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Abstract
Research indicates that practicing managers in the oil and gas industry invariably superimpose personal experience onto results
of normative decision analysis tools. Decision quality therefore substantially depends upon the decision-makers level of expertise:
an insufficient level, by implication, results in value destruction. Shanteau and colleagues have reported substantial work in the area
of expertise, arguing that only people who are able to (a) differentiate between similar, but not identical, cases, and (b) repeat their
judgment with consistency, qualify as ‘experts’. Methodologically, these researchers suggest a ratio of discrimination and
inconsistency to distinguish experts. However, they acknowledge in their methodology it is possible (even for non-experts) to
obtain inappropriate high scores using a consistent, but incorrect rule.
While drawing inspiration from Shanteau's work, we suggest three important modifications based on our experiments, for use
in the oil and gas industry: 1) Discrimination be defined as ability to discriminate correctly, as judged against a ‘gold standard’, not
relative only to the cases presented, 2) Consistency be defined as consistent application of correct, not incorrect, rules, and 3)
Inclusion of domain knowledge along with discrimination and consistency to assess expertise.
Our initial experiments in distinguishing experts have been encouraging, even though results are only indicative given a small
sample of twenty participants. Analysis shows expertise to be highly correlated with the breadth of experience (represented by
basins or regions worked) and poorly with experience in the same geological environment (same basin, but multiple fields). The
three cognitive abilities of domain knowledge, discrimination and consistency are also highly correlated with breadth of
experience. Years of experience, our experiments confirm, is indeed an imperfect indicator of expertise.
© 2006 Elsevier B.V. All rights reserved.
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1. Introduction
If you ask researchers how much influence domain
experts have on decision success in the oil and gas
industry, chances are responses will lack unanimity. That,
however, is understandable. There are three important
reasons for this. First, as yet there is no easy-to-use robust
⁎ Corresponding author. Tel.: +61 421 505 138; fax: +61 8 8303 8030.
E-mail address: vinod.malhotra@adelaide.edu.au (V. Malhotra).

method for distinguishing experts in the industry.
Secondly, in the real world the final choice from among
decision options is a complex process involving more
than mere analysis of domain-specific technical issues.
Thirdly, there does not exist an acceptable scale against
which decisions can be stacked to measure their success.
Despite these difficulties, and notwithstanding some
research that finds experts perform little better than
novices in areas with low base rates or ambiguous
antecedents such as psychiatric judgments (Meehl,
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1954), selecting graduate students (Dawes, 1971),
detecting accounting fraud (Johnson et al., 1991), and
predicting such things as price of securities (Johnson,
1988) and bank failures (Libby, 1976), most decision
researchers agree domain experts do value-add to the
decision process. They see characteristics of tasks in oil
and gas industry perhaps more akin to those in
representative studies in areas such as medical diagnosis
(Johnson et al., 1981; Patel and Groen, 1991), physics
(Simon and Simon, 1978; Larkin et al., 1980; Chi et al.,
1981), geometry (Hinsley et al., 1977; Schoenfeld and
Herrmann, 1982), and computer programming (Adelson,
1981; Schvaneveldt et al., 1985). In tasks such as these,
research confirms, experts are very accurate, substantially more so than novices (Chi et al., 1988; Bedard and
Chi, 1992; Shanteau, 1992). Task characteristics,
Shanteau (1992) suggested, play a crucial role in the
manifestation of expertise and (Shanteau, 2002) experts
perform well in domains involving stable (static) and
physical or natural properties, that is, where stimuli and
the problem “hold still” for experts to evaluate and not so
well in those involving changeable (dynamic) properties
such as human behaviour which are less stable, harder to
specify and more like “moving targets”.
In the oil and gas industry it would be reasonable to
argue that managers agree. As an anecdotal example, a
senior manager at a large independent admitted that
when the model in a project was rendered geologically
simplistic because of poor seismic data quality, they
brought in an expert “who had seen a lot of this before,
to stress test the model”. The manager explained, “while
the tools and techniques in use here are all of certain
standard, it is the perception of complexities they (nonexperts) tend to oversimplify”.

