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ABSTRACT: Good decision-making creates value for a company. The decision to drill in the right place
(or not) has strong economic repercussions. Moreover, the human approach to decision-making can be
flawed. Many of the common flaws in decision-making are related to heuristic factors; that is, by human
ways of thinking and drawing conclusions. These factors can negatively impact the outcomes of an
exploration program.
This paper gives examples of cases in which geoscientific reasoning can lead to pitfalls, and explores
why this is so. The paper then discusses the merits of the multiple working hypotheses (MWH) concept
as an aid to harnessing seemingly contradictory data relating to several, often mutually exclusive,
interpretations or scenarios. A simple method using a spreadsheet and decision-tree analysis is proposed
to quantify the outcomes of multiple scenarios. The method is illustrated by a subsurface example in
which two possible interpretations, reef versus volcano, are considered. An outlook of Bayesian
statistics and other methods is included.
Key words: decision-making, biased decisions, heuristics, prospect evaluation, ontology, risk, multiple
working hypothesis, decision-tree, score-table, Bayesian probability.
1.0 Introduction
Decision-making is the process of choosing between
several alternative possibilities. That implies that there
should be a preferred outcome. The decision is often
based in incomplete knowledge. All aspects leading to
the choice should be considered.
Science is “another form of knowing” (Fischhoff,
2013) as opposed to information, knowledge, or
belief. In the following, I will give examples where
possible scientific knowledge as the basis for decisionmaking is flawed by “human-style” decision making
(next section).
Science is a systematic endeavour to build and organize knowledge in the form of testable explanations
and predictions about matters of interest. The scope of
science is continually expanding by the introduction of
newly proposed hypotheses, and by attempts to test
such hypotheses using experiments or observations. At
their core, tests of scientific theories are repeatable, so
that the process of confirmation or refutation of a
hypothesis can be independently verified.
Scientific reasoning requires that all aspects of a
hypothesis to be tested and all properties of the subject under evaluation should be considered before generating conclusions regarding the subject under evaluation (also see Wegener, 1929, p. 2). The essential
method of science consists of the formulation of a
hypothesis, and the testing of the hypothesis by means
of an experiment, or a comparison of the hypothesis
against observations. In geoscience, a great deal of
hypothesis testing is conducted using observational
rather than experimental evidence.
In practice, it is unrealistic, if not impossible, to know
all of the properties of a system. The scientist must
1

2

therefore select a set of properties that are sufficient
but unique, and so clearly describe the range of possible cases. However, even that may be nearly impossible. Fischhoff (2013) stated “When deciding what to
do, how much difference would it make to learn X, Y
or Z”, how much would that added knowledge impact
the outcome of a decision? For example, seismic
attributes, mineral content, pore geometry, and many
other parameters may—or may not—be relevant from
an exploration point of view (i.e., may or may not
have a bearing on the probability of finding hydrocarbons), and therefore may, or may not, be important
to know.
The concept of ontology can provide a way out of this
dilemma. An ontology is “a specification of a representational vocabulary for a shared domain of discourse—definitions of classes, relations, functions,
and other objects” (Gruber, 1993). From a descriptive
point of view, an ontology is “a set of classes (this
implies a hierarchy of some kind) with types and
objects, their relations, attributes, rules and restrictions” (ibid.). Many conceptual relationships exist or
are hidden among geological and geophysical dimensions; these relationships, which go largely unnoticed,
but which carry immense value in terms of the knowledge they embrace, and are thus of great significance
for geological interpretations (Nimmagadda et al.,
2012). Therefore, when preparing a decision or communicate the information to serve as a basis for a
decision, we strive for completeness of information—
the ontology—and describe the system itself, the basis
for the decision.
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From a geological viewpoint, more than one ontology
(and even overlapping ontologies) can exist. For
example, a petrophysicist has a different way of looking at a formation than a palaeontologist, as (s)he has
a different ontological framework. Both views are
correct, within the context of the conceptual worlds in
which they exist, but their perspectives are different.
The Indian parable of the seven blind men and the elephant comes to mind (illustrated in Figure 1). In this
context, we can consider the ontology of an oil or gas
field, or, more accurately, the ontology of all formal
explicit specifications of conceptualisation in a working petroleum system (see Magoon and Dow, 1994,
for a summary of what constitutes a petroleum system).
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The test of a hypothesis (or confirmation of an observation) in petroleum geology is a costly exercise. The
test usually requires drilling an exploration well,
which must be properly sampled and logged. The cost
of a drilling operation is of the order of millions of US
dollars. Therefore, a consideration of all possible
aspects (“the ontology”) of a situation that may influence the outcome of the test is of key importance to
the successful outcome of the exploration project. The
process of evaluating and ranking the probability of
success of a given drilling prospect is part of the regular work flow of an exploration office. This paper will
later demonstrate that multiple scenarios (MWHs) can
be evaluated concurrently.

Figure 1: An illustration of the old Indian parable of the six blind men and the elephant. “Six blind men were asked to determine
what an elephant looked like by feeling different parts of the elephant's body. The blind man who feels a leg says the elephant is like
a pillar; the one who feels the tail says the elephant is like a rope; the one who feels the trunk says the elephant is like a tree branch;
the one who feels the ear says the elephant is like a hand fan; the one who feels the belly says the elephant is like a wall; and the one
who feels the tusk says the elephant is like a solid pipe. - A king explains to them: All of you are right. The reason every one of you is
telling it differently is because each one of you touched a different part of the elephant. So, actually the elephant has all the features
you mentioned.”

2.0 Where Do We Go Wrong? The Human side of Decision-Making
Human cognition has been optimized during evolution
for survival, not necessarily to address scientific problems in an adequate fashion. Human assessment of
uncertainty is usually not scientific, and is often based
on unconscious and biased beliefs rather than science.
The concepts presented in this section draw on ideas

proposed by Tversky and Kahneman (1974) and Kahneman and Tversky (1979, 1984), where a more complete treatment of the subject matter of bias in decision-making can be found. The following scenario
provides an illustration of biased decision-making processes.

