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Abstract- A unifying and optimising model of decision making
is presented in this paper. The model is based on two
hypotheses: that there is one general strategy of decision
making which can recreate many specific strategies depending
on some environmental parameters, and that human decision
making is rational if we take into account all cognitive
limitations, features of the environment and the task that an
agent actually attempts to solve. Testing of the model aimed to
verify specific hypotheses about the match between the model’s
predictions and the empirical data and the existence of some
phenomena expected due to the workings of the model’s
hypothetical mechanism, as well as the aforementioned general
hypotheses about decision making. The model’s performance
has been found to be consistent with subjects’ results.
Particularly, the model has a better match to data than other
related models.
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I. INTRODUCTION

Similarly as in many psychological areas, early theories
developed in the domain of decision making were normative
(e.g., [1]). Likewise, as in other psychological fields, these
theories were soon abandoned in favour of concepts that
tried to explain numerous observations which did not fit
normative laws and which seemed to contradict the thesis
about the rationality of human cognition. Thus, the history
of decision making theorising is a history of the transition
from a purely normative explanation (the expected value
hypothesis), through theories that allow for the inclusion of
parameters to explain those aspects of human behaviour
which seem to be irrational and biased (the expected utility
hypothesis [2]) and theories which accept yet more
parameters (the subjective expected utility hypothesis [3],
the Prospect Theory [4]), and so to the present theories
which emphasise biases and mechanism-based phenomena.
The direction in which theories of decision making have
evolved has therefore been determined by the goal of
achieving the best explanation for the data. There have,
however, been many drawbacks with this evolution. The
resulting loss of simplicity was but one cost of these
theories’ capacity to explain more of the observed
phenomena. According to Paulewicz [5] another
disadvantage involved a sole reliance on empirical data to
provide justification for such theories and the disappearance
of adirect reference to more general psychological and
cognitive theories. He suggests that the latter effect was not
caused by the rise of the complexity itself, but rather by
either neglecting or carelessly defining such basic terms as
goal, rationality and behaviour.

Currently, one of the most widely accepted theories of
decision making is the Adaptive Toolbox theory [6]. This
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concept assumes that people use many middle-range tools
that exploit regularities in the environment instead of using
a “single hammer” which needs a complete representation
of the environment for all purposes. There are two main
features of the Adaptive Toolbox theory. First, it is based on
Simon’s [7] idea of bounded rationality. Second, it assumes
a diversity of strategies. The strategies that belong to the
Adaptive Toolbox are mostly fast and frugal heuristics [8].
They are called fast and frugal because they limit
information searching and do not require much
computation. They are heuristic because they are
ecologically rational rather than logically consistent.

The three advantages of simple heuristics (swiftness,
frugality, and  ecological rationality) are  not
incontrovertible. The swiftness of the heuristics supposedly
lies in the fact that they use simple operations. For example,
the “Take the Best” (TTB) heuristic makes a decision by
simply comparing the cue values, while the weighted
additive algorithm (WADD), the strategy most often used as
a counterexample for the Adaptive Toolbox strategies, uses
more complex linear transformations. However, if people
are equipped with mental mechanisms that are specialised in
parallel processing of some types of information [9], or if
the processes of computing cue values and weights can be
automatised [10], WADD can be as fast as TTB (or even
faster, since TTB is recursive and WADD is simple). The
second feature, frugality, allegedly consists of the fact that
simple heuristics use less information or information that is
easier to collect. In fact, taking the two major strategies
from both classes as an example again, WADD requires
information about the validity of cues (the proportion of
number of cases in which acue indicates the correct
alternative to the number of all cases in which it
discriminates between alternatives), whereas TTB uses
simpler information about the order of validities. The
strength of this argument, however, is weakened by two
facts. Firstly, the order of validities is very difficult to obtain
from the environment [11]. Secondly, WADD can work
efficiently with validities estimated on the basis of such
order [12]. Finally, the ecological rationality of simple
heuristics is more of a declared rather than an established
feature. Several experiments [13, 14, 15, 16] have revealed
that simple heuristics are used less frequently than following
from their hypothetical accuracy.

The two hypotheses that underlie the Adaptive Toolbox
Theory (namely: bounded rationality of the decision making
and diversity of decision making strategies) are to be
questioned in the current paper. This will be attempted both
by theoretical analysis and by proposing a decision making
model which attempts to find the optimal solution of the
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choice problem by means of one general mechanism which
takes into account environmental conditions.

A. Rationality of Decision Making

An important feature of the strategies that belong to the
Adaptive Toolbox is the fact that they are boundedly
rational. The notion comes from Simon and is characterised
as follows [17, p. 198]:

For the first consequence of the principle of bounded rationality
is that the intended rationality of an actor requires him to
construct a simplified model of the real situation in order to deal
with it. He behaves rationally with respect to this model, and
such behavior is not even approximately optimal with respect to
the real world.

What does “not even approximately optimal” mean? Is
a boundedly rational agent’s behaviour even not close to
optimality? If it is not, how can we know what the agent is
actually doing? When are we justified in claiming that an
observed agent, which exhibits behaviour “A”, is in fact
aiming at behaviour “B”, but fails to do so optimally?
Paulewicz [5] points out that the only situation in which we
are allowed to do so is when we know that (a) the agent has
a certain goal, and (b) approximetly optimal action that
leads to achieving this goal is behaviour “B”. Note that the
“optimal” mentioned in Point (b) means objectively optimal,
not optimal with respect to some simplified, internal model.
Therefore, behaviour can only be understood and analysed
as far as it is known what goal it is meant to achieve and
what the optimal solution of the problem is [5]. Besides, it is
not assumed in the argument that the agent knows or can
find the optimal solution (or rational solution, as in this
paper the terms “optimal” and “rational” are used
interchangeably, which is reasonable in the context and
commonly practised in this field of research, see [18]).