decision-makers relied on their personal experience and
expertise in making the final judgment (Malhotra et al.,
2004). They did so because while normative tools are
helpful, in their application it is difficult to model all the
complexities of the real world. By themselves, the tools
are insufficient for decisions under conditions of high
uncertainty characterized by: a) missing and uncertain
data, b) exorbitant cost of additional data that may or may
not reduce risk, and c) absence of sufficient analogous
references for use in analysis and interpretation studies.
Decision quality, therefore, depends upon the decision-makers level of expertise: an insufficient level by
implication results in value destruction. Hence, it is
imperative to identify and distinguish ‘experts’ correctly.
While this strategy is sound, it quickly runs aground
because a credible formal measurement process does not
exist. In its absence, the industry intuitively uses easily
accessible objective characteristic of years of experience
as proxy for expertise as evidenced in these excerpts
from the decision cases:

2. Decision quality depends upon individual expertise

While a floor level of experience is essential to build
a repository of task specific experiences, which can then
be applied successfully to a variety of problems and
circumstances (Klein, 1989; Klein and Klinger, 1991):
a) we do not as yet know what that floor level should be,
and b) our experiments suggest that beyond a stage,
years of experience do not significantly influence
expertise and in several cases intuitive judgment about
others' expertise turns out substantially different
compared with results from objective measures.
Since in the industry rarely are decision makers
domain experts about the decision they are making, they
draw in people/teams who collectively assess, discriminate and discuss conclusions before making recommendations. While this is an appropriate strategy for
decision scenarios requiring multifunctional inputs, its
effectiveness still rests with correct identification of

We conducted an experiment studying decisions cases
in the real world involving twenty-two decisions. We
examined the influence of personal experience and
expertise on results of normative decision analysis tools
such as geological interpretation models, reservoir
models, Monte Carlo simulation, and decision trees.
Nine interviewees – a director of an E&P company, a vice
president of a large independent, a senior technical
advisor, two corporate managers, and four industry
experts – were asked to recall two or three significant
decisions in which they were personally involved. The
decisions ranged from hiring a large senior technical team,
to deciding the size of a platform to be installed, to major
acquisitions and divestments. In each case, without
exception, even at the risk of sometimes being wrong,

(1) “This is a very mature basin. The people involved
in that decision had 15 years in one case, 15 in
another case, 10 in another … so there was big
experience”.
(2) “What we do there is bring in experts … we
identify people who have real (years of) experience and credibility. What I am trying to say is
finding people … you trust … because they have
seen a lot”.
(3) “(He) had quite extensive (many years of)
experience running subsea well completions in
the basin and the most complicated would have
involved a gravel pack completion”.
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participants to the process, for which our experiments
suggest the need for a formal method.
However, before we discuss our methodology we
need to agree on what is expected of domain experts, as
that will influence its design. Since expectations from
participants involved in a process are reflected in the
characteristics of the process itself, let us take a close
look at the decision process.
3. The decision process
Research (Taylor and Dunnette, 1974, p. 287)
suggests three stages of the decision process: a)
‘predecision’ stage, b) the ‘decision point’, and c)
‘postdecision’ stage. These are shown schematically in
Fig. 1, forming a decision loop around a core of decision
objectives, which guide the entire process. Only the
objective and output of each stage are presented here,
being relevant to the current discussion.
The objective at predecision is to analyse the situation
and in the oil and gas industry it involves: a) judgments
about cues, contextual factors and missing or uncertain
data, b) making predictions, c) integrating various
aspects for a holistic view, d) matching the particular
situation with known analogous situations, e) mentally
simulating consequences of action choices, and f) short
listing few of the choices. Klein's work in the study of

