Chapter 2

Various Approaches to Decision Making

Life is the art of drawing sufﬁcient conclusions from insufﬁcient
premises
—Samuel Butler (Telling it like it is, Paul Bowden, p. 88)

Abstract In general, two paradigms deal with the categorization of decision theories: the descriptive and normative theories. Descriptive theories are based on
empirical observations and on experimental studies of choice behaviors. But the
normative theories speciﬁcally assume a rational decision-maker who follows
well-deﬁned preferences of behaviors as well as obeys certain axioms of rational
processes. The axiomatic approach plays an important role in formulating these
theories of decision making. In this process, theories of decision making are often
formulated in terms of deterministic axioms. But these axioms do not necessarily
account for the stochastic variation that attends empirical data. Moreover, a rigorous
description of the decision process is provided only through real/time perception.
Then it is possible to avail the real-time decisions by repetitive application of the
fundamental cognitive process. In such a situation, the Bayesian framework provides readily applicable statistical procedures where typical inference questions are
addressed. This framework offers readily applicable statistical procedures, and it is
possible to address many typical inference questions. But, in many cases, the
applicability of algebraic axioms comes into question concerning viability, especially, when the application connected to empirical data arises. Again, the probabilistic approach to decision making needs to be investigated properly in order to
study the empirical data. In such cases, where typical inference questions are
addressed, the Bayesian framework provides readily applicable statistical procedures. Attempt has been made to study the various aspects of the Bayesian approach
to analyze the observational data found in the new empirical ﬁndings on decision
making.
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2 Various Approaches to Decision Making

In the traditional approach to decision making or judgment, a comparison is made
between a decision and a judgment (that is, a decision or judgment about what to
do), and a standard one or “benchmark”. This leads to an evaluation of whether a
particular decision or judgment is good or bad relative to the standard one.
Decision-making behavior is present in almost every sphere of life and so is studied
in many very different ﬁelds, from medicine and economics to psychology, with
major contributions from mathematics, statistics, computer science, artiﬁcial intelligence and many other branches of the scientiﬁc–technical disciplines. However,
conceptualization of decision making and the methods applicable for studying it
with success vary greatly. This has resulted in fragmentation of this ﬁeld.
According to Wang, “Decision making is one of the 37 fundamental cognitive
processes modelled in the Layered Reference Model of the Brain (LRMB)” , where
each of the disciplines explores speciﬁcally the special aspect of decision making
connected to a particular problem in that discipline. So, the basic problem for the
conceptualization of decision making is to address what kind of methods are needed
to be applied and followed successfully, to study it. These methods vary in substantial ways, from problem to problem, the results of which lead to the fragmentation of this ﬁeld into many categories.
The criteria for the success of this theory cover the whole decision cycle. They
consist of, e.g., the framing of a particular decision which has been reached based
on beliefs, goals, etc. They should also include the background knowledge of the
decision-maker regarding the formulation of the decision options. It establishes
more preferences compared to others, together with making commitments which
ultimately initiate the making of some new decisions. These decisions may lead,
again, to some other newly developing indecision. The next step of the problem
concerned necessitates in bringing steps where, in turn, it is needed to incorporate
the reasons towards the consecutive cycle about previous decisions as well as the
rationales for them. This process, ultimately may lead either to the revision or
abandonment of commitments that already exist. In this way, the theory of decision
making depends on the successful roles played by other high-level cognitive
capabilities like problem solving, planning and collaborative decision making.
Three domains are responsible for assessing the canonical approach: artiﬁcial
intelligence, cognitive and neuropsychology and decision engineering. These
standards can be achieved or provided in “normative models”. ‘Normative’ means
relating to a model or an ideal standard. In this approach, people are primarily
concerned in making their decisions logically and rationally.
The normative process is typically contrasted with informative (referring to the
standard descriptive, explanatory or positive content) data. This can be termed as
supplemental information, for example, additional guidance, tutorials, history,
supplemental recommendations and commentary, as well as the background
development together with relationships with other elements. Informative data is
not a basic requirement and doesn’t compel compliance. They are valuable because
of their sets of rules or axioms which are derived from utility theory in economics
and probability theory. These can be used to test the predictions about human
behaviors. Biases are studied if the behavior deviates from the predictions of
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normative models. There are other approaches to decision making than the normative approach, e.g., the rational theory of decision making.
Thus decision making is linked with a vast set of phenomena and processes
(Rangel et al. 2008; Sanfey and Chang 2008). For example, all human beings when
in normal, healthy, mental and physical states, try to make decisions resulting in
their natural control of their actions: “I would rather prepare for the exam instead of
joining that evening party”, i.e., some kind of self-conscious control of decisions
and actions comes into play. But voluntary control of actions can be realized only
from the angle of pure reflexes. When hit by the doctor in the right spot, the
patient’s foot moves without having any intention. But regarding reflexes, it can
happen due to earlier learned experiences which could be encountered in most
common experiences. An example of such reflexive decision making, i.e., of taking
action (controlling the speed or when to stop, etc.), is when you start to apply your
car’s break even before you become aware of your conscious decision, and it
happens as fast as a reflex. The classic experiment in the research ﬁeld of human
volition was performed by Libet (1985a, b). However, after a modiﬁed and modern
version of this experiment, the authors (Soon et al. 2008) sought to predict the ﬁnal
response outcome, based on the activity patterns observed via localized brain
waves. They observed the activity patterns in the frontopolar cortex V, seconds
ahead of the “urge to move”, which enabled them to predict the ﬁnal choice (Soon
et al. 2008). While the latter result was above chance, however, one cannot arrive at
a reliable prediction. Research advances of modern neuroscience lead us to classify
the approaches to decision making as follow in the next section.

2.1

Decision Making (On the Basis of Human Decisions)

To start with, on the basis of human decisions, decision making can be categorized
so:
I. Decision making, developed for money making, i.e.,
• Mathematical formalization, made in game theory.
• Phenomenological models of rationality.
II. Decision Making (with application from and of neuroscience):
These are models based on learning theories from artiﬁcial intelligence
(AI) research, i.e.:
• Based on the ﬁndings of neural correlates of realistic models of decision
making in the brain.
• Models arising from understanding the cellular basis of cognition.
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Canonical Approach and Normative Models