One can hardly disagree with Simon’s view that agents
often cannot reach asolution which is optimal in the
classical, normative way due to its computational and
informational costs. But there are many cases in which
agents seem to act non-optimally, whereas their behaviour
in fact is optimal. It can be seen as non-optimal with regard
to the task as it is defined by an observer because the task
that an agent is actually trying to solve is a different one [5].
The rationality used in such situations, compared to the
normative one, is not the rationality that requires
a simplified model (as Simon suggests). The rationality used
in such cases is the same as that in the normative case if it
took into account all limitations, costs, and the way in which
the agent represents the task.

A good example of a phenomenon often considered to
be acommon non-optimal behaviour is the probability
matching strategy. The simplest task in which this strategy
can be observed is the multiple-alternative iterated-choice
task (the multi-armed bandit problem). The task entails the
series of choices of actions from a finite set. Every action
generates areward, with the goal of the task being to
maximise the cumulated reward. The probability matching
strategy involves choosing the action with a probability
proportional to its relative reward value. It is clear that the
probability matching strategy is not an optimal solution for
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a well specified, static multi-armed bandit problem. The
optimal agent is the one which always chooses the most
promising action. Of course, if the agent does not know the
reward distribution, it must explore the environment in order
to find the best action. Otherwise it may end up repeatedly
choosing an alternative that is not the best, but which
seemed to be the best on the basis of the first few noise-
laden feedbacks.

However, even though in an uncertain situation the
frequency of choosing the best action should tend towards
one while the agent’s uncertainty about the expected values
of actions declines [19]. Despite this fact many research
results (e.g., [20, 21]) have shown that people tend to use
the probability matching strategy in most cases. Therefore,
if people and other animals attempt to solve a multiple-
handed bandit problem, more specifically: if they attempt to
solve astationary, fully defined, isolated multi-armed
problem, they usually do not behave rationally using
a probability matching strategy. But can we be sure that the
strategy observed is really chosen as asolution to this
specific problem?

The probability matching strategy seems to be
suboptimal, but it can be shown that it is actually optimal in
an environment characterised by at least one of two features
typical of the environment in which human evolution
occurs. The first feature involves competition for resources;
the second is environmental dynamism. It has been
demonstrated that the probability matching policy is an
evolutionarily stable strategy for an individual agent facing
its competitors [22, 23]. It seems obvious that its alternative,
the greedy strategy, would lead to an irrational situation in
which all agents share rewards from the most abundant
source, while the less promising one remains unexploited.
The second feature that makes the strategy evolutionarily
stable is environmental dynamism [24]. As is stated above,
the optimal strategy in an uncertain environment is not
a greedy one [25]. An unstable environment is always, by
rule, uncertain, so it requires a more sophisticated policy.
What is more, Daw, O’Doherty, Dayan, Seymour, and
Dolan [26] have shown that a strategy that is similar to
probability matching has the best match to human behaviour
among all the tested strategies in a dynamic environment.
Other modelling research has also shown that the
probability matching strategy may be an emergent feature of
an evolving, foraging system [27]. The probability matching
rule deserves wider review not only because it is a good
example of an ostensibly suboptimal strategy which, after
closer investigation, turns out to be, in fact, optimal, but also
because it is used as a part of the proposed model which will
be further described below.

The question of seeking an optimal solution can only be
discussed on the grounds that people have the ability to
explore strategies. Moreover, if people did not try different
strategies in order to maximise results, or if they did so
without any regard to optimality (e.g., relying on common
belief, maladaptive routine, or random choice), the model
proposed in the current paper could not be accurate. But
several studies show that people are able to adapt their
strategies to the environment. Br&lder and Shifter [28] have
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shown that people choose decisional strategies
appropriately. Over 65% of their choices fit an optimal
strategy in a static environment, although they mostly fail to
detect a change in the environment that occurs while the
task is being performed. On the other hand, Newell and Lee
[29] have demonstrated that throughout the whole task
people can vary the amount of information taken from the
environment according to changes. Furthermore, the results
provided by Payne, Bettman and Johnson [30] show that
people are highly adaptive when responding to changes in
the environment which occurred during the experiment.

B. Generality of Decision Making

The Adaptive Toolbox theory states that there are many
qualitatively different strategies of decision making. The
alternative hypothesis presented herein claims that there is
one general strategy which is used in all classes of
decisional situations. This hypothesis may seem improbable
because it is evident that people behave differently in
different environments (e.g., [31, 32]). However, this fact
does not falsify the hypothesis about general decision
strategy. The strategy might be flexible; it could recreate
different specific strategies by adjusting some parameter.
Newell [33] has noticed that all major decision strategies
from the Adaptive Toolbox can be ordered with respect to
the amount of information required for making a decision.
This has led him to the hypothesis that there is a mechanism
which makes a decision on the basis of the amount of
information available in the environment and that it works
like acorresponding Adaptive Toolbox strategy which
requires the same amount of information.

However, this interesting proposition is purely
theoretical. Newell has not proposed any particular
mechanism which fits the criteria that he himself had
stipulated. Nevertheless, a few suggestions for a mechanism
that unifies compensatory and noncompensatory strategies
have been described by others. A significant example is the
study conducted by Lee and Cummins [34], who tested the
Evidence Accumulation Model (EAM) of decision making.
The model works by accumulating the cue-based evidence
indicating that a given alternative is the best one. When the
difference between the accumulated evidence strength of the
stronger and the weaker alternative surpasses a specified
value, the respective alternative is chosen. The idea of the
evidence accumulation is not quite new; it originally
appeared in the Random Walk Model [35, 36], and was later
applied in many decision making models (especially in
Diffusion Model [37]), but an interesting feature of Lee and
Cummins’ model is that it can reproduce the performance of
both compensatory and noncompensatory strategies
depending on the value of the requested evidence strength.