3

how experienced people make decisions under time
constraints in their natural environments, also supports
this thinking (Klein, 1997, p. 286), as is evident from
references to tasks such as experiencing the situation,
matching and perceiving the situation (based on cues,
expectancies, goals and action), diagnosing the situation
(through feature matching) and evaluating alternate
actions (through mental simulation). Taylor and Dunnette (1974) identify distinctive cognitive processes such
as: a) amount of information viewed, b) time required to
reach a decision, c) information processing rate, and d)
accuracy in rating information diagnosticity, for study
specifically at the predecision stage, a stage dominated
by information processing.
The output of predecision, which forms part of the
inputs for the next stage, is one or many judgments,
predictions and logic-driven conclusions or recommendations. And they have a definite technical bias about them.
Whereas existence of alternatives at the predecision
stage implies freedom to choose, the act of choice at
decision point restricts that very freedom and involves a
commitment to a course of action (Janis and Mann, 1977;
Beach and Mitchell, 1978; Einhorn and Hogarth, 1981;
Ganzach, 1995). Even while technical evaluation is
essential in making a right choice, by itself it is
insufficient. In arriving at acceptable choices, alternatives
are evaluated against several objectives (tradeoffs) that

Fig. 1. Three stages of decision process. Predecision involves (a) judgment about cues, (b) predictions, (c) integration for a holistic view, and (d)
simulating consequences of action choices; at decision point, choices are made amid tradeoffs; post-decision is marked by review, correction and
consigning the experience to memory. Domain experts add value to decision success by their more accurate judgments or conclusions at predecision
stage.
Please cite this article as: Malhotra, V. et al. Domain experts influence decision quality: Towards a robust method for their identification. J. Pet.
Sci. Eng. (2006), doi:10.1016/j.petrol.2005.09.007

ARTICLE IN PRESS
4

V. Malhotra et al. / Journal of Petroleum Science and Engineering xx (2006) xxx–xxx

industry insiders often refer to as strategic considerations.
Management guru Peter Drucker also refers to the
ubiquitousness of tradeoffs in decisions: “The effective
executive (Drucker, 1967, p. 11) has to start out with
‘what is right’ rather than ‘what is acceptable’ precisely
because a compromise (involving tradeoffs) is always
necessary in the end”. A trade-off weighs advantages and
disadvantages of various alternatives against desired
decision objectives (Gonzalez-Vallejo, 2002). While that
may sound simple, it is not so in the real world. Tradeoffs
add complexity because (Hammond et al., 1998) you are
not just trading off apples with oranges, you are trading
off apples and oranges and elephants since each objective
have their own basis of comparison. Tradeoffs have
another problem. They are much like icebergs. Lying
submerged in the decision-maker's mind, they remain
substantially unarticulated and hence, are difficult to map
and prescript.
Postdecision is a period of review, correction and
embedding experience in memory to guide judgments in
future. Feelings of happiness, regret and responsibility
mark this stage.
Our premise is that domain experts add value to
decision quality by being more often correct about
conclusions at the predecision stage. We are therefore

interested in correlating their judgments, predictions and
conclusions or recommendations, prior to tradeoffs, with
how things actually turn out in real life. For this study,
therefore, domain experts' judgments, predictions and
conclusions at predecision are considered “decisions”
and the proposed methodology is designed to test
competence in it.
Having set this contextual framework we can now
proceed to address the main question: how do we
distinguish domain experts?
4. Work so far in distinguishing domain experts
Shanteau and colleagues (Shanteau, 2001; Shanteau
et al., 2001; Weiss and Shanteau, 2001; Shanteau, 2002)
have reported substantial work in the area of expertise.
They argue that only those persons who are able to: a)
differentiate between similar looking, but not identical
cases (Hammond, 1996), and b) repeat their judgment
consistently (Einhorn, 1972, 1974), qualify as ‘experts’
and suggest a CWS (Cochran–Weiss–Shanteau) index,
a ratio of discrimination and inconsistency, to measure
expertise. An experiment by Skaner et al. (1998),
summarized in Fig. 2, explains what is meant by
discrimination and consistency.