In general, two paradigms can be stated as dealing with the categorization of
decision theories into descriptive and normative theories. Descriptive theories are
based on empirical observations and on experimental studies of choice behaviors.
But the normative theories speciﬁcally assume a rational decision maker who follows well-deﬁned preferences of behaviors, as well as obeys certain axioms of
rational processes. Many researchers (e.g., Zachery et al. 1982) have proposed three
components of decision making as the main contributors, identifying them as:
1. decision situation
2. decision maker
3. decision process
Even if different decision makers possess cognitive capacities varying greatly in
degree, the human brain shares similar and recursive characteristics and mechanisms, with all the core cognitive processes being interconnected within the
mechanism of the brain. The canonical approach to decision making can be
assessed in three domains:
1. cognitive and neuropsychology
2. decision making in artiﬁcial intelligence
3. decision engineering
All these standards can be achieved or provided in “normative models”.
Normative, by deﬁnition, relates to an ideal standard of model, or is based on what
is considered to be the normal or correct way of doing something. Typically, the
informative data approach is in contrast to the normative approach. The informative
data approach can be applicable and related to standardized positive contents. Here,
the data could have the nature of a descriptive or explanatory nature, which can be,
for example, supplemental information or recommendations, additional guidance,
etc. This also includes data from the tutorials, or from background history, development, and relationships with other elements. It is interesting to note that informative data does not require and compel compliance. They are valuable because of
their set of rules or axioms which are derived from utility theory in economics and
probability theory. These can be used to test the predictions about human behaviors.
Biases are studied if the behavior deviates from the predictions of normative
models.
There are other approaches to decision making than normative models, which
vary in the extent they correspond to observed choices. But the normative approach
can be stated as a rational theory of decision making. However, there exist differences between these three functions—descriptive, normative and prescriptive
when choosing models, where the evaluation criteria are interesting to study. For
example, empirical validity, i.e., the extent to which they correspond with the
observed data, determines the evaluation of descriptive models, whereas normative
models are evaluated only when the theoretical adequacy, i.e., the degree to which
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they provide acceptable idealization or rational choices, is provided. Lastly, the
ability in helping people to make better decisions, i.e., their pragmatic values, are
deciding factors for the evaluation of the prescriptive models. However, difﬁculties
are faced in deﬁning as well as in evaluating all these three criteria, which could be
encountered by the students of philosophy of science. It is also a fact, nevertheless,
that the criteria are obviously different, thus indicating that the argument posed in
the case of normative model might not be an argument against a descriptive model
and vice versa.
Next, considering the property of stochastic dominance, this condition is considered as the cornerstone of rational choice, and any theory contrary to this can be
regarded unsatisfactory from a normative standpoint. A descriptive theory, on the
other hand, is expected to be responsible in accounting for the observed violations
of stochastic dominance problems 2 and 8 as stated and explained in Tversky and
Kahneman (1986). Only prescriptive analysis could be developed in order to
eliminate and reduce such violations. The failure of dominance therefore could be
the only answer to this kind of violation culminating in the proper counter-example
to a normative model. It is due to this fact that this could be the observation to be
explained by the descriptive model, and it appear to be a challenge for a prospective
model.

2.1.2

The Axiomatic Approach

The axiomatic approach, belonging to the ﬁrst category of approaches, plays an
important role in formulating theories of decision making (Roberst 1979). In this
process, theories of decision making are often formulated in terms of deterministic
axioms that do not necessarily account for stochastic variations that attends
empirical data. But, a rigorous description of the decision process is only possible
when provided through real-time perception. Then it is possible to avail the
real-time decisions by repetitive application of the fundamental cognitive process.
In many cases, however, the applicability of algebraic axioms comes into question
regarding viability, especially when applications connected to empirical data arise.
The axiomatic approach is intended to characterize the fundamental principles of
human decision making, which provides the necessary inputs to ﬁnd out the
essentially important and sufﬁcient conditions needed for the existence of numerical
representations. Usually, the deterministic axioms are the real base upon which the
decision-making theories are formulated, and these axioms do not take into account
the stochastic variation associated with empirical data. But the probabilistic
approach to decision making, again, needs to be investigated properly to study the
empirical data. In such cases, where typical inference questions are addressed, the
Bayesian framework provides readily applicable statistical procedures. This situation arises when algebraic axioms are applied to empirical data, and the applicability of these axioms is to be tested. It is well known that employing a prior
distribution is the key idea of the Bayesian framework where the parametric order
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constrains the implications of a given axiom. Here, the Bayesian framework is
discussed, considering this as a suitable probabilistic approach to handle the
empirical data employing a prior distribution that represents the parametric order
constraints, implied by a given axiom. Usually, to estimate the posterior distribution, modern methods of Bayesian computation such as Markov chain Monte Carlo
(McMC) is used. The advantage of following this method is that it provides the
needed information enabling an axiom to be evaluated. Speciﬁcally, the descriptive
adequacy of a given model is assessable only when we adopt the Bayesian p-value
as the criterion. In turn, this can assess the descriptive adequacy of a given axiomatic model so that it becomes possible to select the deviance information criterion
(DIC) among a set of candidate models.
Bayesian framework, thus, can be tested in this way and at the same time helps
us to test already established, well-known axioms of decision making which also
includes the axioms of monotonicity of joint receipt and stochastic transitivity. It is
a well-known fact that monotonicity is a property of certain types of
digital-to-analog-converter (DAC) circuits where the analog output always
increases or remains constant whenever the digital input increases. This characteristic becomes an important factor in many communications applications in which
DACs are used. It is interesting to note that such applications can function in the
presence of nonlinearity, but not in the presence of non-monotonicity.

2.1.3

Bayesian Probabilistic Approach

Since this book studies modelling in the cognitive domain, speciﬁcally we will
focus our attention on the Bayesian approach in the context of brain functions. Our
thoughts, though abstract, are determined by the actions of speciﬁc neuronal circuits
in our brains. The new ﬁeld under consideration is known as “decision neuroscience” which is meant to discover these circuits, thereby mapping thinking on a
cellular level. This way, cognitive neuroscience, a joint investigation with the aim
of investigating the nature of human intelligence, is connected to decision making.
Particular emphasis is given to improving these functions through cognitive neuroscience, based on the knowledge of the neural basis on which human beings make
decisions. This includes two aspects, i.e., how we learn the value of good, as well as
the actions to be taken.
Among all global brain functions, arguably, the ability to predict the outcome of
future events is universally the most signiﬁcant. The results of a given action
depend not only on the ability to anticipate the amount of the outcome, but also on
sensory stimuli. This information is fed by not only the outside world but also from
previously learned experience or inherited instincts. As a next step, applying prior
knowledge to decision making, as well as that to judgment, is then absolutely
needed to develop a theory of inference. Typically, it has been found that the
Bayesian models of inference are useful in solving such problems involve probabilistic frameworks. According to Atram (1985: 263–264):
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By nature, human minds everywhere are endowed with common sense. They possess
universal cognitive dispositions that determine a core of spontaneously formulated representations about the world. The world is basically represented in the same way in every
culture. Core concepts and beliefs about the world are easily acquired, yet they are
restricted to certain cognitive domains and are rather ﬁxed. Not all advocates of domain
speciﬁc biological constraints on cognition are so concerned to stress that only one outcome
is permitted.

The basic question, addressed by the Bayesian framework is to ﬁnd out the way
how one updates beliefs and achieves the result, makes inferences, and applies the
observed data. However, appropriate application of Bayesian analysis in the human
cognitive domain has remained largely unexplored. Only a few attempts have been
made (Grifﬁth et al. 1998; Yu and Smith 2007; Berniker and Körding 2008; etc.) to
model or explain human-brain dynamics rather than the cognition mechanism
(although the two are deﬁnitely related). In this regard, Bayes paradigm may offer a
possible solution by offering a tractable version of the so-called hierarchical
modelling of the Bayes paradigm, which may be termed as the “Bayesian Brain
Hypothesis” (Friston 2003, 2005; Knill and Pouget 2004; Doya et al. 2007).
According to Grifﬁth et al. (2000: 29):
Cognitive processes, including those which can be explained in evolutionary terms, are not
“inherited” or produced in accordance with an inherited program. Instead, they are constructed in each generation through the interaction of a range of developmental resources.
The attractors which emerge during development and explain robust and/or widespread
outcomes are themselves constructed during the process. At no stage is there an explanatory
stopping point where some resources control or program the rest of the developmental
cascade. “Human nature” is a description of how things generally turn out, not an explanation of why they turn out that way. Finally, we suggest that what is distinctive about
human development is its degree of reliance on external scaffolding.

