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Abstract:

The calculations based on Bayesian statistics are a part of many decision-making problems. Their
solution relies in most cases on an exact approach based on Bayesian formula, in which the values
of occurrences of examined phenomena in the form of prior and posterior probabilities are supplied.
The findings of evolutionary biologists confirm that such an approach is less psychologically
acceptable for untrained individuals in the field of mathematics and logic, and results in many wrong
solutions. The paper proposes the way how to increase the correctness of solutions based on
conditional probabilities by means of the calculation procedure of a frequency form represented by
Venn diagram. This is based on an adaptation of the task presentation in a way more natural to
human understanding. Its demonstration is performed in a managerial task focusing on the
evaluation of the probability model of the project relating to the potential oil field deposit. The
Bayesian formulas are here replaced by simpler Laplace probabilities that are comprehensible to
managers and economists without prejudice to the accuracy of the result.
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1 Introduction

The results of managerial solutions are not nearly as reliable on average (and cannot
by definition be) as the results of solutions in technical fields (Barber et al., 2000;
Standing et al., 2006; Pinto & Mantel, 1990). There are many causes behind it. Besides
the complexity factor, which reduces the reliability of solutions by bringing into play the
known “unknowns” (consequences of which the managerial calculations do not take into
account) and also the unknown “unknowns” (Rumsfeld (2002): “The ones we don’t know
we don’t know”), and that by the nature of things are present in management more often
than in technology, it has other causes.

These include, for instance, the fact that technology as the application of natural science
consistently relies on robust natural law. In contrast to it, the various managerial
disciplines are based on specific purpose-built applications of general microeconomics
that studies the behaviour of people in conditions of scarcity (Frank et al., 2007); and
people tend to use every bit of knowledge they acquire to their advantage. The diversity
of people’s interests is thus reflected in the establishment in advance unknown
deviations from the standard assumptions, from which managers proceed within their
calculations, which brings an element of uncertainty to their conclusions. These causes
of lower reliability of managerial calculations are the objective causes. With them,
however, we can hardly do anything else than to try to improve the prediction of what is
at least partially predictable (Gaskill, 1993).

The object of this paper is to show possible way for reducing the subjective causes of
the incorrect managerial solutions regarding the managerial probabilistic estimates.

The subjective causes are mainly regarded to be the cognitive distortions at the mental
level of thinking of a problem solver profoundly analyzed by e.g. Cohen (1992),
Kahneman & Tversky (1996), Gigerenzer (1996). These distortions often emerge if
problem solvers enter the environment of uncertainty, which significantly concerns the
judgments based on conditional probabilities. Within this context the paper introduces
the alternative procedure for the probability calculations that allows “constructing” the
solutions by means of the easy to follow steps. This procedure facilitates the task
understanding and therefore increases the likelihood that the problem solver will not
commit false considerations leading to an incorrect result.

In order to achieve this, we first analyse the normative form to the problem solution
presented by the Bayesian formula. Then the abstract Bayesian formula will be
interpreted by means of the instrument of Venn diagram, the procedure of which
corresponds to the frequency form in the sense of Gigerenzer’s idea (Gigerenzer &
Hoffrage, 1995; Meder & Gigerenzer, 2014). Both procedures (in the normative and
frequency form) will be demonstrated in probability calculations of the probabilistic
model of a managerial project.
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2 Methodology

Generally, there are two approaches to a rational solution of specific tasks: one of them
proceeds from “above” (the exact approach); the second from the “bottom” (the “case-
based reasoning” approach). The process from “above” starts with the model of more
general tasks (general formula), which is adapted to the particular problem by an
appropriate choice of free parameters where necessary (Haskova & Zeman, 2014). The
procedure from the “bottom”, on the other hand, builds on the knowledge of the specifics
of a particular task that are adequate to the chosen perspective on the problem solved
(Ackoff, 1973).
In both cases, the problem can be presented in:

¢ the normative form (e.g. probability theory or Bayesian statistics, etc.);

¢ the frequency form.
The latter form is here presented by means of Venn diagram, in which the frequencies
correspond to the numbers of occurrences of considered phenomena. The Venn
diagram structure is described by formal logic e.g. in (Shin, 1994). The normative form
is processed in terms of Kahneman's & Tversky’s idea of Bayesian inference (Griffin &
Tversky, 1992). Both forms will be showcased in the probability calculations of a
managerial probabilistic model of a project regarding the decision making about the
optimal exploration method of the potential oil field and the strategy of oil production.