Fig. 2. Demonstrating discrimination and consistency. Based on illustration in Weiss and Shanteau's CWS: A User's Guide. 5 patient cases, which were
repeated, are shown along X-axis. Doctor's judgment of probability of heart failure is along Y-axis. The group represented by Doctor 18, showed high
discrimination – there were sizable differences in probability across patients – and were also consistent—2nd judgment was little different from the 1st.
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In the experiment twenty-seven Swedish general
practitioners were asked to judge the probability of heart
failure in forty-five patient cases. For each case ten cues
such as age, gender, history of myocardial infarction,
dyspnea, lung sounds, cardiac rhythm, etc., were
provided. Some cues were relevant, others irrelevant.
Five of the forty-five cases were repeated to assess
consistency of judgments. Only the five cases that were
repeated are presented in the figure on X-axis, marked A,
B, C, D, and E. Probability judgement of heart failure is
captured on Y-axis. For each of the five cases there were
two judgements. The results showed that the group fell
into distinctive categories represented by four doctors:
▪ Doctor 18 was highly discriminating as evident by the
sizable difference in the probability judgment between
patients. The doctor was also consistent as there was
little difference between first and second judgment.
▪ Doctor 8 showed some discrimination, but lacked
consistency especially for patients B and E.
▪ Doctor 6 was consistent but treated all patients rather
similarly—all were seen to have a moderately high
chance of heart failure.
▪ And lastly was Doctor 23, who neither showed
discrimination nor consistency.
Doctor 18 with high discrimination and high
consistency scored the most on Shanteau's index and
was considered best among the twenty-seven. But did
Doctor 18 qualify as a domain expert? With Shanteau's
methodology, it is difficult to tell.
5. Limitations of Shanteau's methodology
It is difficult because the design has three limitations.
First, those who consistently apply a wrong rule can also
score high on the index as: (i) ability to discriminate is
judged relative to cases presented, not against any gold
standard. While Doctor 18 maybe best at discriminating
among the cases presented, the discriminations may still
be incorrect judged against a gold standard; and (ii) a
person is considered consistent if the second judgment is
same as first, even if first judgment itself was incorrect.
Consider this highly probable real life scenario: When
forty stimuli are repeated with three participants,
participant A is able to repeat his judgment with respect
to twenty, participant B is able to do so with respect to
the other twenty and participant C repeats his judgment
with respect to ten each from the two sets. According to
the methodology all three participants will have same
scores on consistency and if their discrimination scores
were also same, they will be considered to have same
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expertise even though it is possible judgments of only
one participant (A or B) are correct against a gold
standard. Secondly, even though large amounts of
domain knowledge are needed in order to be “expert”
at something (Chi et al., 1988; Bedard and Chi, 1992),
the methodology does not test for it. Finally, the
methodology does not suggest floor level of scores for
qualifying experts and intermediates.
Weiss and Shanteau (2001) acknowledge these
limitations: “a) The CWS is meaningful only in a
comparative sense, that is, it can be used to say which
of two candidate experts is performing better. If true
expertise is not included in the group being tested
the identified “experts” may not really be “very
expert”, and b) Because in general we do not presume
domain knowledge, we can be misled if a candidate
attends consistently to inappropriate stimulus features”.
They however, do not offer any solutions for these
limitations.
6. Proposed modifications to address limitations
While drawing inspiration from Shanteau's work, we
suggest three important modifications to their methodology, for use in the oil and gas industry:
(1) Discrimination be defined as ability to correctly
discriminate, as judged against a ‘gold standard’,
not relative only to cases presented. Gold
standards refer to a unique “ground truth” about
a situation that in most cases is known or
deducible by experts,
(2) Consistency be defined as consistent application
of correct, not incorrect, rules, and
(3) Inclusion of domain knowledge along with discrimination and consistency to assess expertise; the
index being a product of the three components. To
qualify experts we have arbitrarily chosen a score of
ninety percentile on the three cognitive abilities: if
chosen, it will mean a floor level expertise index
score of 73%; similarly, for intermediates, a seventy
five percentile average score on each would mean a
qualifying index score of 42%.
7. Experiment
We decided to test our methodology first in the
domain of thin oil columns, coning and horizontal wells,
within the broader area of reservoir engineering. The
choice of the domain was influenced by mere
convenience: that is in being able to identify and easily
call upon experts in the domain to develop test material.
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7.1. Test material