Thus, this characteristic turns out to be a major virtue of the hierarchical, predictive coding account. Following Clark (2012), we can arrive at the conclusion that
this method effectively implements a computationally tractable version of the
so-called Bayesian Brain Hypothesis. “But can Bayesian brains really be the same
as a predictive brain? Or is the claim merely informal or imprecise, shorthand for
something which is formally and factually false?”
However, even besides being an intrinsically interesting and suggestive one,
demonstration of behavior through this model needs to be established. Especially,
the need resides in the observation of facts by which one could arrive at strong
conclusions regarding the shape of the mechanisms that generates those behaviours.
In the hierarchical predictive coding framework, the brain is assumed to represent
the statistical structure of the world at different levels of abstraction by maintaining
different causal models which are organized, accordingly, on different levels of a
hierarchy. In such a case, each level of abstraction obtains input from its corresponding subordinate level. Now, predictions, for the level below, are made by
employing a feed-backward chain. This means that the errors obtained between the
models’ predicted and the observed (for the lowest level) or inferred (for higher
levels) input at that level, are used. These are carried out:
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(a) In a feed-forward chain to estimate the causes at the level above and
(b) To reconﬁgure the causal models for future predictions.
Ultimately, this will produce the needed output for stabilizing the system when
the overall prediction error is minimized. In his famous paper, Grifﬁth (2000)
beautifully expressed his views regarding the “developmental systems” perspective
to replace the idea of a genetic program. This idea appears to be clearly and boldly
convergent with the recent works in psychology involving situated/embodied
cognition and the role played by, so to say, external ‘scaffolding’ in cognitive
development. He stated as follows:
Developmental Systems Theory (DST) is a general theoretical perspective on development,
heredity and evolution. It is intended to facilitate the study of interactions between the many
factors that influence development without reviving ‘dichotomous’ debates over nature or
nurture, gene or environment, biology or culture. (Paul E. Grifﬁth, Discussion: three ways
to misunderstand developmental system theory, Biology and Philosophy (2005); 20; 417)

At this stage of development, we can now add, for example, the evolutionary
accounts of art, religion and science (Mithen 1996), family dynamics, conscience
(de Waal 1996), categorization (Atram 1990), cooperation (Sober and Wilson 1998)
and cheating detection (Cosmides and Tooby 1992). On the other hand, many other
researchers (Byrne and Whiten 1988; Whiten and Byrne 1997) proposed new
theories of human cognitive evolution. Not only that, but a strident movement has
been started, even in psychology and anthropology during the same period. The
arguments made against earlier theorists in that discipline concerned neglecting the
basic fact about the mind. Their proposal considered theories of human cognitive
evolution as, basically, a product of evolution (Cosmides and Tooby 1992). This
gives rise to the necessity of taking into consideration and paying attention to this
context, and much research is yet to be accomplished. Thus, the very idea, which
once we would have considered as a failure of rationality, now appears to be likely
interpreted as good evolutionary design. Gigerenzer (2000) opined that, under the
condition of our evolving statistical reasoning abilities, statistical information
would accumulate in the form of natural frequencies. So, nothing appears wrong
with our rationality if we like to use it in the domain for which it was designed,
maybe, exclusively for this purpose. Currently, much attention has been focused on
the suggestion that the evolved regularities in human cognition are very rich and
domain speciﬁc. This fact has profound effects on the conceptualization of innate
theories of the domain, such as grammar, physics, biology and psychology, to name
a few of some of the most widely discussed spheres (Carey 1985a, b; Keil 1979;
Welman 1990; Wellman and Gelman 1992; Gunner and Maratsos 1992; Pinker
1994). In fact, we do not construct these theories on the basis of the evidence
available to us; instead, we inherit them from our ancestors. Such claims are
commonly expressed in terms of biological “constraints” on the human mind and
believed to be constructed in order to reason in particular ways.
Very recently, several theories of human memory have revolutionized our perspective on human cognition. They propose memory as a rational solution to
computational problems posed, especially by the environment. The ﬁrst rational
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model of memory offered the idea along with convincing demonstrations that
human memory appears to be well adapted in a remarkable way to environmental
statistics. But proper assumptions for these ideas are needed, at a bare minimum, as
long as the form of environmental information is represented in memory. Several
probabilistic methods have been developed recently for representing the latent
semantic structure of language in order to delineate the connections to research in
computer science, statistics and computational linguistics.
Now, before going into the details of the Bayesian model for cognitive science,
let us elaborate the Bayesian framework itself. The Bayesian rule of decision theory
is named after Thomas Bayes, who lived in the eighteenth century. After the death
of Bayes, his friend Richard Price sent Bayes’ papers to ‘Philosophical Transactions
of the Royal Society’ for publication. In 1974, the paper “Essay towards solving a
problem in the doctrine of chances” was published and became the mainstream of
statistics. It is well known that among different branches of statistics, the two major
paradigms in mathematical statistics are the frequentist and Bayesian statistics.
Under the uncertainty of information contained in empirical data, methods based on
the statistical inference and decision making are efﬁciently handled by Bayesian
methods. Bayesian inference has tremendous impact on different kinds of popular
components among formal models of human cognition (Chatter et al. 2006). This
approach provides a general methodology which can be derived from an axiomatic
system.
But Kwisthout (2011) raised some serious questions about a few difﬁculties
while discussing the computational tractability of this method. They pointed out
that it is necessary to focus on the cause estimation steps present in the feed-forward
chain. They argued: instead one should question whether the predictive coding
framework speciﬁes satisfactorily the causes, given the necessary steps to be taken
so that these steps can be both Bayesian and computationally tractable. In the
Bayesian interpretation of predictive coding (Friston 2002), the estimation of the
causes means ﬁnding the most probable causes #m , when the input l are given for
that level and the current model parameters h, i.e.,
Prð#ju; hÞ ¼ arg max #m
Now, if #m input has a maximum a posteriori probability (MAP), the idea that
Bayesian inference is implemented by the predictive coding appears to be primarily
dependent on this step. Also, in addition to this, the idea that the predictive hierarchical coding, as a next step, makes Bayesian inference tractable is dependent on
the presumed existence of a computational method that could be tractable. But,
computing MAP—exactly or approximately—is already found to be computationally intractable because of the presence of causal structures (Shimony 1994;
Abdelbar and Hedetniemi 1998). It is a well-known fact that the existence of
tractable method is clearly dependent on the structural properties of the causal
models. So, as opined by Blokpoel et al. (2012: 1):
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At present, the hierarchical predictive coding framework does not make stringent commitments to the nature of the causal models, the brain can represent. Hence, contrary to
suggestions by Clark (2012), the framework does not have the virtue that it effectively
implements tractable Bayesian inference….. three mutually exclusive options remain open:
either predictive coding does not implement Bayesian inference, or it is not tractable, or the
theory of hierarchical predictive coding is enriched by speciﬁc assumptions about the
structure of the brain’s causal models… assume that one is committed to the Bayesian
Brain Hypothesis, then the only third survives instead of ﬁrst two options.

2.1.4

Bayesian Statistics

The basic idea of Bayesian statistics is that the probabilities in this framework are
interpreted as rational, conditional measures of uncertainty and loosely resemble the
word probability in ordinary language. Here, in various propositions, probability
represents the degree of belief whereas, the Bayes rule updates those beliefs. This is
based on some kind of new information and the strength of this belief which can be
represented by a real number lying between 0 and 1. Its other basis can be traced to
the idea of expressing uncertainty about the unknown state of nature in terms of
probability. Basic characteristics of this kind of statistics are that it is always
possible to update the obtained probability distribution in the light of the new data,
which solves many technical problems associated with standard statistics.