2.1 Traps in Thinking, Logic and Perception
For our ancestors, the simplification of observations
and conclusions was an important and often life-preserving strategy; for example, “I see a tiger, therefore I
had better run away” was a valid life-preserving
thought flow and the option not to follow this immediate reflex was subservient to the potential consequences of non-action. Human minds are optimized to

solve human day-to-day problems, and therefore tend
to jump to conclusions without a proper evaluation of
the actual sequence of arguments, counter-arguments,
and resultant conclusions. Nature, evolution, and cultural contexts have equipped humans with a set of
methods (“congenital teachers”, Lorenz, 1973) to
master the usual challenges in the human environment
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and to react appropriately. This mind-set is optimized
to enhance the chance of survival. Thus, this mind-set
can also be manipulated and is prone to prejudices.
Nature has not given us the tools to use statistical
methods to solve our problems. At times, statistical
reasoning appears even counter-intuitive.

Figure 2: Decision-making for survival: Fight or flight?

Unfortunately, research into matters of how the human
mind makes decisions is conducted only in the fields
of economics, psychology, and other academic disciplines, but not necessarily in those areas that are common scientific pastures for the office-going variety of
petroleum explorationists. For example, Daniel Kah-
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neman, who received the Nobel Prize in Economics in
2002, is a psychologist working in the field of economics, as was Amos Tversky. Konrad Lorenz (Nobel
Prize, 1973) was a zoologist by trade.
Heuristic devices (those based on experience), which
are often applied as shortcuts in the process of decision-making, are often referred to as “educated
guesses”, “rules` of thumb”, “eighty–twenty rules”, or
other stereotypical responses, which lead to wrong
impressions that are “approximately right rather than
exactly wrong”, and which can therefore serve as orientation in the absence of more reliable information.
However, these heuristic devices often lead to wrong
conclusions, and are highly problematic in the course
of proper decision-making, as they cannot be argued
or refuted on scientific or statistical grounds, but
rather take the form of axioms or matters of belief or
“generally assumed truths”. Such non-scientific methods of decision-making should be avoided at all costs
in petroleum exploration because, ultimately, they do
not add value.
Some of the main decision-making pitfalls—examples
in which human decision-making goes awry—are
listed and explained below. Some of the points below
are related and may overlap to some degree.

2.1.1. Expectation
The expectation of structure and the expectation of
meaning underscore the expectation that “it should
make sense”. It is human nature to try to make sense
of patterns and structures, even when they are sense-

Figure 3: An example of an ink blot used in the Rorschach test.

less. Consider the ink-blot test of Rorschach (Blum,
1934, Figure 3) used in psychology.
This skill of pattern recognition is useful when interpreting maps, seismic sections, and other geological
and geophysical data. In this case, the brain of a
skilled interpreter can identify patterns that would
often evade computer pattern-recognition algorithms.
Unfortunately, there is also a dangerous tendency to
over-interpret data, and to see patterns and structures
where only random data exist.

Experiments have been conducted in the geosciences
to show how humans tend to impose structure and
meaning upon patterns that are actually random:


Bally (1983, volume 1, page 25, material
contributed by Howard and Danbom,
Conoco) showed seismic panels generated
from purely random noise (Figure 4) to an
interpreter who was not aware of the random
nature of the signals, and when confronted
with the task of interpreting such a section,
immediately began to impose geological
interpretations on the random data. Some
even said, “I have interpreted worse data”.
What is the relevance of such an interpretation?



Miall (1992, “An event for every occasion?”)
challenged a prevailing sequence stratigraphy
chart and later (2010, page 400ff) generated
randomly modified sequences resembling the
Exxon sequence chart of Haq et al. (1987).
Even then, geologists were able to match
these random data to geological data and
impose sense to a random data set.



In an older study, Zeller (1964) devised an
experiment similar to Miall’s, to test if geologists would over-interpret the meanings of
lithological profiles.
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Figure 4: Random seismic data (Bally, 1983). Left: CDP gather made from random noise; center: final stack; right: final stack with
trace mixing (partial summation of adjacent traces).

Geoscientists are often overconfident in their interpretations, and they fall for the illusion that they
“understand what’s going on”, or at least could understand “what was going on” if only more and better and
data were available. This pitfall of overconfidence
becomes even more dangerous when a geoscientist has
worked in a particular area or on a specific problem
for a long period of time (which is also related to the
problem of complacency, which is discussed later), in
which case (s)he tends to negate the nature of geologi-

cal processes that are stochastic, non-linear, and nonpredictable.
The popular saying, “when you hear hoof beats behind
you, think horses, not zebras” does not apply here.
The most plausible explanation may not be the right
one. The ‘zebras’ of exploration are successful
prospects, which may have only a small probability of
occurrence. Exploration is the search for the anomaly
or the exception, not the rule.

2.1.2. Bias due to the Expectation of Uniqueness or Simplicity
Naïve or linear cause–effect thinking also constitutes
an expectation. Not every set of correlative parameters
represents a cause–effect relationship. The fact that
two or more parameters correlate on a significant level
does not at all constitute a cause–effect relationship.
For example, a correlation exists between chocolate
consumption per capita and the number of Nobel laureates from that country (Messerli, 2012). However, a
cause–effect relationship in this case has not been
established (ibid.).
The belief in a single cause convinces us that we have
found the answer to a problem, even if the solution we
have discovered is only one of several possible solutions. Mark Twain (and also others) has been credited
with the statement, “when the only tool you have is a
hammer, you tend to see every problem as a nail”.
The expectation of the uniqueness of a solution precludes the search for other competing, complementary,
or better-fitting solutions. Unfortunately, we have been
conditioned by our real life (RL), from school through
higher education, to think as if only one right answer
to a problem is possible. Therefore, we often stop

looking for other possible solutions once we have
found only one solution. In reality, some effects can be
caused by one of several possible mechanisms; for
example, a ball can be moved by kicking it or by
throwing it or by hitting it with a cricket bat or by any
number of other causes.
Other effects can only be caused by two or more
causes acting in tandem—causes represent Boolean
‘and’ relationships. For geoscientists, a petroleum system is a good example in which several causes (here
called ‘elements’) must act together to cause a hydrocarbon accumulation. Clearly, focusing on one single
element of the petroleum system is wrong and will
yield an incorrect understanding of the system.
Parsimony is a principle commonly applied to logic
and problem-solving to select between competing
hypotheses. According to the parsimony principle, the
hypothesis with the fewest assumptions is selected and
considered correct. Parsimony is often invoked to
shorten a discussion or argument. The parsimony principle often seems compelling and supersedes proper
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logic because of its succinctness and apparent elegance—but, why should that be?
In the natural sciences, parsimony is not considered as
an irrefutable principle of logic or as a foregone scientific result, but merely one that satisfies our human
proclivities for simplicity. The sentence “It is easier
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for the world to accept a simple lie than a complex
truth”, is attributed to Alexis-Charles-Henri Clérel de
Tocqueville, a French politician and thinker in the 19 th
century.
Again, simplicity and succinctness do not translate to
logical correctness.