3 Introduction to a managerial study

A giant oil field along the Sierra Leone coast was confirmed in 2009 by a consortium of
energy companies led by the US firm Anadarko Pertroleum (Simba Energy, 2012).
Before any offshore drilling takes place, mining company performs exploratory drilling
or seismic survey to get information about the oil amount presence in the sea.

In this connection a complex study was elaborated to determine the optimal exploration
method of the potential oil field and the strategy of oil production (Haskova & Kolaf,
2013). This contribution focuses on the formal probabilistic model construction of this
project that consists in the probabilistic evaluation of the possible project’s scenarios.

The estimates of the probabilities of phenomena are a normal part of managerial life.
Economic theory often relies on Bayesian statistics that views all uncertain phenomena
as conditional probabilities. The Bayesian statistical analysis starts by assigning prior
(initial) probabilities to the occurrences of the examined phenomena; they reflect what
we think about these phenomena on the basis of our indigenous knowledge or
subjective ideas, without knowing anything specific (e.g. Fleiss et al., 2003; Smith &
Gelfand, 1992). The posterior (conditional) probability is the ,revised“ probability of
an event occurring after taking into account new information.

Any error in an intuitive estimate of the prior probability values or an error in the
formulations of intuitive relations for the posterior probabilities can lead to an erroneous
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decision and thus to “sink” a good project or, conversely, to lead to investment in a poor
project.

4 Entrance data to the formal project model

The experience in geologically similar oil field areas as our considered potential oil field
says that oil is encountered at a depth of 1,000 feet in 70 % of all exploratory wells; the
oil is struck at a depth of 2,000 feet in the case of 10 % of all exploratory wells and in
approximately with the same probability (i.e. 10 % of all exploratory wells) the oil is not
struck even at a depth of 3,000 feet. If there is oil, it can be a more or less abundant
source, which is subsequently referred to as being a “rich” or “poor” source of oil. A
“rich” source of oil can be encountered about twice as often as a “poor” source.

The construction of the probabilistic model of the project regards to refine and formalize
the obtained information about the occurrence and absence of oil at the depth of 1,000,
2,000 and 3,000 feet in connection with the formal model of the project shown in Fig. 1
(Haskova & Kolar, 2013). The formal model reflects all potentially possible sequences
of sub-activities within the project including their possible outcomes formed into the
oriented graph. The arrows (valued edges) emanating from the decision nodes
(squares), where the manager considers the options of terminating the project either in
the exploration stage or before the stage of drilling, reflect the results of those decisions.
The edges exiting from the situational nodes (circles) marked as the solid line inform
about the degree of “odds” (in terms of probability) of the presence of oil at the death of
1,000, 2,000 and 3,000 feet and/or of the quantity at a given depth. The edges leading
to the leaves of the tree, in which the oil is drilled, are (unlike those in which it is not
drilled) marked as a broken line (including edge nodes from which they exit). They
distinguish the low oil demand from the high demand, while the possibilities are equally
probable.
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Figure 1 The structure of the formal model of the project
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Source: Own elaboration

4.1 The exact approach to the probabilistic model construction: theoretical
bases

Let us consider some phenomenon A with prior probability p(A) > 0. Then the
subsequent awareness of the occurrence of some other phenomenon B with the prior
probability p(B) > 0 changes prior probability p(A) to posterior (i.e. based on sensory
experience) probability ps(A) — the conditional probability of event A if the event B
occurred. In the same vein pa(B) is the conditional probability of event B if phenomenon
A occurred. If AAB means the simultaneous occurrence of events A and B, then this
applies
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P(AAB) = p(B) - ps(A) = p(A) - pa(B) 1)