Also within the Adaptive Toolbox Theory, a mechanism
that adapts agents’ behaviour to environmental constraints
has been proposed. A model based on Strategy Selection
Learning theory (SSL [38]) learns to use different strategies
from a hypothetical repertoire. The model uses the
reinforcement learning paradigm [25] to learn which
strategy leads to the highest dividend in different
environments or classes of decision situation. The basic
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action which is evaluated after getting feedback is the
choice of a strategy. Also the basic state of the environment
is defined with general terms—it is the whole decisional
situation. At every step the model picks a predefined
strategy from its repertoire and applies it. After receiving
feedback it updates the metastrategy (the strategy for
choosing the elementary strategy) according to the
reinforcement learning rules. Although the SSL model does
not apply one general strategy but rather uses a metastrategy
to manage many simple strategies, it is nevertheless possible
that in some conditions it will emergently exhibit
a continuous adaptation of the informational intake.

Although the two previously mentioned strategies
accommodate information intake, they differ considerably.
While the EAM does indeed recreate different classes of
strategy, SSL just uses different predefined strategies
according to a policy determined by a metastrategy. On the
other hand, SSL tends to have optimal performance as it is
based on a general optimising paradigm of reinforcement
learning, while EAM does not aim to achieve optimality
directly.

Taking into consideration these objections to the
widespread notions of decision making, it seems reasonable
to propound a thesis according to which the assumptions
behind the contemporary view on this field (involving,
namely the bounded rationality and variety of strategies),
are alittle too far-reaching. Verification of the model
proposed will also be a verification of its two fundamental
claims: (a) human decision making is close to optimal, and
(b) there is one general and flexible strategy which recreates
many specific strategies. Phenomena which seem to deny
the optimality of decision making have usually been caused
by having a task or an environment poorly defined or by not
having properly understood the actual goal that an agent
attempted to achieve. These phenomena have also emerged
due to neglecting the fact that agent’s performance
depended on the environment in which the agents operated
or on agents’ features and preferences. The model described
below aims to take into consideration the previously
mentioned premises.

Moreover, the verification of the model is the
verification of an entire class of models because the
Optimising Model integrates many models, as it performs
differently depending on the features of the environment. It
includes both models belonging to adaptive toolbox as well
as models from outside of it, as long as they can be located
on Newell’s continuum of information requirement.

Il. THE MODEL

The optimising model relies on the assumption that
a decision maker’s main goal is to maximise a reward. The
reward is equal to the difference between received payment
and incurred costs, so the decision maker must achieve two
subgoals: maximising the probability of a correct choice and
minimising the costs. These two subgoals conflict because
the more information from the environment one receives,
the higher the probability of choosing the right alternative
becomes, but always at the expense of arise in costs
incurred by an agent.
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There have been many studies trying to find the relation
between the costs and expected reward value. The earliest
ones based the optimal criterion for terminating an
information search on the difference between odds that
a given alternative is correct. The results of research are
ambiguous. Edwards and Slovic [39] have showed that
people get as much information from an environment as is
optimal, taking into account its cost and expected gain. On
the other hand Fried [40] have found out that although
people use an optimal amount of information when they
have to decide in advance how much information they are
going to use, they get less than an optimal amount of
information when they can stop collecting information at
any time. Other studies [41, 42] have shown that people do
not use an optimal amount of information. A criterion of
optimality which was derived from Bayesian theory was
tested by Rapoport [43]. The subjects’ performance was
only partially consistent with model predictions.

A. The model’s Subgoals
1) Maximising the probability of correct decision

As stated by Edwards [44, p. 188] “information should
be sought only if the expected cost of obtaining it is less
than the expected gain from it”. This thesis can hardly be
considered to be false (at least as a normative statement),
but how can “expected gain” be assessed? The solution is
quite simple if the reward value is known, as the expected
gain is then proportional to the probability of receiving the
reward. The more information is received from the
environment, the more likely it is that the decision made on
the basis of this information will be correct. Thus in the
model the relation between the probability (P) of correct
decision and the amount of the analysed information (n) is
supposed to increase with negative acceleration (fig. 1), and
is determined by the formula 1,

P(n) = 1-(1-U(n))" @

probability of correct choice (P) — .
payoff value (1-k)
expected reward value (r)

0
Amount of perceived information (n)

Fig. 1 The expected reward value as a product of the probability of the
correct choice and the payoff value
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Function P uses Function U, which returns the probability
(in adiscrete case) or the density of the probability (in
a continuous case) of choosing the better alternative on the
basis of the information in Point n. Note that the Function U
can either be fitted to observed data or set on the basis of
the properties of the environment. The latter case is justified
when it can be supposed that subjects know the properties of
the environment (e.g., when they are provided to them
explicitly or when they can be learned during training). If
the Function U is determined by the properties of the
environment, the model has no free parameters.

2) Minimising the costs:

An environment in which information is free is both
unchallenging and unreal. It is unchallenging because the
optimal strategy in such an environment is simply to gather
all possible information as such a policy maximises the
probability of making correct decisions. It is unreal because
in the natural environment information is hardly ever free.
Gathering information usually consumes material resources
and energy or carries risk, but even if it does not, it still
requires time and cognitive resources to process the data.
There are many possible functions that describe how costs
increase as the amount of gathered information rises (e.g.,
linear, proportional to cue value or random). Since the costs
are cumulative, all of them are ascending and the expected
value of the reward (which is equal to the difference
between the starting value of the payoff and the value of the
cost) declines over n, regardless of an interpretation of n
(e.g. time, information portion, or processing progress).