2.1.3. Complacency and Belief Bias
Complacency, defined as “self-satisfaction accompanied by unawareness of actual dangers or deficiencies”, is another common problem related to expectation. Poor science is often characterized by an overreliance on confirmation rather than the testing and
refutation of competing hypotheses. In practice, we
hear that “we have always done it like that and it has
worked fine...”. This attitude is based on the evolution
of efficiencies in biological learning and successful
behaviours.
As stated before, the human mind has a tendency to
simplify complex situations by means of substitution
or belief (belief bias). “...beliefs and knowledge are
intrinsically cognitive processes in that each involves
an individual’s claim regarding reality. In the case of
beliefs, however, the statement is a subjective
proposition...” (Hindman, 2012, ref. 9, quoted in Eveland and Cooper, 2013).

There is a conceptual overlap between knowledge and
belief in science. Imagine, for instance, the beliefs of
an astronomer in 1500 versus an astronomer in 2014.
In 1500, the revolution of the Sun around the Earth
would be considered knowledge. Today, however, this
pattern would be considered as an errant belief (after
Eveland and Cooper, 2013).
These tendencies of our mind to simplify and to use
what seems to be established (established knowledge,
belief) are the consequence of the fact that our cognitive tools are designed to handle similar situations
quickly and with a minimum of cognitive effort, so as
to respond quickly and decisively to survival situations. Doing so has conferred an evolutionary advantage related to survival, but such an approach is not
appropriate for hydrocarbon exploration, as oil and
gas fields are not similar—they are actually anomalies, or exceptions to the rule.

2.1.4. Intuition
In science, inductive reasoning is used to support
many laws, such as the law of gravity, largely because
the patterns that support these laws have been
observed to be true countless times, and counterexamples are absent. While this process is based in part on
intuition, it is also strongly counter-intuitive.
Hempel’s paradoxon (Hempel, 1945a, b) is an example of a situation in which intuition leaves us in the
cold. Hempel describes the paradoxon using two
statements:
(1) All ravens are black.
(2) Everything that isn’t black isn’t a raven.
If one were to observe many ravens and find that they
are all black, one's belief in the statement that all
ravens are black would increase.
But, if one were to observe many red apples, and concur that all non-black things are non-ravens, one
would still not be any more sure that all ravens are
black.
This statement is absurd because there is no way that
we can discover the colour of a raven without observing a raven.

Figure 5: A raven, probably blissfully unaware of Hempel's
Raven paradoxon.

But, how do we argue in geoscience? Do we—at times
—apply the same logic? Imagine a case in which we
argue about whether seismic data should be interpreted as evidence for a reef or a volcano.
We could make the statement “(1) all reefs cause a
velocity anomaly”, and then “(2) if there is no velocity
anomaly, it is not a reef”.The interpreter might continue to observe a large number of cases of both reefs
and non-reefs that do not exhibit velocity anomalies,
and may conclude that all of the cases are not reefs.
Hence, (s)he might throw out a couple of valid leads
and prospects that should be in the company’s portfolio and considered for exploration drilling.
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2.1.5. Bias due to Lack of Examples or Imagination

Figure 6: Lack of imagination is arguably the biggest obstacle
in exploration.

The opposite of intuition is bias due to an absence of
examples or a lack of imagination, which is also called
the illusion of validity, bias due to retrievability, and
bias of imaginability.

Wegener’s theory of continental drift (Wegener, 1912)
serves as an example of bias of imaginability. The scientists of that time just could not imagine that such a
concept could be valid. Consequently, they did not
even consider testing Wegener’s hypothesis.
For example, an explorationist may give more weight
to data that can be readily retrieved from a scouting
service subscription or an Internet search, than to data
retrieved from a paper source that may require formatting and editing.
Likewise, case studies from previous work or nearby
locations may be weighted too highly, and conclusions
drawn from other, more remote geographical areas
may be too easily discarded as being inapplicable to
the study in question. By the same mechanism, people
and organisations alike have a strong tendency to be
all-too-certain about things that proved successful at
one time.
Such traps reflect the tendency to inductive thinking,
plausibility conclusions (instead of logical conclusions), and overly strong considerations of known
facts at the expense of possibly unknown facts (confirmation bias).

2.1.6. Risk Aversion
Risk aversion, or loss aversion, and its opposite, the
overweighting of certainty (Kahneman and Tversky,
1979, 1984), are problems related to expectation. The
avoidance of risk and loss is ingrained in human
nature. In economics and decision theory, loss aversion refers to the tendency to strongly prefer the
avoidance of losses to the acquisition of gains. “The
individual will experience regret—the painful sensation of recognising that ‘what is’ compares
unfavourably with ‘what might have been’. Conversely, if ‘what is’ compares favourably with ‘what
might have been’, the individual will experience a
pleasurable sensation, which we have called rejoicing.
We assume that when making a choice between two
actions, the individual can foresee the various experiences of regret and rejoicing to which each action
might lead, and that this foresight can inﬂuence the
choice that the individual makes.” Sugden (1985). It
seems common that expectations of loss are felt twice
as powerfully, psychologically, as expectations of
gains. While risky actions may yield benefits in business, given the costs of opportunities, people generally
prefer the certainty of a bad outcome to the uncertainty of not knowing the outcome.
Loss aversion also leads to greater regrets for taking
actions than for not taking actions; more regret is
experienced when a decision changes the status quo
than when it maintains the status quo. Together, these
forces of aversion provide an advantage for the status
quo; people and companies are motivated to do nothing, or to maintain their current status, rather than to

make risky decisions. Change is avoided, and decision-makers stick with what has been done in the past.

Figure 7: The value of something, before getting it, when having
it and after losing it.

