show
differences with the results of the Take-Home and Newspaper experiments
of the cited paper (where subjects have plenty of time to think about the

4 Of course, the EM algorithm is not necessary to calculate posterior probabilities, they
can be calculated directly as Prob(type = k|x) = πkfk(x|σk)/

∑
k′ πk′fk′ (x|σk′ ).
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Fig. 1 Mean (line) and Interquartile (box) in each round. On each box, the central mark
is the median, the edges of the box are the 25th (q1) and 75th (q3) percentiles, the whiskers
extend to q1 − 1.5(q3 − q1) at the bottom and q3 + 1.5(q3 − q1) at the top. Outliers are
plotted individually with circles.

problem) with an average of 25.2 and 23.08 respectively versus 17.6 in Weber’s
last round. In the last round of the no-feedback experiment we do not see
those spikes, with most subjects choosing below 15 and a big concentration
around 0. Figure 2 shows the relative frequency of the first and last round of
the experiment without feedback. The histograms of the intermediate rounds
of Weber’s experiment show a smooth transition from the first to the last
rounds. Repetition of the same game with no feedback (with little time to think
between rounds) has a different influence on choices than a one-shot game with
a long time to think. In the former case there is a uniform movement of almost
all subjects in the direction of the Nash Equilibrium, while in the latter case
a clearer separation of types occurs with spikes at 33, 22 and close to 0. This
can be seen by looking at the differences in statistics like mean, variance and
quartile between those two sets of experiments, see Table 1.5

It seems that repetition without feedback generates homogeneity in the
way subjects reason that is not present when there is considerable time, but
no repetition, to think about a strategic situation. This homogeneity can be
seen by noting that the variance of the no-feedback experiment decreases as
the game is repeated. The repetition of the game reduces the cognitive burden

5 In the last round there were two subjects who lost interest in the game and chose 100
after picking low numbers in previous rounds. Eliminating those two observations would
increase the differences in the statistics shown in Table 1 between the no-feedback and the
other two experiments.
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Experiment Mean Variance Quartile
No-Feedback (Rounds 9 and 10) 17.48 257.39 (5, 14.5, 25)

Take-Home 25.2 288.48 (14.75, 22, 33.3)
Newspaper 23.08 409.6 (7.56, 20, 33.33)

Table 1 Mean, Variance and Quartile comparison.
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Fig. 2 Histograms of Rounds 1 and 10.

Model Levels Variance Parameters Log(L) BIC
1 0,1,2,3,∞ Heteroscedasticity 80 -3359.4 7259.3
2 0,1,2,∞ Heteroscedasticity 60 -3399.7 7204.9
3 0,1,2,3,∞ Homoscedasticity 50 -3432.8 7203.5
4 0,1,2,∞ Homoscedasticity 40 -3433.7 7137.7

Table 2 Specification and results of each model.

associated with choosing low numbers or increases the confidence in the depth
of others more than providing plenty of time to analyze it.

We estimated the models using the EM algorithm in each round inde-
pendently. Table 2 shows the Log-Likelihood and BIC of each model with
Model 4 (4 levels with common variance) as the best fit. Table 3 provides the
maximum likelihood estimates (π̂, σ̂) of Model 4.6 We computed confidence
intervals using the parametric bootstrap method where samples are generated
from the assumed model distribution with parameters set at their estimated
values (Efron, 1982). One of the benefits of this method is that we can de-
termine the confidence intervals of the estimated parameters that are close to
the lower boundary of the parameter space. However, confidence intervals may
not be robust to violations of the assumed distribution (in this case a mixture
of normals).

The bootstrap procedure we use is as follows: Pseudo-data is generated for
each period using the estimated parameters in Table 3. Since this is a mixture
model, we generate a uniformly distributed random number and based on the
values of π̂k we determine the type of the pseudo-player. After the type is

6 Estimates of the other three models will be provided by the author upon request.
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Period π̂0 π̂1 π̂2 π̂∞ σ̂
1 0.1844 0.4600 0.3035 0.0522 12.0049
2 0.2401 0.2055 0.4107 0.1436 10.2187
3 0.1504 0.0355 0.5871 0.2270 14.9812
4 0.0337 0.1014 0.5724 0.2925 12.9874
5 0 0.1357 0.5306 0.3337 16.0637
6 0 0.0731 0.1544 0.7724 21.2029
7 0.0807 0.0175 0.5174 0.3844 9.3972
8 0.0207 0.0689 0.4359 0.4745 12.0146
9 0.0673 0.0551 0.4741 0.4035 7.2165
10 0.0549 0.1069 0.3086 0.5296 9.7157

Table 3 Maximum likelihood estimates of π and σ.

determined a random number is generated using the distribution correspond-
ing to the type. For example, if in period 1 the pseudo-player is type 2 then
we will generate a random number distributed normally on [0,100] with mean
22.22 and standard deviation 12.0049. We generated 1000 sets of per-period
choices and obtained the maximum likelihood estimates from the pseudo-data.
Then the estimates are sorted and the values in the 25th and 975th place are
reported.