7.3. Method

Two sets of material had to be developed: a) a test of
domain knowledge (i.e., application of conceptual
knowledge to real life situations); and b) a test of ability
to discriminate between similar looking but not identical
situations. For the first, we had two experts develop three
case studies from published information of three high
visibility cases from real life. The experts did not have to
work out the gold standard since what actually happened
in real life in the particular cases, was already reported in
published Society of Petroleum Engineers literature. In
all, the case studies asked 12 questions. For the second
test, an expert developed sixteen (4 × 4) vignettes
disguising each with many cues—some relevant, others
irrelevant. Since discrimination in each vignette was
based on well-established principles, the gold standards
in a sense were obvious. One case study and a vignette
are attached as examples (see Appendices A and B).

The test was administered on a one-on-one basis.
Before proceeding with the test, participants were asked
to record their demographic details. They were then
presented the sixteen vignettes in lots of four, each lot
interspersed with the three case studies. A participant
could only move forward in the test and not go back to
an already completed section. Every question carried
equal weight. After the entire testing was over, during
review of answers, we realized that there was possibility
of some confusion with regard to one set of vignettes
(1 × 4) so we decided to ignore its results altogether in
the final analysis. The maximum score was therefore
reduced to 24 (12 from case studies and 12 (3 × 4) from
the vignettes). To test for consistency, three vignettes
were re-presented to the participants after a gap of 6 to
8 weeks. Domain knowledge and discrimination were
scored against a gold standard and consistency was
scored only where participants could repeat their correct
judgment of the first time, incorrect judgments being
ignored. Product of the scores of domain knowledge,
discrimination and consistency constituted the level of
expertise.
Earlier we had referred to an expert who was well
acquainted with professional skills of seven participants
as he had worked closely with them in industry or
academia. The experts profile was: a) PhD, b) 35 years
in industry and academia, c) specialization in reservoir
engineering, technology, management, and integrated
reservoir management, and d) worked across the
world in more than 21 basins (surrogate for breadth of
experience) and a much larger number of fields
(surrogate for depth). We asked this expert to score
intuitively the domain expertise of the seven participants, shown in Table 2. To check reliability of intuitive
judgment that people often make about others' expertise, we later compared this judgment with scores
obtained by the participants on the formal test.

7.2. Participants
We initially selected 22 participants. However, two of
them left after the first phase of testing and could not be
assessed for consistency. Hence our findings ignore their
participation. Out of the final 20, 13 were from industry
with 1 to 38 years experience, and 7 from academia, with 2
to 10 years of experience. The thirteen from industry were
drawn from four companies. Seven of the participants
were also well known professionally to one of the experts
developing test material. Twelve participants were from
reservoir engineering or production geology, the broad
domain that was being examined; the balance eight were
from related domains such as exploration geology, drilling
and geophysics. Demographic profile of participants
across four parameters: a) specialization, b) years of
experience, c) number of basins worked in (surrogate for
breadth of experience), and d) number of fields worked
(surrogate for depth), is given in Table 1.
Table 1
Participant profile
Participant
1

2

3

4

5

6

7

8

9

10

Specialization Reservoir
Reservoir
Reservoir
Production Reservoir
Reservoir
Production Reservoir
Reservoir
Reservoir
engineering engineering engineering geology
engineering engineering geology
engineering engineering engineering
Years of
38
experience
Basins
N10
worked
Fields
N50
worked

23

20

19

15

2 to 5

2 to 5

2 to 5

1

21–50

21–50

21–50

N50

12

11

7

5

3

2 to 5

1

2 to 5

0

2 to 5

6 to 20

6 to 20

b5

0

b5
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Table 2
Intuitive judgment of others expertise

Table 4
Intuitive judgment of expertise compared with formal test scores

Participant

Intuitive judgment
of expertise

7

Participant

1

2

3

4

5

8

9

90

70

70

70

50

20

0

Intuitive judgment
of expertise
Formal test score
of expertise
Variance

7.4. Results and analysis

1

2

3

4

5

8

9

90

70

70

70

50

20

0

76.4

20.8

14.6

38.9

0

6.9

0

13.6

49.2

55.4

31.1

50

13.1

0

Average variance = 30.3.