2.1.5

Bayes’ Rule

Bayes’ rule in probability theory and its various modes of applications can be stated
as follows: Let us consider two random variables A and B. Now, applying the
principle of probability theory, a joint probability of these two variables, P (a,
b) can be written by taking particular values of a and b for A and B respectively, as
the product of the conditional probability of P (a) and P (b), i.e., when A will take
on value a given B, and B takes on value b for given A, we have:
Pða; bÞ ¼ PðajbÞPðbÞ:
Using a symmetrical argument, i.e., without having preference of choosing
A over B in factorization of joint probability, P (a, b) can be written as:
Pða; bÞ ¼ PðbjaÞPðaÞ:
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Rearranging the above two equations we have:
PðbjaÞ ¼ PðajbÞPðbÞ=PðaÞ:
This is known as Bayes’ rule by which the conditional probability of b, i.e., P (b|
a) given a, can be obtained from the conditional probability of a, given b. It is
important to note that in terms of random variables, this is nothing but the elementary result of probability theory. Usually, Bayes’ rule can be thought of as a
tool, updating our belief about a hypothesis A in the light of new evidence B. More
technically expressed, our posterior belief P (A|B) is calculated multiplying our
prior belief P (A) by the likelihood function P (B|A) that B will occur if A is true.
For example, the observed data D can be analyzed within a statistical framework
considering a formal probability model {p (D|x), x 2 X} for some unknown value
of x over the parameter space X. According to the Bayesian approach, prior to the
data being observed, it is necessary to assess a prior probability distribution p (x|
K) over the parameter space X, as it describes the available knowledge K about x.
Then the next step is to obtain posterior distribution from Bayes’ theorem with
probability density p (x|D, A, K):
Z
pðxjD; A; KÞ ¼ pðDjxÞpðxjKÞ=

pðDjxÞpðxjKÞdx
X

with A the assumptions made about the probability model. Here, all the available
information about x, after the data D is observed, is contained in the posterior
distribution.

2.2

Decision Making and Statistical Inference

Statistical inference is a decision-making process under uncertainty that deduces the
properties of an underlying distribution by analysis of data and draws conclusions,
for example, about populations or scientiﬁc truths from the results. There are many
modes of Bayesian and non-Bayesian approaches for performing statistical inferences which have been discussed by various authors in different contexts. This
includes statistical modelling, data-oriented strategies and explicit use of designs
and randomization in analyzes. Furthermore, there are broad theories (frequentists,
Bayesian, likelihood, design-based, etc.) with numerous complexities (missing data,
observed and unobserved confounding biases) for performing inference. At present,
we focus our discussions on the Bayesian approach to decision making, especially
in the cognitive domain.
Generally, when there are two or more possible courses of action, one faces a
decision problem. Consider the class of possible actions be designated by A and for
each, a 2 A, let us denote the set of relevant events by Гa. By denoting the
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consequence of a chosen action as c (a, c) 2 C where the event is denoted by
c 2 Гa, then the decision problem can be described by the class of pairs {Гa, Ca}.
Here, the possible actions are considered to be mutually exclusive. Then again,
minimum collection of logical rules is required for “rational decision making”. So
as to avail a minimum collection of these types of logical rules, it is possible to
propose different set of principles. For this reason, the rational decision making can
be deﬁned as a logical, multistep model for choice. It is expected to make a choice
only between alternatives that will gain maximum beneﬁts for themselves, but at the
minimum cost. This follows an orderly path starting from problem identiﬁcation
through the expected solution.
In fact, it can be expressed in a straightforward way, i.e., this model not only
assumes that the decision maker has full or perfect knowledge about the information regarding the alternatives supplied as a prior information, but also expects to
have the time, cognitive ability, response and resources needed for the evaluation of
each choice against the others. Basically, Bayesian decision theory is based on two
basic tenets:
• Decision maker’s choice or preferences are affected by new information through
its effect on his rather beliefs than his taste.
• Decision maker’s posterior beliefs represented by posterior probabilities are
obtained by updating the prior probabilities (representing his prior beliefs) based
on Bayes’ theorem.
Probability theory has become the focus of attention only recently in cognitive
science for the following reasons:
• In cognitive science, the focus was mainly on the computational aspect but not
on the nature of inferences, probabilistic or not.
• For uncertain situations, such as in psychology and artiﬁcial intelligence, formal
approaches are mainly based on non-probabilistic methods, for example,
non-monotonic logic and heuristic techniques.
• The applications of probabilistic methods, in some cases, are considered to be
too restrictive for the cognitive domain.
However, after the remarkable technical progress in mathematics and computer
science using probabilistic models (Yuille and Kersten 2006), it has been possible
to substantially reduce these restrictions. Tversky and Kahneman (1983) and their
collaborators, in their classic works, suggested that human cognition is non-optimal,
non-rational and non-probabilistic. But the answer depends on the deﬁnition of the
word “rational”. The cognitive scientists observe that we live in a world of
uncertainty and that rational behavior depends on the ability to process information
effectively despite various types of ambiguities. We investigate decision making in
the domain of neuroscience in the next chapter. Presently, we focus our attention on
understanding Bayesian probability theory in the domain of human cognition. As
opined by Suedfeld (1992: 435), in his famous article “Cognitive managers and
their critics”:
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The performance evaluation of decision-maker performance almost always results in the
ﬁnding that leaders do not live up to the criteria of rationality and complex thinking
espoused by the researcher. However, these criteria are not necessarily correct or even
relevant. Decision-makers must cope with uncertain, ambiguous, changing, inadequate,
and/or excessive information; high threat and reward; different time perspectives and
pressures; and a multiplicity of values, goals, constraints and opportunities. As cognitive
managers, they need to make good meta decisions (i.e., deciding what strategy to adopt and
how much time and efforts to expend on particular decisions). No simple prescription,
whether it advocates adherence to formal logic, understanding of the laws of probability, or
maximal complexity of information search and processing, can adequately guide this effort.