We also computed the posterior probability of individual i being Level-
k, denoted π̂ik. Since the model determines the posterior probability of each
player in every round, we can analyze how each individual transitions from
one level to another in subsequent rounds. Since a small proportion of sub-
jects have posterior probabilities larger than .9 (on average in all four models
just 25 out of 86 subjects have the largest posterior probability larger than
.9) we have decided to use the full vector to estimate the transition matrix
instead of classifying a subject based on the type that maximizes the proba-
bility. In this case the counting function of player i being Level-j in round t
conditional of being Level-k in round t − 1 is Ct,t−1

i,jk = π̂t
ij π̂

t−1
ik . Adding over

all subjects and periods Cjk =
∑86

i=1

∑10
t=2 C

t,t−1
i,jk and dividing by the sum

of the counting function over all k we get the desired conditional probability
ρkj = Cjk/

∑
k Cjk of the transition matrix. The entry ρkj in each matrix in

Table 4 shows the probability that type is j in period t conditional on having
been k in period t-1 for t = 2, . . . , 10.

The classification of types greatly vary in all the models we have estimated,
the number of subjects belonging to each level in each period is clearly not
robust. However, the evolution of types among all models show a certain simi-
larity indicative of a common pattern. The transition matrices show that most
players either remain in the same level or advance to the next two levels they
were in the previous period. The lowest levels (Level-0 and Level-1) have a
larger probability of transitioning to a higher level than L-2 or L-3. In some
specifications the highest levels subjects have a relatively large probability of
switching to a lower level in the next period (but still smaller in general than
the probability of moving to a lower one). The estimates confirm the intuition
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Model 1
L 0 1 2 3 Inf
0 0.078 0.212 0.202 0.431 0.074
1 0.079 0.230 0.145 0.463 0.080
2 0.034 0.195 0.091 0.601 0.077
3 0.024 0.101 0.102 0.669 0.102
Inf 0.004 0.239 0.045 0.631 0.079

Model 2
L 0 1 2 Inf
0 0.101 0.105 0.378 0.414
1 0.094 0.140 0.496 0.268
2 0.054 0.212 0.245 0.488
Inf 0.022 0.104 0.423 0.449

Model 3
L 0 1 2 3 Inf
0 0.140 0.195 0.214 0.250 0.198
1 0.142 0.192 0.286 0.241 0.137
2 0.096 0.181 0.215 0.297 0.209
3 0.077 0.160 0.271 0.222 0.267
Inf 0.086 0.153 0.219 0.244 0.296

Model 4
L 0 1 2 Inf
0 0.119 0.106 0.511 0.263
1 0.124 0.131 0.470 0.273
2 0.051 0.092 0.464 0.391
Inf 0.058 0.049 0.458 0.432

Table 4 The entry ρkj in each subtable shows the probability that type is j in period t
conditional on having been k in period t-1.

Model Limiting Proportions Limiting Average Choice
1 ( 0.0336, 0.1469, 0.1056, 0.6204, 0.0936) 18.11
2 (0.0488, 0.1496, 0.3668, 0.4347) 15.58
3 (0.1019, 0.1731, 0.2427, 0.2519, 0.2304) 19.99
4 (0.0647, 0.08, 0.4657, 0.3896) 16.25

Table 5 Limiting distributions.

that the higher the current level of a subject the more likely it is to remain in
the same level and less likely to advance to higher levels.

Given the estimated transition probabilities (and assuming their stability),
we can ask what would be the limiting proportion of types and the expected
choice of the group if the experiment was repeated indefinitely. Iterating on the
Markov matrix until convergence we can determine the limiting distribution
of each model.7 The limiting average choice can be calculated assuming that
L-0 chooses their expected number (50) and the other types their theoretical
number. Table 5 shows the limiting distributions and average choices.

In the framework of a Level-k model with no feedback, a change in choices
can only be understood as arising from a shift in beliefs.8 A person who
was Level-1, believing everyone else was Level-0, suddenly realizes that others
might reason the way she did earlier. This person would believe now that all
others are L-1, making her L-2. The precise mechanism by which this change
in beliefs happens remains an open and interesting issue, but one we have
not considered in this paper. More worrisome is the case of players who were
identified as L-k in period t and L-(k− 1) in a subsequent period. It does not

7 This limiting distribution is the eigenvector of the Markov matrix associated with the
eigenvalue 1.

8 A reduction in choices can be explained as arising from the noise implicit in the model,
however, noise alone cannot explain the downward trend in the average.
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seem reasonable that a decrease in depth of reasoning may cause it. There
are at least two reasons that may explain this type of behavior. First, some
players initially chose numbers close to zero and increased them later on. They
might have realized they had overestimated the depth of others. Second, some
individuals chose irrationally high numbers at the end of the 10 rounds af-
ter choosing low numbers in the previous rounds. It seems these players lost
interest in the contest and stop caring about the possibility of winning. In
both cases our analysis would imply a reduction in the level of these players,
when it is clear this is not the case. Therefore we can conclude that the tran-
sition matrices shown in this paper might overestimate the true probability of
switching to a lower level.