However, choosing the “do-nothing path of least
resistance” is poor decision-making, and does not add
value to a company. It is not uncommon that the regret
or remorse experienced when taking an action instead
of doing nothing is exacerbated by the corporate environment and its hierarchies. People are under the spotlight when they make decisions (as opposed to when
they do nothing); however, people rarely receive the
same scrutiny for not making a decision or for following a default course of action.
Risk aversion can lead to a non-logical bias in decision-making processes. In the simplest of cases, in the
world of oil and gas, doing nothing (i.e., the outcome
is certain, but there is no gain) is preferred to drilling
an exploration well (where outcomes are uncertain but

Bernhard W. Seubert

How to make better Decisions – Examples from
Exploration

possible gains are large). In the real world of exploration, such indecisiveness is camouflaged as “seismic
reprocessing”, or “regional study”, or other exercises
that postpone a decision.
Moreover, people’s attitudes towards risk depend on
age. In a recent study, Tymula et al. (2013) found that
both elders and adolescents are more risk averse than
their mid-life counterparts. When evaluating
prospects, it may not be surprising that mid-life (and
“mid-career”) geoscientists propose riskier projects
than their elder managers are willing to accept.
Another aspect of loss aversion is the nearly irrational
treatment of sunk exploration costs that may be recoverable if a commercial discovery is made, eventually.
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We often observe that the actual value of such sunk
costs (i.e., the capital cost multiplied by the fractional
probability of a commercial discovery) approaches
zero, particularly towards the end of the exploration
cycle; yet, this marginal value is preserved at nearly
all costs—the mechanism of loss aversion is the reason.
Risk aversion behaviour exists in many parts of the
corporate world. For example, top-down instruction
from management to reduce the range of probability in
a statistical calculation is rooted in the fear of uncertainty and the attempt to avoid risk. In some cases,
uncertainty seems to be a signal to management that
something has not been finalized or thought to its end.

2.1.7. Wrong Conclusion from Correct Data
Often, wrong conclusions are drawn from correct data,
due to an insensitivity to sample size and the clustering of data. The validity of conclusions drawn from a
limited number of samples (or measurements), and the
application of the conclusions to the entire population,
is only valid under certain conditions. It is in the
nature of statistical and quantitative data that the scatter increases with smaller sample sizes. In other
words, the fewer the number of samples analysed, the
less representative the result will be of the population
it is supposed to represent. Small samples sizes do not
represent populations well. For example, if we ask
thirty people, a small sample of the population, about
the day of the month on which their birthday falls, we
will find that a sizeable number of people have birthdays on the same day of the month, whereas there are
days in the month on which no one in the sample has a
birthday. This is an example of clustering, which is
somewhat counter-intuitive; intuition would suggest
that there is nearly one birthday per calendar day.

Figure 8: Or we make the wrong conclusions, even from the
right observations. Like this lady with the full closet, concludes
that she has nothing to wear. - Typical woman, typical human,
typical mistake. - The correct conclusion should be: The options
and choices that I have to not match with my expectations. Here
the expectation overshadows the validity of the conclusion.

Or, if we walk down a city street and see that nine out
of ten people are carrying a laptop, we might conclude
that, statistically, 90% of the people in this city take a
laptop with them wherever they go. However, “human
logic and heuristics” would suggest that we are witnessing an anomaly of some kind: maybe all the people we have passed had just attended a computer conference, or are coming from a shop that is selling laptops at a large discount. On scientific grounds both
conclusions are actually wrong. The proper conclusion
would be that the sample size (the number of observations) is too small to draw a reliable conclusion for the
entire city.
In petroleum exploration, how do we assess whether
our core sample is truly representative of the entire
formation? This problem has been addressed in petroleum engineering applications with sophisticated
methods, such as fractal up-scaling. Do basin-wide
and field-size distributions and creaming curves truly
allow a conclusion about the remaining hydrocarbon
potential of a basin? The “creaming curve” of a basin
is the cumulative plot of discovered hydrocarbons
over time, or over the number of exploration wells
drilled. Except for in a mature basin, the number of
observations will always be too small to draw correct
conclusions. Moreover, the number of oil fields in a
basin is finite and ultimately enumerable.
Furthermore, the few fields that have already been discovered are no longer a part of the population that
makes up the remaining exploration potential; i.e.,
they cannot be found again. In practical exploration,
the largest fields are discovered first (because they are
easy to find and because they are commercially most
attractive). These first discoveries can bias statistics
towards large expectations, whereas geological logic
suggests that these fields represent the tail end of of a
log-normal distribution.
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2.2. The Impact of Group and Peer Pressure on Decision-Making

Figure 9: Group pressure, crowd wisdom and peer reviewing.

Peer pressure is the influence that a group or individual exerts on others to change their attitudes, values,
or behaviours so as to conform to group norms. The
response to peer pressure is conformity, defined as the
act of yielding to group pressure (Asch, 1948, 1956;
Crutchfield, 1955) without necessarily sharing the
group’s views. The basis for conformity is the desire
to “fit in”, to be part of the group, or to be accepted.
The desire to be part of the group reflects primordial
human social needs, as historically, being part of the
group meant access to shared food, shelter, mates, and
ultimately a better chance of survival and procreation.
The desire to be part of the group is a very strong
emotional force, which can therefore be manipulated
rather easily. Peer pressure, meetings, and workshops,
where elements of hierarchy or seniority come into
play, can be toxic for the development of proper scientific argumentation and decision-making.

Figure 10: Peer pressure and bullying can impact negatively on
the process of decision making.

Phrases like “everybody knows that...” or “most of us
would agree that...” are used to force an opinion,
rather than to make an actual contribution to a scientific argument. Science is not a democratic process
driven by a majority vote—much to the contrary, scientific history is full of examples where the mainstream (i.e., peer group) beliefs of science were wrong
and were ultimately challenged by a single individual.
The case of Galileo Galilei, who put science above
belief, is a famous example of such a situation (“and
yet she moves”).
In the geosciences, the continental drift hypothesis of
Alfred Wegener—he proposed that the continents drift