Thus, in connection to the rationality of thinking and decision making, cognitive
scientists observe that we live in a world of uncertainty. Rational behavior depends
on the ability to process information effectively despite various types of ambiguity.
But, then “are people rational?”
This is a complex question of “Action selection”, quite a fundamental decision
process for us on which the states, both of our body and the surrounding environment, depends. It is a well-known fact that the signals in our sensory and motor
systems are corrupted by variability or noise. Our nervous system needs to estimate
these states which depend on several factors including also the associated roles of
these very factors. To select an optimal action, it is necessary to combine these
state-estimates with knowledge of the potential costs or rewards of different action
outcomes. Different mechanisms have been employed for studying the nervous
system and the decision problems connected to this, specially, for the estimation
followed by proper applications. It is interesting to note that the results obtained so
far emphasize that human behavior is quite close to that predicted by Bayesian
decision theory. This theory not only deﬁnes optimal behavior in a world characterized by uncertainty, but also describes coherently various aspects of sensorimotor
processes.
Among many objectives meant for the nervous system, the central and primary
one is to sense the state of the world around us and to affect this state in such a way
so that it becomes more favorable and easy to us to deal with than the previous one.
Sensory feedback is used for measuring this state. But, practically speaking, this
information is available with questionable precision and subject to noise. Only
limited levels of precision are available connected to our sensory modalities, which
vary depending upon the situation. It is a quite well-known fact that vision becomes
limited under dim light or extra-foveal conditions, hearing turns out to be unreliable
for weak sounds, and proprioception drifts without calibration from vision (Hoyer
et al. 2003; Ma 2008; Denève 2008; Beck et al. 2011; Zemel et al. 1998; Pouget
et al. 2003).
Furthermore, our actions always cannot claim to have a deterministic outcome as
these are subject to noise and uncertainty. Same negative comments could be made
about our motor commands, which, in each stage, are associated with various kinds
of noise, and even the properties of our muscles, themselves being subject to
various kinds of fluctuations, vary day to day, not to mention the variations in
strength, i.e., our bodily systems having varying degrees of fatigue linked with
health, both physical and mental. Therefore, for successful achievements of its
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objectives, the nervous system must apply a method for the integration of sensory
information into a cohesive whole and, at the same time, this must be done before
choosing among actions leading to uncertain outcomes. Thus we arrive at the
conclusive point when the nervous system faces a substantially crucial question,
i.e., how the noisy information could be tackled so that only the positive contributions would be available and the negative avoided?
As we are already aware, a statistical framework is necessary for efﬁciently
managing uncertain information. Bayesian integration is the mathematical framework by which uncertain information from multiple sources can be calculated and
combined optimally. This framework can estimate the results in a coherent and
maximally accurate way which it derives from a set of observations. Therefore, this
method can be applied to integrate sensory information about the world and, then,
to use this uncertain information to make choices about how to act accordingly in a
fruitful manner. Above all, the Bayesian framework supplies us with a principled
formalism with the help of which it is possible to track down the ways how an
optimal nervous system senses its surrounding world and then acts upon it. To
illustrate these ideas, let us consider the act of descending a staircase: as a ﬁrst step
to achieve this, the nervous system must sense the stairs, and then act accordingly
for transporting us down them. Based on our familiarity with walking down stairs,
we have preliminary but strong expectations for certain parameters like the distance
between steps, their height and their general shape. Quite often these expectations
are strong enough. As a result, when we descend stairs without looking at our feet
or in the dark, we feel quite comfortable taking stairs without even observing them,
though, normally, we ﬁrst try to assess what is the proper distance we need to cover
for a single step and other possible criteria to be taken care of, if necessary. In fact,
vision does not provide perfect measurements, on the contrary, and provides us
with an approximate estimate that might be very near to the actual measure of the
step’s height. Bayes’ rule, on the other hand, deﬁnes how to combine our expectations of the step’s height etc., without the visual sense which is expected to make
an optimal estimate of the same. Related to another important point, an example
could be put like this: the moment we start to take a step, we simultaneously receive
sensory information about our on-going motion and also of height of the stairs. As a
next step, we are able to combine this sensory information with the action we have
just chosen that makes an optimal estimation of where we are and where are we
headed. Finally, the Bayesian framework is utilized in choosing how we should
step, given all our expectations and sensory estimates of the steps.