Table 3 presents the domain expertise scores of the
twenty participants. Only participant 1 scored more than
73%, qualifying him as a possible expert; and one
participant (participant 6), scored more than 42%,
possible qualifier for intermediates. Participants 13 to
20 from related domains expectedly fared poorly; 75%
showing no expertise whatsoever.
When the intuitive judgment about domain expertise
of the seven participants made by the expert was com-

The correlation coefficients of expertise with a) three
demographics of years of experience, number of basins
worked and number of fields, and b) three cognitive
abilities of domain knowledge, discrimination and
consistency are shown in Table 5.
The analysis shows expertise: a) almost perfectly correlated (r = .90) with breadth of experience (represented
by basins or regions worked), b) highly correlated

Table 3
Domain expertise scores
Participant
1
Expertise score 76.4
Domain
91.7
knowledge
Discrimination 83.3
Consistency
100

2

3

20.8 14.6
83.3 50

4

5

38.9 0
58.3 25

6

7

48.6
58.3

8

9

0
6.9
8.3 16.7

75
58.3 66.7 50 83.3 25
33.3 50
100
0 100
0

0
8.3

12

13

14

15

Reservoir
Production Exploration Geophysics Rock
engineering geology
geology
mechanics

12

27.8 0
0
41.7 33.3 16.7

13

14

15

16 17

14.6 0
0
0 0
25
16.7 0.2 25 16.7

18
0
0

19
0
8.3

20
2.1
8.3

(r = .72) with extensiveness of experience (represented
by years of experience), and c) only moderately (r = .44)
with depth of experience (represented by work in
multiple fields in the same basin or geological environment). All three cognitive abilities of domain knowledge,
discrimination and consistency were found highly
correlated (r = .80, .72, and .70) with breadth of
experience. Domain knowledge, while highly correlated

16

17

18

19

20

Exploration
geology

Geophysics

Drilling
engineering

Exploration
geology

Geophysics

20

3

2

8

2

0

0

0

b5

0

0

1

1

27

20

1

1

6 to 10

6 to 10

1

2 to 5

2 to 5

6 to 20

N50

6 to 20

0

b5

0

b5

10

11

83.3 16.7 66.7 58.3 33.3 58.3 41.7 0.4 50 58.3 66.7 16.7 25
50
0
100
0
0
100
0
0
0 0
50
0
100

pared with formal test scores, shown in Table 4, the
results were interesting. Only in 2 cases (28.6%) judgment was same (or very near same) as test scores. In the
balance 5 cases (71.4%) there was significant variation
between the two. Average variance between the two sets
of data on a 100-point scale was 30.3. Interestingly,
the intuitive judgments were almost perfectly aligned
(r = .92) to participants years of experience.

11

10
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Table 5
Correlation coefficient
All participants

Expertise
Domain knowledge
Discrimination
Consistency
Years of experience
Basins worked
Fields worked

Expertise

Domain knowledge

Discrimination

Consistency

Years of experience

Basins worked

Fields worked

1
0.83
0.68
0.87
0.72
0.9
0.44

0.83
1
0.72
0.66
0.79
0.8
0.61

0.68
0.72
1
0.74
0.46
0.72
0.29

0.87
0.66
0.74
1
0.45
0.74
0.21

0.72
0.79
0.46
0.45
1
0.8
0.84

0.9
0.8
0.72
0.74
0.8
1
0.51

0.44
0.61
0.29
0.21
0.84
0.51
1

Top 25% of participants

Expertise

Years of experience

Basins worked

Fields worked

0.87

0.97

0.63

Years of experience

Basins worked

Fields worked

0.35

0.84

0.09

Balance 75% participants

Expertise

(r = .79) with extensiveness of experience, was only
moderately correlated (r = .61) with depth. Finally, the
two cognitive abilities of discrimination and consistency
were moderately correlated (r = .46 and .45) with
extensiveness of experience but poorly (r = .29 and .21)
with depth. Interestingly, with respect to the top 25% on
the expertise index (score N50%, n = 3) the correlation of
expertise with breadth, extensiveness and depth of
experience varied narrowly between perfect and moderate correlation (r = .97, .87 and .63), but for the lower
75% (score b50%, n = 9) it varied widely from highly to
not-at-all (r = .84, .33 and .09).