across the globe on a liquid material—was initially
ridiculed by his peers (Berry, 1928; Bowie, 1928;
Chamberlin, 1928; Gregory, 1928; Molengraaff, 1928;
Singewald, 1928; and many more), and it took nearly
40 years until Wegener’s hypothesis was supported by
geomagnetic data, at which time it gained acceptance
in mainstream geoscience
Killer phrases such as “we tried that before” or “it’s
not in the budget” are methods often used by peers or
supervisors to “kill” an idea or to avoid a discussion. A
collection of common killer phrases used in exploration, and how to defuse them, is given in Foster
(2000). In this context, we must be aware that killer
phrases are not, and cannot, represent a contribution to
a scientific argument, and therefore do not contribute
to decision-making which adds value to a company.
The use of killer phrases destroys value.
Bias imposed by management occurs when managerial
positions occupied by people who possess political wit
and corporate survival skills, but who are not necessarily thorough in their scientific or logical reasoning.
In fact, corporate survival skills may represent a sort
of “natural” evolutionary endgame that propels managers into their positions. Some managers, who initially might have possessed a geoscientific background, have grown into non-technical positions by
years of sitting through irrelevant meetings, filling out
spreadsheets with budgets, bullying their opponents,
and thinking about cost reduction, rather than focusing
on scientifically compelling reasoning. Given that
decisions are made by humans, we need to be aware of
the flaws possibly introduced into the decision-making
process.
Normalisation by review can be another form of group
pressure. This is related to the effect of regression to
the mean (Figure 9), discussed in the next section. Of
course, modern petroleum companies have established
prospect evaluation groups and project review teams
to evaluate and judge exploration projects. The most
important and expected outcome of this exercise is
that all projects are compared and evaluated using the
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same criteria. The comparison should be “apple-toapple”. Peer reviews apply the same methods, standards, and yardsticks to all sectors of a company’s
portfolio.

Figure 11: Regression to the mean. More guesses, less scatter.

Evaluation teams have the benefit of exposure to, and
evaluation of, practically all projects of a company,
and ideally rank them on the basis of certain economic
parameters or benchmarks chosen by the company.
The downside of these peer review bodies is that they
are often without any external checks or balances (i.e.,
they are self-fulfilling, and acting only on selfestablished criteria); also, they can be usurped to
advocate a company policy that may not be
scientifically grounded. The peer review process may
result in the imposition of the view of the peers, and
the group may rarely consider alternative solutions to
or multiple hypotheses.
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2.2.1. Bias Imposed by Cost Considerations
Naturally, when costs are incurred, efforts are put into
place to reduce costs and to increase profit. This is
natural, but can also lead to poor decision-making, as
for example when a well location is moved to a place
where drilling is cheaper but also less promising, or
when the planned total depth (PTD) of a well is
reduced solely for budgetary reasons. In connection
with peer pressure, and in an attempt to please a
supervisor, cost considerations are often used as a
form of pre-emptive obedience rather than wise decision-making. Hydrocarbon resources are not found by
saving money—they are found by using money wisely
in a fashion that has the most beneficial effects, ideally
which maximize reserves at a minimum cost.
2.2.2. Bias Imposed by Prescribing the Methods or
Tools
Not uncommonly, a practising geoscientist may be
limited to a certain type of software or work flow.
Even more problematic, certain data may not be
included in an evaluation of a hypothesis, only
because such data cannot be readily formatted for a
computer workstation or a given data transfer format
(as sometimes occurs in the case of micropalaeontological data). This is another example of the hammerand-nail parable. Not considering, or not being able to
consider, all possible data and all possible ways of
using that data severely limits the quality of decisionmaking. Clearly, this situation should be avoided.

2.2.3. Group Wisdom
The creation of discussion groups in exploration teams
for the purpose of parameter estimation is good practice. The so-called wisdom of crowds is, in this context, based on the finding that guesses (“estimates”)
about the solution to a problem made by large numbers of people tend to cluster around a mode in the
distribution that approximates the actual result surprisingly well, even (and particularly) when the participants guessing have no specific knowledge about the
subject matter (the wisdom of crowds was first introduced by Galton, 1907, and is described in a Society
of Petroleum Engineers (SPE) paper by Capen, 1976;
also see Rauhut and Lorenz, 2011).
The consequence of jointly guessing a parameter leads
to the regression to the mean. While crowd wisdom is
good for estimating values, guessing numbers but this
does not necessarily translate into good decision-making. Crowds are good when tasked with seeking a
common goal or an optimized solution.
Likewise, the process of peer reviewing is a filter that
removes the extrema. After peer review, But here this
means that extreme values are reduced, more specifically, very exotic or less conventional projects are
eliminated in the course of this process.

Figure 12: Cartoon illustrating the process of a peer review.

The outcome is therefore a set of filtered, relatively
normal projects, mediocre in some cases. It remains to
be seen if this is the desired outcome in petroleum
exploration where we search for the exception, the
anomaly, - a hydrocarbon accumulation.
Crowds and their “wisdom” fail when what is required
is to find new solution, be creative, and think outside
the box, just consider political systems and some of
their processes.
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2.3. Serendipity – good, but neither Science nor Business
Serendipity refers to a “happy accident” or a “pleasant
surprise”, as when someone is taking a walk on a Sunday and meets someone unexpectedly or discovers

Figure 13: How much serendipity is good for business?

something new. Serendipity in business is often
mocked as beating about the bush, or lacking focus,
because there is no scientific hypothesis to be tested or
business model to be followed, and thus the possible
outcomes of such serendipitous exercises are unknown
—this is why serendipity is frowned upon by business
people, and not accepted as a scientific method. Marcel Duchamp, a chess player and artist of the last century, coined the phrase “where there is no [defined]
problem, there cannot be a solution”. Yet, the reverse
is equally problematic. By negating the potential benefits of serendipity, we are driven by the illusion that
everything can be known and predicted, and that

everything unknown is unworthy of consideration. We
therefore never know what we are actually missing.
This leads to the question of how much serendipity is
good for exploration, and good for the company.
Excessive serendipity leads to unstructured results,
and thus to business outcomes that are not defined.
The absence of serendipity in a system on the other
hand, does not allow for unexpected findings; this is a
permutation of the expectation problem: we are under
the illusion that we know in which direction to search
for the solution.
A certain amount of serendipity is good for the exploration business, good for decision-making, and good
for innovation. We should dedicate some time, some
resources, and some funds to matters that are clearly
not directly related to the solution of usual business
problems. The question of how much serendipity is
actually good for business is an optimisation problem,
the solution of which depends on the nature and objective of the enterprise.
Serendipity is the opposite of filtering and peer
reviewing (discussed in the next section). It is adding
a component of randomness. It a way, serendipity is
similar to ‘spectral whitening’ in seismic. The process
of spectral whitening does not improve the signal-tonoise ratio, it only adds noise – but makes the data
easier to process or to interpret.
In the discussion of the examples later in the text, the
column “something else” in Table 1 represents elements of serendipity, a branch with an unknown outcome. Even this branch can have a positive value,
although it is unlikely.