2.2.1

Bayesian Probability and Cognitive Domain

The Bayesian approach to inference has drawn much attention to the subject by the
community working in the broad spectrum of cognitive science. During the last
decade, many authors addressed issues like animal learning (Courville et al. 2006),
motor control (Körding and Wolpert 2006a, b), visual perception (Yuille and
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Kersten 2006), language processing (Xu and Tenenbaum 2008), semantic memory
(Steyvers et al. 2006), language acquisition, etc., using Bayes’ rule. Many such
research programs have continued in order to study these aspects starting in the last
decade or so. However, the great challenge is to learn about the mysteries of the
human mind, which goes beyond the data experienced or, in other words, how
the mind internalizes the external world out of the noisy data collected through the
sensory organs. This is the most challenging aspect of cognition, not only from the
point of view of computation, but also from the version of the age-old problem of
induction in Western thought. The same problem also lies at the core of the debates
that deal with building machines having human-like intelligence (robotics).
The various methods of probability theory not only characterize uncertainty in
information but also manipulate the information itself. Not only that, this helps also
for optimization. Bayesian rules, quite contrary to other variants of probability
theory, help cognitive scientists to deﬁne the rules of rationality. This rule updates
the belief of the agents from new data in the light of information as well as prior
knowledge. As mentioned earlier, the uncertainties in the decision problem, considered to be unknown numerical quantities, can be represented, for example, by Г
(possibly a vector or matrix) possessed by the agents. Classical statistics are
directed towards the use of sample information in making inferences about, say, Г.
These classical inferences are, for most of the cases, made without taking into
consideration the use, i.e., for which purpose they are required. But in decision
theory, on the other hand, an attempt is made to combine the sample information
with other relevant aspects of the problem with the goal of arriving at the best
decision. In addition to the sample information, two other types of information are
typically needed, the ﬁrst of which is the knowledge of possible consequences of
the decision taken. Often this very prior knowledge can be quantiﬁed by determining the loss that could be incurred for each possible consequence of the decision. This loss, generally, can be quantiﬁed by determining the loss that would be
incurred for each possible decision and for the various values of Г. The Bayesian
rule combines information in an optimal way, based on prior belief, with information from observational data. Within the framework of Bayesian decision theory,
it helps during the choice of the action to maximize the performance related to
particular tasks (Jacobs 1999, 2002). In Bayesian models, probability computations
are applied to explain learning and reasoning, instead of hypothesis spaces of
possible concepts, word meanings, or causal laws. The structure of the learners’
hypothesis space reflects their domain-speciﬁc prior knowledge, while the nature of
the probability computations depends on the domain-general statistical principles.
Bayesian models of cognition thus combine both approaches which have historically been kept separate for their philosophical differences-providing a way to
combine structured representations and domain-speciﬁc knowledge with
domain-general statistical learning. Battaglia et al. (2003) made a comprehensive
overview of Bayesian modelling and Bayesian networks. According to their ﬁndings, the use of sensory information is found to be satisfactorily efﬁcient in making
judgments and for the guidance of successful actions in the world. Added to this, it
has been argued that the brain must represent and make use of the information
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gathered about uncertainty, both for perception and action in its computations.
Applications of Bayesian methods, already a time-tested technique, have been
successfully accomplished in building computational theories for perception, as
well as for sensor motor control. Not only that, but sufﬁcient evidence has been
provided in the case of psychophysics which has been establishing examples and
proof that ‘Bayes’ optimal’ is the only answer to human perceptual computations.
With these speciﬁc characteristics, the ‘Bayesian coding hypothesis’ states that
the brain represents sensory information probabilistically, i.e., in the form of
probability distributions. Many of the proposals deal with several kinds of computational schemes. This type of approach, of course, puts special emphasis on the
viability and degree of success connected to these schemes, with the aim of making
their model successful in dealing with populations of neurons. Neurophysiological
data on this hypothesis, however, is almost non-existent. Due to this insufﬁciency of
data available to neuroscientists, this situation poses a major challenge to test these
ideas experimentally, i.e., how to determine through which possible process neurons code information about sensory uncertainty will be successfully applied. They
mainly focused on three types of information processing. Speciﬁcally, these are:
• Inference
• Parameter learning
• Structure learning.
These three types of operations are discussed in the context of Bayesian networks and human cognition. These types of Bayesian networks become more and
more popular in the ﬁeld of artiﬁcial intelligence and human cognition since the
factorization of a joint distribution is expressed by graph theory where a network
contains nodes, edges and probability distributions. The models, developed following a Bayesian framework, do not follow the usual algorithm or process level.
On the other hand, this characterizes more the usual, traditional cognitive modelling, but in the spirit of “Marr’s computational theory”.
Marr is best known for his pioneering work on vision. But, before starting that
work, in his three seminal publications, he proposed computational theories of the
cerebellum (1969), neocortex (1970), and hippocampus (1971). In each of these
mind-boggling papers, crucial: he presented new ideas, which continue to influence
modern theoretical thinking to the present day. His ‘cerebellum theory’ was
motivated by two unique features of cerebellar anatomy:
1. The cerebellum contains vast numbers of tiny granule cells, each receiving only
a few inputs from “mossy ﬁbers”;
2. Among Purkinje cells, present in the cerebellar cortex, each receives tens of
thousands of inputs from “parallel ﬁbers”, but, surprisingly, only one input from
a single “climbing ﬁber” is extremely strong.
According to Marr’s proposal, the granule cells encode combinations of
mossy-ﬁber inputs and the climbing ﬁbers carry “teaching” signals. This signal
instructs their corresponding Purkinje cell targets to modify the strength of their
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synaptic connections with parallel ﬁbers. Though neither of these ideas is universally accepted, yet both of them form the essential elements of viable modern
theories.
To be very precise, Hubel and Wiesel (1974) found several types of “feature
detectors” in the primary visual area of the cortex, and these primarily motivated
Marr to introduce the theory of the neocortex. Generalizing those observations, he
proposed that cells in the neocortex are a kind of flexible categorizer, i.e., they learn,
primarily, the statistical structure of their input patterns and become sensitive to
frequently repeated combinations. Again, the theory of the hippocampus (named
“archicortex” by Marr) was developed from their discovery by Scoville and Milner
(1957). The latter demonstrated that destruction of the hippocampus produce
amnesia but only for the new memories or recent events, while this damage leaves
the memories of earlier events that occurred years ago intact. It is interesting to note
that Marr described his theory as a phenomena of “simple memory” only: The basic
idea behind it was that the hippocampus, by strengthening connections between
neurons, could rapidly form a simple type of memory traces. Marr (1982)
emphasized that, for carrying out the information processing tasks, vision could
very well be considered as responsible. Not only that, but any such task, he argued,
could be described in three levels:
(i) computational theory
(ii) speciﬁc algorithms, and
(iii) physical implementation.
These three levels correspond roughly to:
(i) not only deﬁning the problem but also setting out the way for solving the
problem, at least minimally, so that, in principle, it can be solved
(ii) designing a detailed simulation of the process and be available at hand and
(iii) building a working system for carrying out the proposed problem.
The important point to be noted here is that, in this problem, the levels can be
considered independently. As a result, it should be possible to mimic the algorithms
underlying biological visions in robots: the only difﬁculty to be overcome is to ﬁnd
out the possible and viable ways for the physical implementation of these criteria.
This concept of independent levels of explanation remains as a “mantra” in vision
research even today. Marr made a serious attempt to set out a computational theory
for vision in its totality, emphasizing that the visual process passes through a series
of processes, where each corresponds to a different representation, say, from retinal
image to ‘3D model’ representation of objects.
Remarkably, Marr’s paper preceded only by two years a paper by Bliss and
Lømo (1973) that provided ‘the ﬁrst clear report’ about the long-term potentiation
in the hippocampus, a type of synaptic plasticity, very similar to what Marr
hypothesized. This vital observation was reported in Marr’s paper also as a footnote
that mentioned a preliminary report of that discovery. Though Marr’s theory
regarding his understanding about basic concept of hippocampal anatomy has
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turned out to contain errors and hence has become less important, nobody can deny
his work regarding the basic concept of the hippocampus as a temporary memory
system, which remains a part of a number of modern theories (Willshaw and
Buckingham 1990). At the end of his paper, Marr promised a follow-up paper on
the relations between the hippocampus and neocortex, but no such paper ever
appeared. However, some phenomena are described in a more satisfactory way at
the algorithmic level or at the neuro-computational level. Here, it is important to
mention that all the models of human cognition based on different levels of computation are not applicable to Bayesian analysis. In fact, problems related to
inductive inference help fruitfully to solve the problems related to Bayesian rules,
and in a more natural manner.
A great deal of theoretical and experimental work has been done in computer
science, on inductive inference systems, i.e., the systems that try to infer general
rules from examples. But, it still remains a far-reaching goal to suggest a successful
and applicable theory for such a system. To start with, it is necessary to survey
highlights and explain the main ideas that have already been developed in the study
of inductive inference. At the same time, special emphasis should be given on the
relationships between the general theory and the speciﬁc algorithms and implementations. This is needed for surveying the essential characteristics, both the
positive and difﬁculties related to the techniques which have already been developed. However, the Bayesian approach is becoming more and more relevant and
successful in many areas of cognitive science, whereas, previously these areas were
conceived in terms of traditional statistical inference (Anderson 1990). Many perceptual phenomena can be explained parsimoniously using a Bayesian approach
(Knill and Richards 1996). Bayesian inference ﬁts well with all of Marr’s levels of
description. It is a useful tool in describing a problem at the level of computational
theory, especially as adopted in current biology. A Bayesian model of a motion
illusion occurs, i.e., when a narrow, low-contrast rhombus, is moved to the right—it
appears to move down as well. This can be understood by: (i) considering the set of
stimuli that could have produced the edge-motion signals the observer receives; and
(ii) including a ‘prior’ assumption that objects tend to move slowly (adapted from
Weiss et al. 2002). Weiss et al. (2002: 598) formulated a model of visual perception, applying standard estimation theory in which they stated:
The pattern of local image velocities on the retina encodes important environmental
information. Although humans are generally able to extract this information, they can easily
be deceived into seeing incorrect velocities…. (i) There is noise in the initial measurements
and (ii) slower motions are more likely to occur than faster ones. We found that speciﬁc
instantiation of such a velocity estimator can account for a wide variety of psychophysical
phenomena.

According to this approach, these velocities would, eventually, all fall along a
line for a high-contrast edge. The ‘aperture problem’ is considered to be behind this
fact which makes it impossible to measure exactly the velocity of an edge. The
cause behind this is that no local motion of the signal movement in the direction of
the edge is produced. The line appears blurred for the low-contrast stimulus.
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Because, moving at other velocities, edges produce the same motion signals, having
some noise in the very same system. Barlow (2001) reviewed this problem in detail
where he discussed Marr’s notion of independence between levels, together with
the theories of neural architecture in the brain that might carry out this kind of
inference. According to his views, this technique can be developed to deal with the
generic quantities without reference to speciﬁc stimuli (reviewed by Barlow 2001).
Gibson (1979) advocated that Bayesian approaches also demonstrated their effectiveness in the results when applied not only to the evolutionary but also to the
ecological perspective. He advanced the theory of direct perception and proposed
that perception and action are one and the same thing. Not only that, but an observer
and the environment can be considered as an inseparable pair, which, as per his
views, in principle, uses real-life stimuli under natural environmental conditions.
The core concepts to be taken into consideration in dealing with such problems are,
among others: invariance, affordances, and pi-numbers. According to Gibson
(1979: 235), a few preliminary observations in ecological psychology can be stated
as follows:
Prolonged distortion leads to recovery. When one puts on distorting spectacles, e.g., so that
straight lines get curved, the visual system adapts to this. After some time, a few hours or
days, the lines are seen as straight again. Perception is not the sum of simple sensations.
How an observer recognizes visual objects such as human faces or animals cannot be
derived from research on the perception of simple points and lines. In laboratory conditions,
stimuli are impoverished and poor in information and the percept represent marginal
phenomena. Perception must be studied in real-life conditions, not in laboratory conditions.
In real-life conditions perceptual information is rich in structure and, hence, in information.