From (1) it can be calculated (I) pe(A) by means of p(AAB) and p(B), (II) p(AAB) by
means of p(B) and ps(A) and (lll) ps(A) by means of pa(B), p(A) and p(B) — Bayesian
formula in the form

Pe(A) = pa(B) - p(A) / p(B) (2)

The conditional probability represents the core of serious debate between the so-called
Bayesian statisticians, who are its proponents, and conventional statisticians operating
with classical instruments (to which, among other things p-values, permissible errors
and significance levels belong), who are the opponents (Rosenthal, 2006). The
conventional statisticians highlight the fact that Bayesian inference requires
determination of the prior probability expressing one’s faith before the experiment
begins, while it is not clear at all how to actually choose these probabilities (Camerer &
Loewenstein, 2004, Saks & Uggerslev, 2010).

4.2 The Bayesian normative form of probability calculations

The expressions for the probability of the edges extending from some of the situational
nodes (see Fig. 1) correspond to the unknown constants of the type p(i), i =1, 2, 3 and
pi-1(i). Their specific values result from the following definitions and considerations:

Let us denote by a symbol i a depth of an exploratory well in thousands of feet and by
a symbol i or respectively ~i a phenomena consisting in the fact that in the depth i the
exploratory well is dry or respectively wet. Then the probabilistic task can be solved by
the exact approach (from the “above”) in the normative form presented by Bayesian
formula described by (2) as pi-1(i) = pi(i-1) - p(1) / p(i-1) putting in relation the conditional
probabilities of occurrence of two mutually dependent phenomena i-1 and i at the given
exploratory well (the index is the conditioning phenomenon, the argument is the
conditional phenomenon) with their probabilities without index (unconditional). For every
I =1,2,3 applies pi(i-1) = 1 a p(™1) = 0.7, p(3) = 0.1, p(1A—2) = 0.1, where the symbol A
signs for a binary operator of a simultaneous occurrence of both phenomena. The task
is to calculate p(1), p1(2), p(2) a p2(3).

Solution:

Given that pi(i-1) = 1 for i = 1,2,3 the Bayes formula degenerates to pi-1(i) = p(i) / p(i- 1).
Since p(71) =1 - p(1) = 0.7, then p(1) = 1 — 0.7 = 0.3. Furthermore, p(1A-2) = p(1) -
p1(72) =p(1) - (1 -p1(2)) = 0.1, from which p1(2)=1-(0.1/p(1))=1-0.1/0.3=2/3.
By substituting i = 2 to the Bayes formula we get p1(2) = p(2) / p(1), from which p(2) =
p1(2) - p(1) =(2/3) - 0.3 =0.2. In the same vein, for i = 3 it applies p2(3) = p(3) / p(2) =
0.1/02=1/2.
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5 The frequency form as an alternative form of presentation of
Bayesian model

The Bayesian approach advocated e.g. by E. T. Jaynes in (2003) is, in terms of his
theory, the extension of the classical Aristotelian logic to the case of statements of truth
values, which lie in the range between absolute truth and absolute untruth; therefore, it
ranks it as fuzzy logic. However, for the untrained individual in logic and mathematics
this is less psychologically acceptable, which implies that the human brain is not
furnished with the “mental logic” that would help to solve similar types of problems. This
thesis is supported by evolutionary geneticists, who explain why it is so from their point
of view (Ridley, 2003).

The consequence of this is a high rate of incorrect solutions relating to the Bayesian
types of tasks (see e.g. Kahneman, 2011; Mlodinow, 2008). Gigerenzer says to this that
the reason for erroneous judgments may not be the “tendency” of solvers to
systematically succumb to illusions, but rather the fact that (Gigerenzer, 1998): “If a
human reasoning system enters an environment where statistical information is
formatted differently from that encountered in the environment in which humans
evolved, the reason algorithms may fail.” And as he further says, the problem can be
solved by the adaptation of mental algorithms to their environment. Evolution equipped
us with gathering and counting information obtained on the basis of case by case
involving observation in the form of frequencies rather than with formal statistical skills
and deductive reasoning (Gigerenzer, 1998; Gigerenzer & Gaissmaier 2011).