When expertise was graphically represented against
years of experience, as in Fig. 3, with participants shown
on X-axis, their expertise against the primary Y-axis, and
years of experience along the secondary Y-axis, in many
cases expertise did not correlate with years of
experience viz., participants 2 and 3 had more years of
experience than participant 4, but scored lower on
expertise; participant 6 at a higher expertise than
participants 2, 3, 4 and 5 had the least experience
among them; same was the case with participant 10 visà-vis participants 5, 7, 8 and 9. Also participants 13
through 20 scored poorly, many a zero or very near zero.

Fig. 3. Expertise vis-a-vis years of experience. In many cases expertise does not correlate with years of experience viz., participants 2 and 3 have more
experience than participant 4 but scored lower on expertise; participant 6 at a higher expertise than participants 2, 3, 4 and 5 had the least experience; same was
the case with participant 10 vis-à-vis participants 5, 7, 8 and 9. Participants from 13 to 20 who belonged to related domains not under study, scored poorly.
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Fig. 4. Expertise vis-a-vis number of basins worked (surrogate for breadth of experience). There is a high correlation of expertise with participants'
breadth of experience, represented by the basins worked.

An examination of their profiles revealed all of them
belonged to domains other than the one being studied.
When expertise was represented against number of
basins worked by participants, as in Fig. 4, where
alongside expertise on primary Y-axis, number of basins
is plotted along the secondary Y-axis, the correlation
between the two was high. However, that was not so
when expertise was represented against fields worked, as
in Fig. 5.
8. Conclusions
Our initial experiments in distinguishing experts in
the narrow field of thin oil columns, coning and
horizontal wells within the broader domain of reservoir

engineering and production geology have been encouraging, even though results are only indicative because of
the small sample (n = 20) of participants.
Overall our experiments suggest: 1) the best indicator
of expertise is the breadth of experience; 2) years of
experience is an imperfect indicator; 3) depth of
experience by itself, is a poor indicator, and 4) intuitive
judgments that people often make about others'
expertise could be substantially incorrect.
Is domain expertise perfectly correlated with intelligence or while a floor level of intelligence is essential
for expertise, beyond that level, its influence wanes? We
do not know. Nor do we know, as yet, by how much
domain expertise influences decision success even
though there is little doubt that it does.

Fig. 5. Expertise vis-a-vis number of fields worked (surrogate for depth of experience). Expertise seems poorly correlated with depth of experience,
represented by the number of fields worked (multiple fields but same basin or geological environment).
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Appendix A. Sample vignette (used to test ability to
discriminate)

9. Future work
In future work, we intend to examine the domain of
property valuation. Besides checking robustness of our
methodology, our primary objective will be to correlate expertise with decision success in the real world.
We also plan to check its correlation with demographics of intelligence and McClelland's (1961, 1985)
achievement motivation. To better understand the
decision process of experts, we will map cognitive
processes such as number of cues and recursions in
information search and the time it takes them to come
to judgments.
Acknowledgements
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(Based on: Seage et al., 1984)
1. Xena is located 28 km offshore in 55 m of water in
Bass Strait off the Victorian coast of southeastern
Australia (Fig. A1).
2. It is primarily a gas reservoir with relatively small
oil accumulations (Fig. A2) assessed to contain
3.77 TCF of wet gas underlain by a thin pancake of
oil column of 4 to 8 m thickness extending over
most of the field. Evidence from development
drilling suggests the oil column thickness is not
uniform.
3. The objective was to first develop the thin oil
column; then successful wells would be converted
to gas service as oil reserves depleted. 16 of the 21
wells drilled intersected suitable oil columns. 9 of
these were completed as part of the drilling cycle
and a further 5 were completed with a workover

Fig. A1. Gippsland basin production system.
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Fig. A2. Xena field.