As both subgoals described above depend inversely on
the amount of information obtained from the environment,
this amount must be optimised with regard to an overall
reward. Function r (see formula 2) returns the expected
reward on the basis of the probability of the correct choice
(P), gain of the correct decision (g), the function of the
information cost (k) and the cost of a decision (K):

r(n) = P(n)g —k(n) - K @

The optimal amount of received information is
argmaxnr(n) (where argmaxxf(x) is the value of x for which
function f returns the highest value).

As long as both functions P and k are continuous and
integrable, function r is also continuous and integrable. The
feature of continuity is helpful as k is not necessarily
a discrete cue charge, but it can reflect any costs (e.g., time
costs). Integrability is important due to the possibility of
applying the probability matching strategy.

Since optimal strategy depends on the environment in
which the decision is taken, people could be expected to
take the optimal amount of information in every trial only if
they explicitly computed the expected reward on the basis of
the amount of information taken. It is far more probable that
people learn the profitability of actions on the basis of
feedback. Thus, because the greedy strategy has previously
been said to be non-optimal when learning about an
uncertain environment, it seems plausible that the
probability matching rule will be applied to seeking
information.
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To reflect the probability matching rule in the optimising
model, Function R has been built into it. The function
returns the probability that a decision will be made after
obtaining the amount of information that is in the range [I,
h] and it is described by the formula 3:

h
[ r(n)dn
l

R(l,h) = =

r(n)dn
’ 3)
where 1 is the maximum amount of information available.
The function reflects the hypotheses that the probability of
getting an amount of information in given interval is
proportional to the expected reward for the action taken on
the basis of the information. Point estimation for the
expected reward is given by the function r, so the relative
value is a proportion of the integral of r over the given
interval to the integral of r over all the function domain.

B. The model performance

Due to its abstract formulation, equation 1 can reflect
various probability functions by using various U functions.
Let us consider the two most interesting instances of
function U.

1) The multiple cue choice task:

Symbol n refers to a cue revealed in the n-th step. Then
Function U specifies the probability of choosing the better
alternative on the basis of cue n, which takes into
consideration its validity and its discrimination rate
(frequency of cases in which the cue value is different for
different alternatives). Property that meets this criterion is
“success” [45]. In that case, the Function U and (as
a consequence) the Function P are discrete and not
differentiable.

2) The item recognition task:

In the task (as described by Ratcliff [37]) n refers to
time, and the probability of choosing the better alternative
on the basis of information perceived in agiven time
interval rises linearly with the length of the interval. Then
Function U is equal (d/dn)cn, where c is Ratcliff’s drift
parameter, and it takes the following form: U(n) = c.

Depending on the Function U, the Function P can be
more or less concave. The more concave it is, the earlier
Function r achieves its maximum, and therefore (as -k(n)
decreases) the bigger the maximum value is. Accordingly it
is optimal to use the order of cues that maximises the
concavity of P, which is, in the case of the multiple cue
choice task, the order based on success. Therefore the
success determines the order of cues which allows the most
efficient information search, but the model itself does not
include a mechanism for finding proper cue search order.
Empirical findings [45, 46] confirm the expectation that cue
search order is based on success.

One of the main features of the model is its generality,
which is defined here as a capacity for recreating many
decisional strategies which are considered to be elements of
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the Adaptive Toolbox [6] and some strategies outside of it.
Taking Newell’s [33] assumption about the continuous
quantitative difference between strategies, it is expected that
the model will be able to recreate strategies which use
different amounts of information. As the difference is
continuous, the model’s performance should not recreate
aset of particular strategies but rather any point on the
continuum from the most to the least informationally
demanding (e.g., from WADD to “take one” [14], or even
the extreme case of random choice). Since the model has no
free parameters, all variation within performance must
derive from environmental features.

The environmental feature which has been widely
proved to influence the amount of information taken for
a decisional process is the information cost. Available
results concern both the direct costs expressed in reward
units [13, 46] and time costs [30, 47] as well as memory
retrieval or computational costs [48, 31]. The model can
reflect the impact of costs of any type on the amount of
information collected from the environment as long as the
relation between the costs and the information can be
expressed as a function. In particular, the model can account
for well-specified cognitive costs of information processing.
It is probable that people treat the costs of processing
similarly to the objective external costs: Newell and Lee
[29] have shown that people tend to minimise the amount of
information processed during decision making. Indeed, the
optimising model uses various amount of information
depending on the information costs. The higher the costs
are, the lower both the optimal amount of information and
the expected amount of information taken by an agent who
uses the probability matching strategy are (see table I).

TABLE | INFLUENCE OF THE COSTS ON THE NUMBER OF CUES REVEALED BY

THE MODEL
Cue Number of .cues revealed
cost 1st quartile gg;g‘earl 3rd quartile
1 1.13 2.25 2.39
2 1.02 1.54 2.26
3 .84 1.14 1.92
4 49 .87 1.01

Note: The quartiles refer to informational intakes according to the
probability matching rule.

Another feature of the environment which is supposed to
affect the amount of information processed by an agent is
the relation between the validities of cues. The decisional
environments can be divided into two classes: compensatory
and noncompensatory. A noncompensatory environment is
defined as one in which, in every subset of cues, the most
valid cue has a higher validity than the sum of validities of
the remaining cues [49]. In compensatory environments the
validities of cues do not fit the above description. The
feature of being compensatory or noncompensatory can be
generalised as being continuous. Let us assume that the
more the most valid cue surpasses the validities of the
remaining cues in every subset, the more noncompensatory
the environment is.

