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Abstract

Many decisions have to be made on the basis of knowledge
about correlational structures in the environment. It has
been found that people with a low working memory
capacity perform better in a covariation detection task
(Kareev, Lieberman, & Lev, 1997). This has been attributed
to the assumption that they can only consider smaller
samples which are more likely to bear a correlation
parameter that exceeds the population parameter. Our data
and results from a reinforcement learning model on an
extended version of their task do not clearly support this
account. As alternative explanations differences in
reinforcement learning, hypothesis generation and strategy
selection are considered. A very simple strategy (payoff
maximization) is most successful in this environment.
Differences in capacity and strategy selection are to be
further studied in a cue based social categorization task,
namely to predict political party preferences. Here, people
have to apply knowledge about correlations acquired in the
real world. It is hypothesized that people with a lower
capacity use simpler strategies that could be, again, even
more successful than more complex strategies because they
exploit the structure of the environment. This could be
reflected in behavioral data and in differential model fit to a
variety of models like exemplar based models or
Categorization by Elimination.
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Introduction

We are concerned with the question how people learn
correlational structures of the environment and how they
make decisions on the basis of this knowledge. A major
focus is on interindividual differences with regard to
cognitive capacity. We are studying as well covariation
detection in an artificial environment as a social
categorization task in which knowledge about correlations
has to be applied that participants acquired not in the lab,
but in the real world.

Covariation Detection

The starting point for this project was the argument that
cognitive limits are useful with regard to covariation
detection (e.g., Kareev, 1995b). The observation is that it
is more likely to find a correlation parameter that exceeds
the population parameter in small samples. Therefore,
people with a lower working memory capacity and hence
a smaller sample size to consider should detect
correlations earlier and perform better in a covariation
task, which has been demonstrated empirically (Kareev et
al., 1997).
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Experiments

We conducted two experiments to test and model the
original finding that low capacity people perform better in
a covariation task. An additional hypothesis deduced from
the small sample account is that they are also better in
detecting a change in the correlational structure of the
environment. As in the original experiment, working
memory capacity was assessed with a digit span test. The
original finding was replicated in the first but not in the
second experiment, thus it seems to be a weak and
unstable effect. It is worth noting that the probability of
replicating a result at the same level of significance (and
in the same direction) is only 50% (Goodman, 1992).
Contrary to the predictions by the small sample account
there was a high capacity advantage after a change in the
first experiment. In the second experiment we did not find
any differences between low and high capacity people,
neither before nor after a change. Therefore, we focus on
the first experiment with regard to modeling.

Modeling

Every model was fitted to each individual separately since
we want to relate capacity to model parameters. A naive
window model that tries to translate the small sample idea
directly could not capture the low capacity advantage. But
we were able to model it with a reinforcement learning
model (Camerer & Ho, 1999) with a decay, a sensitivity
and an initial attraction parameter, where we forced the
variance in each of the parameters separately by fixing the
other two to their means. All three versions were able to
capture the low capacity advantage on covariation
detection, but only the initial attraction version was
related to capacity and could predict behavior after a
change.

Conclusions

The small sample account is not clearly supported by our
data. First, the deduced hypothesis of a low capacity
advantage after a change does not hold, we find either no
effect or the opposite. Second, the model version with the
decay parameter which has the strongest connection to
memory has to be rejected. Instead, an initial attraction
parameter model is successful, indicating a faster learning
process of low capacity people in the beginning, but not
later on. Still, faster learning can be interpreted as relying
on smaller samples. But it is also congruent with the
finding of Weir (1964) that children use the simple but
most successful payoff maximization strategy (i.e. always
choose the more frequent option given a color) earlier in a
similar task because they are simply reinforcement driven.
Adults, in contrast, develop complex hypothesis and apply
complex strategies because they believe that there exists a
perfect solution, but they end up worse. As capacity
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differs between children and adults (Kail, 1984) and plays
an important role in hypothesis generation (Dougherty
and Hunter, 2002) this could be an explanation for the low
capacity advantage. Consistent with this explanation, a
simple strategy model (win stay, lose shift) fits better to
the behavior of low capacity people.

Predicting Political Preferences

Appropriate behavior in social situations depends strongly
on what other people think, e.g. what they like or dislike.
As it is often impossible really to know what they think
we have to rely on inferences about their opinions based
on cues. Imagine that you are having dinner with an
important person that you have never met before. If you
share similar political opinions, this may be a good topic
of conversation, if not, it may be wiser to avoid it. Asking
directly is risky, so you infer what the other person thinks
based on, e.g., statements regarding other topics he or she
made. This inference process can be seen as a social
categorization process.

To be able to socially categorize others, e.g. according
to party preference, one has to know correlated structures
in the environment (e.g. Rosch, 1978). There is a broad
literature reporting relations between preferences for
particular political parties, the social category that
interests us here, and a variety of variables like, e.g., self
interest and economic beliefs (Allen & Ng, 2000).

We are interested in the accuracy of people’s
knowledge about these correlations and want to study
which strategies they use when they apply this knowledge
to a social categorization task. The hypothesis is that
people with a lower cognitive capacity use simpler
strategies that could even be more successful than more
complex ones as most people whose party preferences
have to be predicted do not have complex patterns of
opinions but rather one dimensional ones (Gigerenzer,
1982). Furthermore, we want to asses each participant’s
own opinions and party preference, as it is known that
people often overestimate homogeneity in outgroups (i.e.
supporters of other parties), but not in their ingroup
(Tajfel & Turner, 1986) which could have an influence on
the accuracy of different strategies.

Task

The task will be to infer which political party people
prefer. Target people are selected from the European
Values Survey, a dataset which documents individual data
on opinions and party preferences. They are successively
presented to our participants who are allowed to ask
questions like “Do you have confidence in the armed
forces?” which serve as cues. Possible parties are those
that are currently represented in the German parliament.

Modeling

We want to test which model best describes the actual
behavior of people. In most studies concerning social
categorization the categories are the independent rather
than the dependent variable. But there are models of
categorization that can be transferred to social
categorization, e.g. exemplar based models (Nosofsky,
1988) or Categorization by Elimination (CBE, Berretty,

Todd & Blythe, 1997). These models also reflect different
strategies. Thus, a differential fitting to people’s behavior
as well as their behavioral data allows us to see which
strategies individuals were most likely to use. It is
probable that there are interindividual differences, and
maybe they relate to memory capacity.
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