As per his views, the basic need of a simple organism with a simple behavioral
repertoire is only to divide information about the organism’s state into a small
number of categories, basically with respect to the world. Following this technique,
the simple organism concerned can use its motor system while moving between
these categories (this, however, remains the sole way by which it can get the
knowledge about the success of its motor movement). But a greater number of
states are required for reliable discrimination whenever dealing with the case of a
more complex behavioral repertoire. In generating different motor outputs, this
requirement becomes essential for the sensory systems so that it can evolve as per
the requirement which helps an organism in discriminating between the contexts. At
various stages of a task, the sensory parameters become most helpful in discriminating, as well as controlling movements, quite differently. Again, from Gibson and
his collaborators (Clutton-Brock et al. 1979):
This leads to a view which states light enters the visual system as an optic array with highly
complex, but structured, and rich in information. Moreover, by moving around in the
environment, the flow of information over the senses is considered to be the essential
source of information for the organism. The organism scans the environment in the course
of perceiving. Hence, the observer and the environment are an inseparable pair; and perception and action cannot be separated from each other (Clutton-Brock et al. 1979).

This leads to a view which states that the cortex is a pool from which evidence
can be drawn. Thus, according to the demands of the task, in each consecutive
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moment, the neurons loaded with the most relevant information may be located in
quite different parts of the cortex. Rizzolatti and Craighero (2004) proposed a
theory based on their experimental observations in relation to the role of a category
of stimuli. This appears of great importance for primates. They opined after their
observations:
Humans in particular, formed by actions done by other individuals … to survive, must
understand the actions of others…without action understanding, social organization is
impossible. In the case of humans, there is another faculty that depends on the observation
of others’ actions: imitation learning. Unlike most species, we are able to learn by imitation,
and this faculty is at the basis of human culture … on a neurophysiological mechanism–the
mirror-neuron mechanism … play a fundamental role in both action understanding and
imitation… we describe ﬁrst the functional properties of mirror neurons in monkeys…
characteristics of the mirror-neuron system in humans… those properties speciﬁc to the
human mirror-neuron system that might explain the human capacity to learn by imitation.

2.3

Dempster–Shafer Theory

The Dempster–Shafer theory (DST) is basically a theory of belief functions, also
referred to as evidence theory. It is a general framework which deals with uncertainty in reasoning and has understandable connections to many other frameworks,
e.g., possibility and probability, including imprecise probability theories. This
framework can be generalized as a mathematical theory of evidence (Dempster
1967; Shafer 1976) for tackling problems connected to uncertain information.
Dempster–Shafer (DS) structure (Shafer 1976; Klir and Yuan 1995) on the real line,
though quite similar to a discrete distribution, is different for the characteristic
which requires the locations at which the probability mass is assigned, rather than
precise points. These are sets of real numbers, termed as ‘focal elements’. Each focal
element has a non-negative mass assigned to it. The basic probability assignment is
zero but corresponds to the probability masses with these focal elements. The basic
probability assignment can be related to the correspondence of probability masses
associated with focal elements. However, in DS structure, the focal elements may
overlap one another rather than be concentrated at distinct mass points, as found in a
conventional discrete probability distribution. The idea here is to develop a belief
function and a plausibility function based on either the sample observations and/or
other evidence from prior knowledge. These beliefs and plausibility are expected to
serve as lower and upper bounds respectively, with respect to the actual probability
of occurrence meant for a particular event. Here, although DS structure exploits
traditional probability theory, it gives more general structure to the uncertainty
underlying the phenomenon. It is well known that a decision is affected by many
such factors, i.e., information of both objective as well as subjective nature. Various
models have been developed to handle objective and subjective information, such as
interval numbers (Deng et al. 2011; Kang et al. 2011; Xu et al. 2006); fuzzy set
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theory (Deng et al. 2010; Ngai and Wat 2005) Dempster–Shafer theory of evidence,
and so on.
In the decision-making process, at ﬁrst, the objective information is collected
and then the decision makers join their subjective preferences with the objective
information to reach a decision. It is not always easy to combine the objective
information with the subjective, e.g., in political decision making to select the
optimal economic policy in a country. In decision making based on Dempster–
Shafer theory (DST), the information is usually assumed to be exact numbers. In
real situations, the information is usually imprecise or vague. DST is used based on
the interval of numbers. Recently, a new approach to DST has been developed by
Merigo, Ramon and many others Merigo and Casanova 2008; Merigo et al. 2009;
Merigo and Engmenn 2010) to handle uncertain information using the method of
uncertain-induced-aggregation operators. Both DST of belief functions and
Bayesian probability theory (BPT) are two distinct frameworks dealing with
uncertain domains. Although they have important differences due to their underlying structures in semantics, representations and the rules for combining and
marginalizing representations, they have signiﬁcant similarities, too. Cobb et al.
(2006) discussed in detail about the differences and similarities between these two
frameworks and ﬁnally came to a conclusion, stating that the two frameworks have
“Roughly the same expressive power”. The extra advantage of DST is that it needs
weaker conditions than BPT. The belief function model or DST is shown to be a
generalization of the Bayesian model (Shafer and Srivastava 1990). In addition,
under an uncertain environment, DS theory has the distinct advantage of being a
theory of reasoning. It is able to express the “uncertainty” by assigning the probability to the subsets of the set composed of N objects, instead of assigning it to
each of the individual objects. Furthermore, this theory has the ability of combining
pairs of bodies of evidence or belief functions to derive a new evidence or belief
function.
Recently, Fox et al. (1993, 2003, 2005, 2010) proposed a uniﬁed approach to
decision making called “a canonical theory of decision making” where they address
the following questions:
• How can we understand the dynamic lifecycle of decision making from the
situations and events that make a decision necessary, to influence their prior
knowledge, beliefs, and goals which determine how a decision will be framed,
preferences arrived at, and commitments to actions made (Fox and Das 2000)?
• What are the general functions that underpin and constrain the processes that
implement such a lifecycle for any kind of cognitive agent, whether the agent is
natural or artiﬁcial?
• How does decision making, conceived in this very general way, ﬁt within
cognitive science’s strategic objective of having a uniﬁed theory of cognition
(UTC) that can cut across psychology, computer science, artiﬁcial intelligence
(AI) and neuroscience (e.g., Newell 1990; Anderson 2007; Shallice and Cooper
2011)?

44

2 Various Approaches to Decision Making

• How can we apply this understanding to decision engineering, drawing on
insights into how decisions are and/or ought to be made to inform the design of
autonomous cognitive agents and decision support systems (e.g., Fox et al.
2003, 2010; Lepora et al. 2010)?
So, this appears to be a very ambitious theory. According to Fox et al. (2010), it
is necessary to establish a framework where discussions between decision
researchers in various communities are possible. This theory, however, advocates
an interdisciplinary approach and needs more careful and analytic work to make it
comprehensive.