5.1 The transformation of the normative form of the Bayesian model presentation
in the frequency form

The question arises what other tools then the Bayesian approach to offer to the category
of solvers like practising managers and economists, who seldom belong to trained
mathematicians or logicians so that the their results were reliable (in the sense of
correctness)?

In the next we will follow and develop this idea while bearing in mind the evolutionary
tendency of the problem solvers towards the observation and reasoning in the form of
frequencies. Its nature lies in presenting a problem in the structure of individual easy to
follow steps, which facilitates understanding of the task and thus contributes to its
correctness.

The construction of a solution in this form requires from the solvers analytical abilities
and creativity of a different kind then procedures of Bayesian statistics. One of the useful
frequency forms of statistical problems presentation is an adequately interpreted Venn
diagram that mediates the accessible vision on the problem to those who are not familiar
with conditional probabilities.
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5.2 Venn diagram

Numbers X, Y, Z or respectively W are the frequencies (numbers of exploratory wells)
in which phenomena X = 7iA(i-1), Y = iA(i-1) and Z = iA=(i-1) occur (see Fig. 2), or
respectively the universe of consideration W (consisting of all contemplated exploratory
wells); the equivalent of the relation pi(i-1) = 1 is Z = @ in the diagram, or Z = 0. This is
reflected in the diagrams in Fig. 3 proceeding from the same universe W (W = 100),
which are the frequency equivalents of the degenerated Bayesian formulas pi-1(i) = p(i)
/ p(i-1) fori=1,2,3.

Figure 2 Venn diagram as a frequency form of presentation of the Bayesian managerial
problem

-1 —

Source: Own elaboration

Therein the marked ellipses associate the exploratory wells of the property i or
respectively i-1. Therefore, if they appear repeatedly in two diagrams (in our case there
is always the left ellipse of the following diagram the repetition of the right ellipse of the
previous diagram) the total number of the wells associated in them must remain the
same in both diagrams. On this consideration the following solution method is based
(see Fig. 3):

e We first record what we know from the task assignment in the trio of diagrams
(black numbers);

e This will be completed with the red numbers in the relevant diagrams calculated
in the way that the sum of all wells is 100 in the diagram or in the way that the
numbers of wells of the identical ellipses are the same in different diagrams;

¢ In such supplemented diagrams we enumerate the probability p(i) as a ratio of
the number of wells in the ellipse i to W (thus p(1) =30/ 100 =0.3 and p(2) = 20
/ 100 = 0.2) and pi-a(i) as a ratio of the numbers of wells in the ellipse i to the
numbers of wells in the ellipse i-1 (i.e. p1(2) =20/30=2/3 and p2(3) =10/ 20
=11/2).

The mutual correspondence between the calculations of the frequency form carried out
in Venn diagrams and the formulas of Bayesian statistical calculus of a normative form
is apparent from the comparison of the two solution methods.
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Figure 3 Venn diagram as atool for calculating the unknown probabilities p1(2), p(2) and
p2(3)
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6 Discussion and conclusion

The discussed conditional probability calculations are the subject of many scientific
analyses. The majority notice the descriptive side of things, which they interpret; the
minority put forward proposals, which should lead to a reduction of the problems that
often occur in the solutions of these tasks. From the perspective of an exact approach
by Bayesian formula, the poor results of solvers are due to their inclination to various
forms of distortion of judgment and the lack of effective comprehension of the Bayesian
procedures. To avoid this requires an initial total understanding of a given problem.

The purpose of this paper was to show a different way how to cope with the probability
task solution. Pointing out that if the problem solver is an individual who is not a trained
mathematician or a logician, it is desirable to introduce such solution procedures that
are more comprehensible for them (this category of solvers often involves economists
and managers). This way is purposed in the paper by means of presenting the
probability task by Venn diagram, which corresponds to the task solution in the
frequency form. Such a procedure facilitates the cognitive processes of understanding
the Bayesian tasks and allows the feed-back control of the solution reached.
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