According to rational analyses, compensatory strategies
like WADD will perform better in compensatory
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environments, whereas noncompensatory strategies, like
TTB, will similarly perform better in noncompensatory
environments [50]. The actual performance of the examined
subjects confirmed these predictions. It has been shown [13,
51] that in noncompensatory environments people use
compensatory  strategies less  frequently than in
compensatory environments. The model recreates this
phenomenon as well; the more noncompensatory the
environment is, the less cues it reveals (see table I1).

TABLE Il INFLUENCE OF THE TYPE OF ENVIRONMENT ON THE NUMBER OF
CUES REVEALED BY THE MODEL

Validity Number of cues revealed

imparit . Optimal )
y 1st quartile number 3rd quartile
-1 1.02 1.75 2.33
-7 1.07 2.04 2.35
-4 111 2.18 2.37

Note: The quartiles refer to information takes according to the probability
matching rule. The bigger the validity imparity, the more compensatory the
environment (imparity is an exponent of validity regression line).

C.

The model’s Predictions

There are three rules by which every decisional strategy
can be characterised. The searching rule determines which
algorithm is being used to get information from the
environment, particularly in what order the cues are
revealed. The stopping rule determines how much
information the strategy takes from the environment.
Finally, the decision rule determines which decision is made
on the basis of the information taken. Most studies, due to
practical reasons, examine just one of the strategy’s
features. In the present paper the searching rule is the
feature which is at the centre of attention. There are two
reasons for this. Firstly, the model’s predictions concerning
the amount of information taken are quite different from
other model’s predictions (as was stated previously, the cue
order used by the Optimising Model is consistent with cues’
success). Secondly, according to both the searching rule and
the decision rule, the model gives deterministic predictions,
which are more difficult to test quantitatively than
indeterministic predictions.

The process of optimising the amount of information
taken from the environment in the model described herein
involves a trade-off between two opposite goals (hamely
maximising the probability of making the correct decision
and minimising the costs). One of the ways to determine
whether there actually are two subprocesses which aim to
fulfil these two goals is to try to affect the subprocesses
selectively. The hypotheses assuming the separation of the
subprocesses are based on the Prospect Theory [4], which
predicts what conditions can influence the perceived scale
of gain and loss. The Prospect Theory can therefore be used
to manipulate the representation of the values of costs and
rewards.

The Prospect Theory states that subjective perception of
loss or gain is not a linear function of objective changes.
The actual function has four features. (a) It is defined in the
domain of gains and losses instead of absolute values. (b) In
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the case of two identical objective changes the perception of
loss is bigger than the perception of gain. (c) The function is
convex for losses and concave for gains. (d) The function
increases with positive acceleration for losses and negative
for gains.

The complex progress of the function of the subjective
value change gives rise to the expectation that in different
conditions the motivation to avoid loss and the motivation to
gain will have different strengths. One possible influence on
the disproportion between these motivational strengths
relies on the fact that in the case of two identical objective
changes the subjective perception of loss is bigger than the
subjective perception of gain. The expected value of the
subjective change (which is an effect of an objective change
of a given size) is negative when the direction of the change
is unknown (e.g., when no feedback on rewards is given).
Therefore, the expected strategy chosen by people whose
goal is to maximise the accumulated reward would be
a conservative one (i.e., by using more information). Such
a strategy would allow for assurance from expected loss. By
contrast, when people can monitor their progress and react
to the negative effect of excessively risky behaviour, there is
no need for assurance in the form of a conservative strategy.

Another way to affect the trade-off between the two
subgoals of the presented model is related to the fact that the
function of the subjective value of the changes is convex for
losses and concave for gains, thus explaining the reflection
effect, which in turn implies that risk aversion in the
positive domain is accompanied by risk seeking in the
negative domain [4]. The consequence of this variation in
the curvature of the function is the following. The expected
value of the change (when the direction of the change is
unknown) is positive for aperson who perceives their
position as negative in comparison to some reference point
and, similarly, the expected value is negative for a person
whose position is perceived as relatively positive. So, if
there is a predecisional trade-off described above that works
by adjusting the amount of information to be processed, the
output of the trade-off should be affected by (a) the
possibility of monitoring the rewards and by (b) the
subjective relative position of the decision maker in the
dimension of losses and gains.

The best criterion for choosing one of the models
described above is the one that includes their match to the
observed data and their complexity. The latter can be
evaluated only in comparison to other models. The models
that were chosen to be compared against the Optimising
Model were TTB and the Evidence Accumulation Model.
Firstly, because they are the most widely discussed simple
models of decision making, and secondly, because they
predict among other phenomena the amount of information
taken from the environment, which is the main feature of the
model’s strategy examined in this research.

“Take The Best” is a lexicographic, recursive and
deterministic model of decision making. It works by
comparing cue values for two alternatives in order of the
cue’s validity. If the most valid cue discriminates, the
alternative which is indicated by the cue is chosen. If the
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cue does not discriminate, the TTB runs through the set of
remaining cues. When the set is empty, random alternative
is chosen. Thus, the frequency of revealing n cues by TTB is
equal to d; for the first cue, (ITt"™* 1-dy)d, for the middle
cues ITe"' 1-d, for the last cue, where dy is the
discrimination rate of the k-th cue.