3.0 Adding Value with good Decision Making
Exploration geologists and geophysicists propose the
unlikely—this is the nature of their job. Whatever
project or drilling prospect an explorationist may propose to his or her management always has always a
higher probability of failing than of being blessed with
success. This means that every time the explorationist
rolls up his or her maps and ventures into the board
room to present “where the oil is” to the management,
he or she is more likely to be wrong than to be right.
For example, a typical exploration well has a 20%
chance of encountering hydrocarbons; i.e., an 80%
probability of being a failure. Changing this probability of success from, for example, 20% to 25% adds

value to the portfolio of a company, as the company
would then drill only three instead of four dry wells
(on average) for every discovery.
The game of hydrocarbon exploration is such that success in a small number of cases is sufficient to commercially outweigh a large number of failures. In other
words, the several extra probability points that an
explorationist adds to the chance of finding hydrocarbons is a competitive advantage for his or her company. Therefore, good decision-making and the consideration of all possible outcomes of a decision tree
does add value to a company.
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4.0 The Concept of Multiple Working Hypotheses (MWH)
In medicine, for example, any set of symptoms can be
indicative of a range of possible diseases, and at no
point is a diagnosis rejected or accepted solely on the
basis of a single disease appearing more likely than
another (i.e., bias due to expectation, as described
above). The continuous flow of formulating, testing,
and modifying hypotheses greatly benefits from estimates regarding which diseases are relatively more
likely to be responsible for a given set of symptoms,
and which are more likely to result from a patient's
environment, habits, medical history, and so on. For
example, if a hypothetical patient's immediately
apparent symptoms include fatigue and cirrhosis, and
the patient tests negative for hepatitis C, a physician
might formulate a working hypothesis that the cirrhosis was caused by a drinking problem, and then seek
symptoms and perform tests to formulate hypotheses
and rule out factors regarding what has been causing
the fatigue; but, if the physician were to further discover that the patient's breath inexplicably smells of
garlic, and that he or she is suffering from pulmonary
oedema, then the physician might decide to test for the
relatively rare condition of selenium poisoning.
As a scientific reasoning tool, the MWH concept was
formally introduced into the earth sciences in the
1890s by Chamberlin (1890). The use of MWH allows
one to define and test several hypotheses concurrently,
and ideally, to arrive at a conclusion based on the
hypothesis that most adequately explains a given set
of observations. However, over the years, the MWH
method has been harshly criticised (e.g., Johnson,
1990), and the pros and cons have been discussed in
the literature; e.g., see the reply to Johnson (1990) by
Railsback and Locke (1990).
While geologists must still argue that their proposed
drilling objective is, for example, a reef rather than a
volcano, other branches of science (such as medicine)
have moved ahead and comfortably quantified the
probability of various outcomes using MWH based on
differential diagnoses (see the example at the beginning of this section). In the medical sciences, the

process of so-called differential diagnosis examines
the likelihood that observed symptoms are the expression of a certain malaise, and whether the malaise is
dangerous or even life threatening (e.g., Zenker et al.,
2007).
In the geosciences, the concept of MWH is a practical
tool, which can be used to present and analyse multiple competing solutions to a problem. Many observations can be explained in more than one way. As in
mathematics, where an equation can have one, several,
or no unique solutions, geoscientific observations can
have more than one possible explanation, and not all
explanations may be correct. The MWH concept
attempts to order, rank, and test various possible models that can be invoked to explain a set of observations
(“ontology”). However, in contrast to mathematics,
the number of possible explanations is usually not
known in the geosciences. Due to the nature of exploration, we must ask ourselves at nearly every step if
our conclusions “can be supported by some other
explanation” or ask “if we can really rule out ….”.
The formulation of MWH allows us to evaluate several possible scenarios concurrently, and to calculate a
value corresponding to the entire spectrum of possible
outcomes.
In hydrocarbon exploration, it is common to present
the probability of success and the related “risk discounted resource” (i.e., the volume of hydrocarbons
expected to be found multiplied by the chance of success) of a drilling prospect. However, such estimates,
which are also the basis of a company's portfolio calculation, do not take into account MWH, that is, the
fact that there can be several possible explanations (or
outcomes) to one single geoscientific problem. Usually, prospect assessments are based on a single
model, or a single explanation. Multiple and possibly
mutually exclusive interpretative scenarios are often
not considered or evaluated, despite the fact that the
consideration of multiple scenarios would be very
simple to do, and would lead to better decision-making.

4.1. A Practical Example: Reef or Volcano?
A practical interpretative example is provided by the
need to assess whether a subsurface feature is a reef or
a volcano. What is the probability that a given
prospect turns out to be a volcano and not a reef, or
vice versa? And, how does the final outcome of the

assessment impact commercial and business success?
Can we quantify various scenarios in one consistent
process or work flow, and if so, how? The concept of
the Multiple Working hypothesis will be applied.
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Figure 14: An example of interpretative uncertainty; is it a reef or a volcano (or something else?). Time lines and scale have been
removed for reasons of confidentiality.

In the exploration for natural resources, which is
driven by commercial interests, we usually want to
answer the question about which scenario is more
likely and more profitable. For example, is it more
likely that a particular seismic structure is a reef or a
volcano? This question has been asked frequently in
the course of petroleum exploration. The question was
formulated and presented as a poster at the 2010 conference of the AAPG in New Orleans (Dickson et al.,
2010), in the context of offshore exploration in the
Makassar Straights, Indonesia.

The explorationist and his management would like to
know the following:
(a) If the seismic structure is a reef, what volume of
hydrocarbons might it contain, and what would be
their value?
(b) What is the probability that the structure is not a
reef, but rather a volcano; and, if it is a volcano, what
would its value be, if any, in terms of potential hydrocarbon reserves?
(c) What is the probability that hypotheses (1) and (2)
are both wrong; that is, what if the structure turns out
to be neither a reef nor a volcano?