2.3.1

Cognition and Emotion in Human Decision Making

Since in this book, among other things, we wish to draw the attention of scholars to
this very intriguing but interesting line of research, i.e., to the new empirical evidence related to gambling and decision making, it is worthwhile to consider the
interaction between cognition and emotion in human decision making. Much
research of varied natures, i.e., investigations underlying biological, psychological
or social factors, have been ongoing that are hypothesized to contribute to gambling
behavior.
In recent decades, the gradual expansion of the availability of gambling facilities, speciﬁcally, in the most of affluent Western countries, are much more common
than those available in most parts of the East. Due to this, there is a necessity for,
and considerable interest in, conducting research, especially, in a ﬁeld involving
those people who develop problematic levels of gambling. In order to address this
complex social and psychological problem, a large body of research has been
conducted in order to understand the determinants of gambling behavior. Evidence
now exists that biological, psychological and social factors are all interlinked for the
development of problematic levels of gambling. However, the theoretical explanation for gambling has lagged behind the advances in empirical works until now.
Clark (2010, 2012), discussed the two dominant approaches to gambling behavior:
cognitive and psychological. A number of erroneous beliefs has been identiﬁed in
cognitive approaches whereas case-control differences between groups of ‘pathological gamblers’ and ‘healthy control’ have been identiﬁed with the psychological
approach. In short, impaired decision making is responsible and a key feature
among many with neuropsychiatric disorders.
Franken et al. (2007), in their book “Impulsivity is Associated with Behavioural
Decision-making Deﬁcits” concluded, as a result of his experimental observations,
that impulsivity and behavioral decision-making deﬁcits are always associated with
each other. Not only that, but impaired decision making is the origin and is
responsible as key features of many neuropsychiatric disorders. In their experiment,
they noted also the task performances in a healthy population whose scores indicated high and low impulsivity depending on different kinds of behavioral
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decision-making tasks. This reflected orbitofrontal functioning measures “included
tasks” that assess decision making with and without a learning component and
choice flexibility. The results in their experiments on decision-making performance
pointed to the fact that subjects, speciﬁcally those exhibiting high impulsivity,
display an overall deﬁcit, showing weaknesses in learning reward and punishment
associations. Not only that, but they are prone to be wrong in making appropriate
decisions (e.g., in the reversal-learning and Iowa gambling tasks where it is,
absolutely needed). Together with these observations, it has also been pointed out
that the impaired adaptation of choice behavior is present, according to changes in
stimulus-reward contingencies (reversal-learning task). On the other hand, the
simple, non-learning components of decision making based on ‘reward and punishment’ (Rogers decision-making task) appears to be relatively unaffected. Their
results indicate that, in response to fluctuations in reward contingency, the impulsivity observed is associated with a decreased ability in altering the choice of
behavior. Furthermore, these ﬁndings also establish evidence that supports the
notion that trait ‘impulsivity’ is associated with decision making, a function of the
‘orbitofrontal cortex’ only. The impulsivity is known to be associated with
behavioral decision-making deﬁcits followed by impaired decision making. This is
considered to be a key feature of many neuropsychiatric disorders. So, the cultural,
as well as biological dependence are to be taken into account, especially, in the case
of gambling data where human decision making and judgment are critical.
Another typical gambling disorder (GD) has been noted in the case of those
gamblers who face problems in stopping their gambling behavior once the process
gets started. The hypothesis behind this behavioral patterns states that, on a neuropsychological level, it is the result of the cognitive inflexibility of pathological
gamblers, which reflects in their impaired performance on neuro-cognitive inflexibility, and is task measured and reward-based. Their suggestion is that the cognitive inflexibility in GD is the result of an aberrant reward-based learning, and,
‘not based’ on a more general problem with cognitive flexibility. Boog et al. (2014),
based on their detailed experiments on this problem, observed flexibility and the
pattern of problems and suggested that GD is the result of an aberrant reward-based
learning, not based on a more general problem connected to cognitive flexibility.
These results indicate the cause behind GD to be due to the dysfunction of the
orbitofrontal cortex, the ventrolateral prefrontal cortex, and also the ventral regions
of the striatum in gamblers. It is quite well known how people make decisions,
keeping in their mind varying levels of probability and risks associated with the
steps of actions taken. But, as stated earlier, even in the present state of research, we
are not that much aware of the missing information, not yet available. For this
reason, little is known of the neural basis of decision making. Due to this prime
ambiguity, as a consequence, the probabilities are also uncertain. In decision theory,
ambiguity about probabilities is not at all welcome as it affects substantially the
choices. Using functional brain imaging, Hsu et al. (2005) pointed out the role of
different parts of the brain in decision making and have shown that the level of
ambiguity in choice correlates positively with activation in the amygdala and
orbitofrontal cortex but negatively with the striate system. They found positive
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correlation of striate activities with expected rewards. Not only that, but it has been
observed that neurological subjects with orbitofrontal lesions were insensitive to the
level of ambiguity and risks in behavioral choices. Finally, they suggested based on
their observations that the response of a general neural circuit is dependent on the
different degrees of uncertainty, contrary to decision theory.
Next, it is important to mention the vital role of noise, its imminent effects on
nervous system and consequently the outcome regarding decision making (Körding
and Wolpert 2006a, b). Let us explain the scenario in the following way: if a steady
rate is considered an important criterion for determining the intensity of a constant
sensory or motor signal, then any variation in the inter-spike intervals will cause
fluctuations in the rate, which will appear as unwanted noise. But, if the timing of
each spike carries extra information, then this very variability turns out to be a
crucial part of the signal. We argue here that both temporal and rate coding are
used, to varying degrees, in different parts of the nervous system, and this enables
the nervous system to discriminate between complex objects. As a result, graceful
movements are generated.
Nearly 60 years ago, it was Claude Shannon (see Gold and Shaden 2001), who
developed a theory regarding the information that can be transmitted in a noisy
communication channel. This theory has been found to be very effective for
applications in many branches of science, especially computer science. In computers, this theory has become popularized in terms of the ‘bits and bytes’ of
information and has even been applied to the information content of the universe
(Noel-Smith 1958). Application of this theory to neural systems appears to be quite
logical. In a noisy or uncertain environment, the survival of an organism is
dependent on how rapidly it is able to collect the necessary crucial information.
However, it is not at all clear whether information theory proposed by Shannon is
applicable to biological system (Gatlin 1972). Gatlin addressed this problem
beautifully in her book where she treated this problem from the angle of classical
information theory but with different interpretations. She applied the concepts of
information theory developed by Shannon and others to the living system in the
process. But the information theory and the second law of thermodynamics are
redeﬁned and ingeniously extended in the context of the concept of entropy.
Finally, let us conclude with Körding and Wolpert’s remarks in this regard:
Action selection is a fundamental decision process for us, and depends on the state of both
our body and the environment. Because signals in our sensory and motor systems are
corrupted by variability or noise, the nervous system needs to estimate these states. To
select an optimal action these state estimates need to be combined with knowledge of the
potential costs or rewards of different action outcomes. We review recent studies that have
investigated the mechanisms used by the nervous system to solve such estimation and
decision problems, which show that human behavior is close to that predicted by Bayesian
Decision Theory. This theory deﬁnes optimal behavior in a world characterized by
uncertainty, and provides a coherent way of describing sensory- motor processes (Körding
and Wolpert 2006a, b: 319).
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