The Evidence Accumulation Model is generally similar
to TTB in the way that it reveals cues in order of their
validity and makes a decision if cue-based information
indicates one of the alternatives with sufficient credibility.
However, computing the number of cues revealed is a bit
more complicated in this case as more information must be
taken into consideration. Apart from the cues’
discrimination rate, their validities and threshold parameter
must also be included in the analysis. However, the
frequency with which a cue is revealed is constant in some
intervals of threshold parameter values. The interval limits
depend on cue validities. For example, if the threshold
parameter is low enough, the EAM behaves exactly like
TTB because any discriminating cue makes the evidence
strength pass the threshold, thereby causing a decision to be
made that is consistent with the cue’s indication. On the
other hand, if the threshold parameter is higher than some
critical value, EAM applies a compensatory strategy which
makes a decision on the basis of all cues.

These two models can, however, be a little awkward, as
they are both deterministic. It means they cannot be
evaluated by the use of the measures that take into account
information about the probability of the model given the
observed data (e.g., BIC, MDL, or K — bayes factor [52]).
The models also make predictions that render them too
easily falsifiable on the basis of some observations: both
TTB and EAM predict that people would reveal at least one
cue. Since the likelihood of at least one success given the
model that predicts zero successes is zero, these models
would be falsified if a decision was made after revealing no
cues. Rejecting these models on the basis of the
aforementioned fact, were it ever observed, would be
nonetheless a little premature. Such observations, providing
their number is small, can stem from an error rather than
a systematic trend. Besides, both models can be easily
extended with some error parameters to eliminate the
problems discussed. After adding the parameter s that
describes the probability of stopping the information search,
which was typically continued in the original versions, both
models become probabilistic and capable of predicting
a non-zero likelihood for all numbers of cues revealed. The
basic models are then specific cases of the extended models
withs=0.

Three hypotheses based on inference presented above in
this section were tested. (a) In the loss condition, subjects
will collect less information that in the gain condition
because of asymmetry of the subjective perception of loss
and gain (1st experiment). (b) In the feedback condition,
subjects will collect less information that in the no-feedback
condition because of the non-linearity of the subjective
perception of loss and gain (2nd experiment). (c) There will
be a match between the amount of information collected by
the subjects and the amount predicted by the model in both
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experiments. Particularly: the match will be better than for
other models considered.

I1l. METHOD

A. Participants

Two experiments were performed. All 48 subjects (26
women) participated in both. The mean age of the subjects
was 20.52 (range: 19-24). The subjects were college
students from Krakow, Poland. All were randomly drawn
from a pool of students who had agreed to participate in
experiments for course credits. Participants were paid for
taking part in the experiment. The amount of payment
depended on the level of task performance, and on average

it was 2521 PLN (= €6). In each experiment the
participants were randomly divided into two groups: control
or experimental and, independently, they were assigned to
one of the two conditions: involving low or high cue costs.

B. Apparatus

The subjects were tested with a computer application
consisting of a forced-choice multiple-cue task. The task
consisted of aseries of decisional situations. In each of
them, subjects had to choose one of two given alternatives.
The choices could be based on the values of cues. In every
decisional situation three binary cues were available. All
were covered, and revealing any of them involved some
specified costs. Revealing a cue would result in displaying
the values of the cue for both alternatives. Choosing the
correct alternative was rewarded with a specified number of
points. Every decision, irrespective of its correctness, cost
another number of points. The costs of revealing a cue could
be either high (.1 of reward value) or low (.05 of reward
value) depending on the condition. After each decision
subjects were given feedback about its correctness, they also
had their points balance displayed. Cues validities were: .9,
.8, and .7, whereas discrimination rates were: .33, .4, and
.47. The cue display order was randomised.

C. Models implementation

The Optimising Model was implemented in R whereas
TTB and EAM were implemented in Lisp. Although in the
multiple-cue forced-choice task subjects used discrete
pieces of information, applying the probability matching
strategy requires the use of a continuous version of function
r. So instead of discrete values of cues’ success (.632, .620,
and .594), which provide values of r only in three points
(U(2), U(2), and U(3)) the linear function of the success was
used (U(n) = -.019n + .6533). The line was regression line
of the three above-mentioned points. The model’s prediction
was generated using Function R (formula3) with
environment based values of costs and payoffs. The
probability of revealing n cues was defined as R(n-.5, n+.5).
The threshold parameter in EAM was optimised
analytically, whereas the s parameter in extended versions
of TTB and EAM was optimised using the Nelder-Mead
method. Both parameters were optimised in order to
minimise root mean square deviation (RMSD).
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D. Procedure

First, the subjects were asked to imagine that they were
engineers looking for a deposit of some mineral. They were
told that they should choose from two possible searching
locations “A” and “B”. They were also told that searching
itself costs a given number of points and that they gain
a specified number of points for making the correct choice.
The subjects were informed that they could use a few tests
to examine the locations and that these tests had a described
price, validity and discrimination proportion. The costs of
all the cues were equal and visible for subjects, but the
validity and discrimination rate were hidden and different
for all the cues. As the cues’ properties were not provided to
subjects explicitly, they had to try to discover all features of
the cues that they needed during the training phase (either
directly or as some features of the strategy that they found
optimal). All the cues’ features remained unchanged
between training and test.

The task consisted of two parts: training and actual task.
Performance in the training phase was not rewarded because
it could prevent subject from exploring different strategies.
Subjects began the training phase with 0 points and their
goal was to collect as many points as possible within 75
trials. Points gained during the training phase were not
included in the overall sum. After the training phase
subjects went on to the actual task, which consisted of 55
trials, their goal was again to collect as many points as
possible starting with 0 points. The reward depended on the
number of points collected in the latter phase.

In the loss condition (experimental condition of the first
experiment) subjects began with negative number of points
(-450 in the training phase and -375 in the actual task) and
their goal was to reach zero points (in no more than 150
trials). In the no feedback condition (experimental condition
of the second experiment) the subjects received no feedback
and they did not have the point balance displayed.