However, we have to be careful interpreting the results for we observe
the actions of subjects and then infer their type, we have no direct access to
the reasoning process that led to their choice. Bosch-Domenech et al (2002)
report explanations that participants voluntarily made in one-shot newspaper
experiments that help pinpoint the type of individuals. Other researchers have
added another dimension to the choice variable to better identify the “true”
type, see Costa-Gomes and Crawford (2006) and Costa-Gomes et al (2001).

Moreover, confidence intervals of the parameter estimates are relatively
large.9 This is due to the relatively small sample size (N = 86) and the fact
that a large number of individuals have posteriors considerably lower than
1. On average in all models just 25 out of 86 subjects have posteriors larger
than .9. It implies that during the bootstrap procedure used to calculate the
confidence intervals, there is a relatively large probability that the level of
the pseudo player will not coincide with the estimated level, thus generating
a pseudo-choice substantially different from the actual choice. Moreover, the
relatively low posterior probabilities (which imply large confidence intervals
of the estimated parameters) also result in a large sample variability of the
transition matrix. Traditional parametric bootstrap methods are not adequate
to capture this sample variability since the states of the matrix (the players’
levels) are not the raw data of the analysis, but are inferred from their choices.
One way to address this issue is to use the individuals’ posterior probabilities
to generate pseudo-choices, then infer the levels of the pseudo-players (using
the EM algorithm) and estimate the transition matrix. This process is to be
repeated many times to get a sense of the sample variability of the transition
probabilities. We have followed this approach and the sample variability is
indeed considerably large. This again is due to the fact that the posterior
probabilities are not close to 1 for the majority of subjects.

4 Conclusion

We have estimated, using four Level-k models using a mixture distribution to
represent an individual’s choice, the type of each subject in a repeated guessing

9 The tables showing the confidence intervals will be provided by the author upon request.
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game with no feedback. We have found that most players either remain in
the same level or advance to the next two levels they were in the previous
period. The lowest levels (Level-0 and Level-1) have a higher probability of
transitioning to a higher level than L-2 or L-3. Subjects, through repetition
of the task, quickly become more sophisticated strategic thinkers as defined
by higher levels. However, we have also found that in some specifications the
highest levels have a relatively large probability of switching to a lower level in
the next period. Caution must be exercised when interpreting this last result
since some subjects may realize that their choices are too low, prompting them
to raise their guesses. It is hard to justify a decrease in depth of reasoning in
those cases. This apparent inconsistency between how we interpret a reduction
and increase of choices stems from an inherent limitation of the level-k model.
In this model lower guesses imply a high level. It is implicit that higher levels
have a better understanding of the game or “depth of reasoning” than lower
levels. However, it is certainly possible that a subject with a low estimated level
has a complete understanding of the game and simply believes the competition
does not. Therefore, having a good understanding of the game is a necessary
but not sufficient condition to be considered a high level. Thus, higher levels
imply increase in depth (or understanding) but if a subject reverts to a lower
level, then it has to be due to a change in beliefs.

The main finding of the paper is that, in general, depth of reasoning in-
creases monotonically in small steps as individuals are subjected to the same
task repeatedly. It seems that repetition without feedback generates homogene-
ity in the way subjects reason that is not present when there is considerable
time, but no repetition, to think about a strategic situation. The repetition of
the game reduces the cognitive burden associated with a difficult task more
than providing plenty of time to analyze it.

This research could prove useful to both experimentalists and theoreticians
since it is usually assumed that subjects do not learn or change their type if
they receive no feedback. Evidently, this assumption is questionable. Weber
(2003) states in his conclusion that “models that account for learning only
through response to feedback concerning outcomes might be misspecified in
the extent to which they attribute learning to adaptation to previous outcomes
when part of this learning takes place even when outcomes are not revealed”
and then claims that it would be possible to include in these models a time-
trend capturing this effect. This paper provides an approximation to that time-
trend, determines when the types of subjects stabilize and the distribution of
those types.

In order to increase the precision of our analysis it would be interest-
ing to perform a repeated guessing game with no feedback where subjects
must explain their choices. This would allow us to determine with more confi-
dence what subjects truly improve their understanding of the game. As far as
we know, no repeated guessing game without feedback as been performed in
which subjects report their reasoning or in which the dimension of the choice
set is augmented. Thus, clearly more experimental work is needed to under-
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stand the change in depth of reasoning due to repeated exposure to a strategic
environment.
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