4.2. Application of MWH—A Practical Example and Work Flow
For the MWH concept to be more than an interesting
idea, it must be put to work to help solve real problems.
In the following example, a simple methodology of
MWH is presented. The method is based on the use of
spreadsheets and decision trees that are readily available to the practising explorationist in his office (e.g.,
Seyller, 2008).
4.2.1 Building a Score Table
As an example of the proposed typical work flow, let
us consider the number of possible observations that

could be made regarding a given problem, such as that
of the seismic structure in the reef–volcano problem
presented above. The seismic data for this problem are
presented in Figure 14.
We start by making a list of criteria that we would like
to check, and assigning an estimated probability for
each of the criteria. Such a checklist or score table is
presented in Table 1 (note that the actual values
entered into this score table are only examples—i.e.,
dummy values—entered for the purpose of illustrating
the method; of course, the values used in a real-life
scenario would be much different)./
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Table 1: Score table of observations in a multiple working hypothesis example.

The number of geoscientific aspects to be evaluated,
shown in the leftmost column of Table 1, which is
kept to a minimum in this example, could be much
larger in a real-world example, and would include
nearly all possible aspects of the feature under investigation (i.e., its ontology), striving for completeness.
The number of aspects also depends on the dataset
available in a given scenario. In this case (reef vs.
volcano), data from sea-bottom cores would be of use,
as such data can give direct indications about the presence of hydrocarbons; or, certain potential fields or
magneto-telluric data might further constrain the
assessment of the MWH to the most likely outcome.
Again, the degree of simplicity or complexity of the
situation will be represented in the amount of data
available to the interpreter for assessment of the
MWH.
In Table, 1 a probability between 0 and 1 is assigned
to each aspect of the problem, listed in the leftmost
column, for the features under consideration (indicated
in the headers of each column). For example, the probability that a carbonate build-up (column 3) has a positive morphological expression (a mound or mountainlike shape on the seismic profile) (row 2) is 0.7 (70%).
The next column shows that the probability that a
banked (platform-type) carbonate exhibits a mounded
seismic profile geometry is 25% (i.e., a mounded profile is possible, but is not common, and therefore the
probability that the seismic data show a mounded
form is only 25%).
The normalized sum of the probabilities (last row of
Table 1) shows that the most likely explanation for the
feature studied in this exercise is the presence of a thin
limestone overlying volcanic rocks or basement; this
outcome shows the highest probability of all possible
outcomes (P = 0.248). Nevertheless, due to the nature
of asymmetric results, the combined outcome of all
cases of this scenario is still positive, and a case can
still be made for exploration on economic grounds,
even given the occurrence of several unsuccessful
branches of the tree.
The decision tree based on the data in the spreadsheet
(Table 1) is shown in Figure 15, and in Figure 16, an
additional level of branching has been added to the
tree. The decision trees show whether a discovery on a

particular branch will yield a successful outcome (Figure 15), and the predicted value of a discovery given
that a particular set of conditions is encountered (Figure 15).

Figure 15: A basic decision-tree showing the probabilities
calculated in Table 1. The fields in yellow show the probability
that a branch might actually exist. The fields in cyan contain
the “value measure”, which is the value of this particular
branch of the decision-tree. For example, this could be the
value of an oil field stated in US$, if it is found. The green field
is the expected value outcome of the entire decision-tree (again
in US$, for example). The total expected value adds to 1, as do
the related probabilities.

The actual inputs used to generate the results shown in
Figure 16 are purely illustrative, and are based on the
following points and considerations:





The “value measure” is expressed in terms of
US$ ×106 to give a degree of reality to the
model scenario.
The negative branches in all five cases are
US$ –10 × 106, which is the cost of drilling a
dry hole. In practise, there may be minor
variations in the cost of a dry hole, depending
on the complexity of the formation evaluation program.
The value of a reef with hydrocarbons is US$
500 ×106, which is the net value of an oil
field (less development, production, and capital costs, etc.). In some cases, the value of the
investment over time (interest, NPV, etc.) can
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become an additional and important consideration.
The odds of a successful discovery versus a
failure decrease from the top to bottom, from
0.25/0.75 to 0.02/0.98, thus representing the
decreasing probability of finding hydrocarbons in a given geological setting.
The values of the last two cases (“stratovolcano” and “something else”) are positive,
albeit small, perhaps reflecting the potential
farm-out value of such a non-commercial discovery. If the asset cannot be divested, the
value should be negative.
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more important and economically relevant
than the (more likely) chance of drilling a dry
well, which incurs a comparatively small
“regret cost”.

4.2.2 Considerations and Side Conditions
The example in Table 1 has been simplified for the
purposes of illustration. In practice, a balance must be
struck between providing sufficient detail and descriptive criteria on the one hand, and not getting side
tracked by spurious details and unknowns, on the
other; this balance can only be estimated at this point.




If one or another of the aspects is particularly
important, a weighting factor can be introduced (as shown in Table 1). For example, if
the aspect of “internal structuring…” is more
important than the other aspects, we could
multiply this line by a weighting factor. Some
form of underpinning argumentation should
be used to explain and document why such a
factor was used. Otherwise, we risk introducing a fudge factor, which introduces bias into
the analysis.
Note that the outcome of the entire decision
tree is positive, even though the outcome of
most branches is negative; this result arises
because most branches have an asymmetric
outcome; i.e., the less likely outcomes
(“discoveries”) carry more weight than the
likely outcomes (“busts”). In the case of
petroleum exploration, this is because the
(unlikely) chance of finding hydrocarbons is

Figure 16: Here, the previous decision tree has been extended
to more closely match that of a real-life situation. Every branch
of the tree now has two outcomes: a branch for the case of a
discovery and another branch for the case of a dry well (see the
text for a more detailed discussion). In practice, these simple
bifurcations (dry well versus hydrocarbon discovery) are
replaced by a set of much more complex decision trees.

4.2.3. Caveat
It is important to point out that no single case in the
decision tree (Figure 16) actually has an outcome of $
42.7367 MM as shown in the root node of the tree.
There is no single discrete outcome that is worth these
42-something million shown as a result. This number
is only an indicator if a project is economically interesting with respect to risk and reward.
In practical reality, the discrete outcome can be any
one of the many possible branches, 500 million for a
discovery – or a ten million dollar loss.