All subjects participated in both experiments described.
In each of the experiments they were randomly divided into
two equinumerous groups: control and experimental, and
independently assigned to high or low cost condition. Thus,
each subject performed one condition on one cost level in
each of the two experiments (assignment to the
manipulation and the cost were independent for each
experiment). The cue order was randomised and did not
reduplicate between experiments for any subject.

IV. RESULTS

All the analyses described below were performed with R
language [53]. Since the model predicts a particular
distribution of the number of cues revealed and because
distribution carries more information than a mean number of
revealed cues, a proportion test was used in all analyses.
The analyses do not include the training phase results. In
both experiments a statistically significant influence was
found concerning the cost of revealing a cue on the number
of cues revealed. In the first experiment the proportion for 0,
1, 2, and 3 cues was respectively: .02, .27, .32, and .39 for
the .05 cost condition and .03, .31, .38, and .28 for the .1
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cost condition (y? = 110.19, p <.0001, df = 3, N = 1262). In
the second experiment the proportion was .06, .25, .38, and
.32 for the low-cost condition and .03, .32, .33, and .32 for
the high-cost condition (xz =44.19, p<.0001, df=3,
N = 1310). In the first experiment the proportion of guessing
(choosing an alternative with no cues revealed) was almost
the same in both cost conditions (proportion test based 95%
confidence intervals for .024: [.016, .034], and for .029:
[.019, .038]). The difference between conditions was
supported by the fact that in the high-cost condition
participants revealed all cues less frequently (.28 in
comparison to .39, 95% CI for .39: [.363, .417], and for
.279: [.255, .304], they more often made decisions after
revealing one or two cues. In the second experiment there
was no difference between the proportions of revealing
three cues, and a very small difference (although statistically
significant) between proportions of guessing (95% CI for
.056: [.044, .07], and for .027: [.019, .037]). Most of the loss
of the revealed cues number in the high cost condition was
caused by making a decision on the basis of one instead of
two cues in that group.

There were significant differences between the
proportions of cues revealed in the control and the
experimental conditions in both experiments. During the
first experiment, in the loss condition subjects more often
ended exploration after revealing less cues than the optimal
value, and in the gain condition they more often revealed
more cues than the optimal value (XZZ 57.96, p <.0001,
df =1, N=1242). Similarly, in the second experiment, in
the feedback condition subjects more often ended
exploration after revealing less cues than the optimal value,
and in the no-feedback condition they more often revealed
more cues than the optimal value (3*=50.2, p <.0001,
df =1, N = 1312, see Table I11). The optimal number of cues
revealed was 1.75 for the low cue cost condition, and 1.1 for
the high cue cost condition.

The task was performed in three conditions (one control
identical for both experiments and one experimental for
each experiment). Since there are no theoretical reasons for
considering any of the conditions to be basic or to be the
primary version of the task, and the manipulation was
supposed to change the number of revealed cues, the
model’s general predictions were compared with mean
performance in all conditions. The model performance
proves to match subjects’ performance well (RMSD = .02,
r’ = .98), see the figure 2. In particular the model recreates
the change in frequency of revealing one and three cues
between two cost conditions as well as the relative
constancy of frequency of revealing zero and two cues. In
both model’s predictions and subjects’ behaviour, one cue
was revealed more often in the high cost condition than in
the low cost one. By contrast three cues were revealed more
often in the high cost condition than in the low cost one.

TABLE Il PROPORTION OF NUMBERS OF CUES REVEALED IN DIFFERENT

CONDITIONS
Exper N Proportion of the number
iment Condition of cues revealed
OQorl 20r3
| Gain, cost = .05 .25 .75
Gain, cost = .1 .29 N4

-44 -




Review of Psychology Frontier

Gain, indiscriminately 27 .73

Loss, cost =.05 .34 .66

Loss, cost =.1 4 .61

Loss, indiscriminately .37 .63

Il Feedback, cost = .05 .39 .61
Feedback, cost = .1 .36 .64

Feedback, indiscriminately .37 .63

No feedback, cost = .05 .22 .78

No feedback, cost = .1 .34 .66

No feedback, indiscriminately 28 72

Note: All differences are statistically significant (p <.001, with Benjamini
and Yekutieli’s correction).

The Optimising Model’s match was compared to the
match of two other models: TTB and EAM in both their
basic and extended versions. For EAM, the threshold
parameter was optimised for each cost condition. The EAM
achieved the best match for the threshold in the range (0,
1.386], for both cost conditions, and its predictions of the
proportions are the same as TTB’s: 0, .33, .268, and .402 for
0, 1, 2, and 3 cues revealed. EAM’s match is equal within
the whole interval because as long as the threshold is not
larger than In v¥/(1-v?) (where v* is validity of second most
valid cue), any discriminating cue exceeds the threshold or
is the last available one—in both cases the choice is made
after picking the cue. TTB’s and EAM’s RMSD and r?
(RMSD = .07, r*=.81) turned out to be worse than the
Optimising Model’s one.

The extended versions of TTB and EAM achieved the
best match for s=.048 (and for the EAM’s threshold
parameter remaining in the same range as for its basic
version). Their match to data was slightly better than for
their basic versions (RMSD =.05, r’=.83). Since the
simplest model (The Optimising Model) clearly achieved
a better match than the more complex ones, there is no
further need to compare the measures which take into
account their complexity, as it would not provide any
additional information.

The figure 2 shows the TTB’s and EAM’s match to data
(in the base versions of both models). Although both models
predict the frequency of guessing (and frequency of
revealing one cue in high cost condition), they fail to match
the frequencies of revealing two or three cues. The models
predict that three cues will be revealed more often than two,
while subjects make a decision on the basis of two cues as
often as on the basis of three ones (in low cost condition), or
even more often (high cost condition).

V. CONCLUSION

There were two groups of questions that the experiments
had to answer. The first group considered the issues of
rationality and the generality of human problem solving. Do
people behave optimally while making a decision? Do they
use one general strategy? Most importantly, can they use
a strategy that is both general and optimal? The second
group of questions considered the proposed model itself.
Does the model describe human decision making behaviour
accurately? Can the two opposing subprocesses which make
up the suggested strategy be noticed in people’s behaviour?
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Fig. 2 Match between the models’ predictions and subjects’ performance

Contrary to the specific hypotheses concerning the
mathematical model, it is difficult to confirm any strong
hypotheses about the generality and optimality of human
decision making by one series of experiments alone.
However, the results show that people behave in the same
way as amodel that is designed to achieve an optimal
solution to a decisional problem and is so general that it can
recreate many strategies which are believed to be
qualitatively different. Therefore, it can at least be said that
the general hypotheses have been partially corroborated, and
that the results are a good starting point to follow up studies
which further explore these questions.

The rationality that underlies the proposed model has
a specific meaning. It is neither the classical economic
rationality which does not allow for cognitive biases and
limitations, nor Simon’s [7] bounded rationality which
assumes that people are not able to efficiently progress
towards an optimal solution. The rationality assumed in the
present paper is defined in relation to an optimal solution of
a given task and reflects the biases which are known (e.g.,
the probability matching rule) or expected (e.g., subgoals
asymmetry depending on the gain-loss condition). These
biases are neither random nor derived from limitations of
human cognitive abilities. Although they may appear non-
adaptive in certain environments, they are, in fact, adaptive
in more general and common conditions.

The generality which is defined here as the capability of
the model to recreate behaviour of many qualitatively
different strategies by manipulation in some continuous
parameter is not complete. The model is supposed to imitate
most decisional strategies from the Adaptive Toolbox [6]
and some strategies from outside of it (e.g., WADD), but it
still remains within Newell’s [33] continuum of strategies
ordered with regard to information requirements. Therefore,
if the presented results reveal anything valid about
rationality and generality, they do not tell us that human
decision making is absolutely rational and general, rather
they show how general it is and what kind of rationality it
involves. The assumptions about optimality and generality
are not applied in the model independently. The model
emulates many strategies with the use of one mechanism
because it tries to behave optimally in different
environments, and as long as the environments are
substantially different, the strategies which are optimal in
them are also different.



Review of Psychology Frontier

Next to the importance of the general findings, the
presented results might be interesting in the context of this
particular model. As stated earlier “this particular model” is
actually an entire class of models which can be recreated by
the Optimising Models depending on the environmental
features.

The match between experimental data and the model’s
prediction is good, especially considering the fact that the
model has no free parameters, so its output values spring
from a simple application of the postulated mechanisms to
the features of the environment, not from a manipulation of
parameters aimed at obtaining the expected results. The
model also performs well in comparison to other models of
decision making. The two models that it was compared
with, TTB and EAM, are based on different theories. “Take
The Best”, most commonly examined strategy from the
Adaptive Toolbox, is being opposed to the “rational”, highly
demanding strategies like WADD. The Evidence
Accumulation Model is supposed to integrate two Kinds of
models: the “fast and frugal” as well as the “rational”. Both
models perform worse than the Optimising Model despite
their higher complexity (in their extended versions).

Moreover, since the Evidence Accumulation Model
achieves the best match for a low threshold parameter, it
performs identically to TTB. Therefore, the threshold
parameter does not improve the fitness of the model and as
aconsequence the TTB, being simpler, should be
considered the better of the two models in the domain of
predicting the amount of information obtained in the tested
environments.

The mere fact that the suggested model’s predictions
match empirical data does not give reason to find this
particular model true, as there could be other models that
make the same predictions. Therefore, further hypotheses
were presented that focused on the postulated mechanisms
of the model. It was assumed that if there are two opposing
goals of the decision process (maximising the probability of
making the correct choice and minimising the costs), they
can be influenced separately under some conditions. The
results confirm these hypotheses: along with some
controlled changes in the features of a decisional
environment (namely: providing or withholding feedback
and affecting the subjects’ sense of loss or gain) people
focused accordingly on one of the goals mentioned above,
which in turn had an influence on the number of cues
revealed.

It requires further research to uncover the specific
impact that different factors have on the disproportion
between validity of the subgoals and to provide a detailed
description of the mechanism in question. But, before
addressing the problem of the exact mechanism used in
decision generating, it iS necessary to answer two
preliminary questions about what, on the one hand, decision
making itself is, and, on the other hand, how on a general
level more specific questions can be raised. The results
presented allow the supposition that, firstly, the decision
making consists of optimising behaviour in order to
maximise the reward value, and secondly, that hypotheses
concerning decision making can be formed on the most
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general level, and for various decisional behaviours seem to
emerge from one process of maximising the difference
between gains and costs.

Although the Optimising Model has been confirmed by
empirical results, both by achieving a good match to data
and by recreating qualitative phenomena, more research
must be done to fully confirm the general hypotheses
concerning the optimality and rationality of decision
making. To unmistakably show its generality, the model
must be tested in many different environments, which differ
not only with regard to costs but also to cost increment
function or to the relation between validity and
discrimination rate. Also the hypothesis concerning the
optimality of human behaviour awaits broader verification
as well as theoretical analysis. Finally, further research
could reveal the particular structure of the decisional
mechanism, for both of the discovered subprocesses are
likely to consist of multiple components which affect their
working in the same way as the subprocesses themselves
affect the general decision making process.
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