4.3. Bayes' Theorem
Considered more broadly, the score table and the reasoning behind it are a permutation of Bayesian statistics (Bayes, 1763). Bayesian experimental designs
provide a general probability–theoretical framework
from which other theories on experimental design are
derived. The design uses Bayesian inferences to interpret observations acquired in the course of an experiment.
Appendix A at the end of this paper gives an illustrating example of Bayesian logic.
In Bayesian thinking, the data are treated as fixed
quantities and the parameters as random variables.
This means that assumptions about probabilities and
models are required at the outset. This approach using
prior distributions is different from that of the ‘fre-

quentist’ approach, which involves no initial assumptions and provides only descriptive statistics of the
data, such as standard errors, confidence intervals, and
so forth, and which provides tests based on these and
other quantities. However, the causal mechanism or
process that leads to the results must be sought elsewhere. Therefore, correlations and statistical significance values do not in any way constitute a cause–
effect relationship in the frequentist (non-Bayesian)
approach.
Bayesian and frequentist statistics overlap to some
degree, and this is also the case in the geosciences.
The nature, availability, and structure of data (its
ontology), in conjunction with the questions to be
asked and conclusions to be drawn, direct the choice
of statistical tools in a given situation.
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4.4. Other possible Method of evaluating MWHs and Decision Trees
The work flow presented here represents a simplified
case in which only the most basic mathematical tools
are applied. One possible modification to the decision
tree would be the replacement of static measures of
probability (the cyan fields in Figures 15 and 16) with
distributions of some kind, and to perform the calculations of the decision tree using Monte Carlo sampling
techniques (Markov Chain Monte Carlo, MCMC).
This approach would be easy to execute on modern
computers; however, it does not necessarily add any
new information, unless the underlying distributions
of input values are well known or can be estimated.
Of course, many other mathematical approaches could
be applied, some of which are more elegant than that

presented, such as those employing fuzzy logic (e.g.,
Roisenberg et al., 2009; Weiss et al., 2001), neural
network methods, or other tools. However, the essence
of all of the methods is to ascertain which of several
working hypotheses is the most likely, to thus standardize the method of quantifying the outcomes of a
deliberation
Other mathematical approaches incorporating MWH
may appear more thorough or more elegant; however,
in many real-life situations, the data that are available
in the early stages of exploration (in terms of both
quality and quantity) are insufficient for the implementation of more sophisticated approaches.

5.0 Summary and Conclusions
In the first part of the paper, a number of issues that
may bias or derail proper decision-making were
addressed and discussed. Some of these issues are
deeply rooted in the nature of human thinking and
cognition, whereas others are embedded in the structure of the traditional business environment or represent external biases. Poor decision-making and biased
decisions do not add value to an exploration portfolio;
in fact, such decisions can result in the discarding of
entire branches of a decision-tree model (i.e., exploration objects) that otherwise might have received
attention and seen the light of success.
The consideration of all possible interpretative models
and all economic outcomes is important—this is

where the explorationist can add value to a company,
by increasing the probability of exploratory success,
even by several percentage points.The MWH model is
an effective practical tool for evaluating a large number of possible scenarios. An example of a simple
work flow was presented, showing how the MWH
concept can be formalized using spreadsheets and a
decision tree, and related mathematical and statistical
methods were discussed.
The main conclusion is that, neutral and unbiased
decision-making which considers all possible outcomes can and does add measurable value to a company portfolio, and shortens the path to successful
exploration results.
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Appendix A
Explanations of and Examples3 for Bayesian Logic and Statistic
Suppose that two bowls are full of cookies. Bowl #1
contains 10 chocolate chip cookies and 30 plain cookies, while bowl #2 contains 20 of each. Fred picks a
bowl at random, and then picks a cookie at random.
We can assume that Fred has no reason to treat one
bowl differently from the other, and likewise for the
cookies. The cookie that Fred picks turns out to be a
plain one. How probable is it that Fred picked the
cookie out of bowl #1?
Intuitively, it seems that the answer should be more
than half, as there are more plain cookies in bowl #1.
The precise answer is given by Bayes’ theorem. But,
we can first clarify the situation by rephrasing the
question to ask, “what is the probability that Fred
picked bowl #1, given that he has a plain cookie?”
Thus, to relate the situation to our previous explanation, event A is that Fred picked bowl #1, and event B
is that Fred picked a plain cookie. To compute P(A|B),
we first need to know:
• P(A), or the probability that Fred picked
bowl #1 regardless of any other information.
Since Fred is treating both bowls equally, it is
0.5.
• P(B), or the probability of getting a plain
cookie regardless of any information about
the bowls; in other words, this is the probability of getting a plain cookie from each of
the bowls. This probability is computed as
the sum of the probabilities of getting a plain
cookie from a bowl multiplied by the probability of selecting this bowl. We know from
the problem statement that the probability of
getting a plain cookie from bowl #1 is 0.75,
and that the probability of getting one from
bowl #2 is 0.5, and since Fred is treating both
bowls equally, the probability of selecting
either of the bowls is 0.5. Thus, the overall
probability of getting a plain cookie is (0.75
× 0.5) + (0.5 × 0.5) = 0.625. Or, to put it
more simply, the proportion of all cookies
that are plain is 50/80 = 0.625, although this
relationship depends on the fact that there are
40 cookies in each of the bowls.
• P(B|A), or the probability of getting a plain
cookie given that Fred has selected bowl #1.

3

From the problem statement, we know that
this probability is 0.75, as 30 out of 40 cookies in bowl #1 are plain.
Given all this information, we can compute the probability of Fred having selected bowl #1 given that he
got a plain cookie, as such:

P ( A∣B)=

P (B∣A)∗P ( A) 0.75∗0.5
=
=0.6
P (B)
0.625

Formula 1: Bayes' theorem, reformulated for the above
example.

As expected, the result is more than half
In this context, it is often helpful when calculating
conditional probabilities to create a simple table containing the number of occurrences of each outcome, or
the relative frequencies of each outcome, for each of
the independent variables. The tables below illustrate
the use of this method to calculate the probability of
getting a plain cookie.
Bowl #1

Bowl #2

Total

Chocolate Chip

10

20

30

Plain

30

20

50

Total

40

40

80

Table 2: This table shows the number of cookies in each bowl
by type of cookie.

The next step is to normalize the table of occurrences
(earlier in the text, table 1, we called this a “score
table”).
The table 3 is derived from the table 2 by dividing
each entry by the total number of cookies under consideration, i.e. dividing each number by 80.
Bowl #1

Bowl #2

Total

Chocolate Chip

0.125

0.250

0.375

Plain

0.375

0.250

0.625

Total

0.500

0.500

1.000

Table 3: This table shows the relative frequency of
cookies in each bowl by type of cookie.

Example taken from (Psychology Wiki) at http://psychology.wikia.com/wiki/Bayes_theorem (visited on 24th. August 2013)