Fig. A3. Xena field structural cross-section.
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Fig. A4. Xena reservoir stratigraphic section showing reservoir sand
units.

rig; the remaining 2 were completed in the deeper
oil accumulations.
4. In the basin, hydrocarbon reservoirs are contained
in Latrobe Group, which comprised an estimated
maximum of 5000 m of Upper Cretaceous to
Eocene sediment consisting of quartz-rich sandstone, coal, siltstone, mudstone and shale. The
largest reservoirs, including Xena, were contained
in the Upper part of the Latrobe Group (Fig. A3)
where the depositional environment was coastal
plain to nearshore marine. Hydrocarbons were
trapped below the Top of Latrobe Unconformity
surface, sealed by overlying marine mudstones of
the Lakes Entrance Formation.
5. The crest at 1175 m subsea makes Xena one of the
shallower Gippsland Basin reservoirs; the gas
reservoir is 208 m thick at the crest with a Gas–
Oil contact at 1383 m subsea. Average net-togross ratio is 57%. Although shale and coal
sequences extended across the field, they were
dislocated by the north-west/south-east faults
allowing fluid communication between the sand
units.
6. The reservoir was divided into nine main sand
units, each of 10 to 50 m thick separated by shales
and coals up to 10 m thick (Figs. A4 and A5). The
upper sands tended to be thinner and shalier, often

Fig. A5. Xena plan view at GOC showing distribution of sand units near platform.
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7.

8.

9.

10.
11.

shaling upwards in the manner of the point bar
sands laid down by meandering streams. This and
the presence of numerous thin, discontinuous coal
seams and shale beds pointed to a reduced
depositional energy, possibly the result of a
lower gradient on the lower delta flats.
The reservoir quality is generally excellent.
Petrographic studies suggest that the field was
inundated with dolomite at an earlier stage and
most had been subsequently re-dissolved and
removed. Consequently, sand porosity is interpreted to be largely secondary; the average being
27% with individual values as high as 35%.
Permeabilities were correspondingly high, ranging up to several darcies.
The initial reservoir pressure was 2012 psi g and
temperature 163 °F at a datum depth of 1326 m
subsea.
Because Xena is part of the basin wide aquifer
system, reservoir pressure at the time of development drilling had declined by 48 psi than that
measured in the discovery well.
The oil column contained an estimated OIP of
200 million STB.
Xena oil's viscosity at reservoir temperature was
0.48 cP.
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Appendix B. Sample vignette (used to test ability to
discriminate)
3. Rank the three reservoirs A, B and C (in
descending order) of susceptibility to water coning
and give reasons for your ranking:

Porosity (%)
Swc (%)
Oil column thickness (m)
Depth (m)
Horizontal permeability
(mD)
Vertical permeability (mD)
Oil viscosity (cP)
Kh of low/high
permeability streak (mD)
Kv of low/high
permeability streak (mD)
Diameter of low/high
permeability streak (m)
Thickness of low/high
permeability streak (m)

Case A

Case B

Case C

20
25
10
2500
1000

20
25
10
2500
1000

20
25
10
2500
1000

100
0.6
20

100
0.6
3000

100
0.6
–

2

300

–

50

50

–

1

1

–

Issues:
1) Given that the scenario is as depicted in the figure
below, with oil column thickness of 4 to 8 m, shale
and coals up to 10 m thick and the angle at which the
shale and coal cut the oil being about 2°, where do
you recommend we target development wells—at A,
B or C?

2) What is the strength of the water drive likely to be:
Nil
□

Weak
□

Moderate
□

Strong
□

3) What is the recommended development and production strategy to maximize oil recovery and some gas
production to meet market demands?
4) Are horizontal wells suitable?
5) What is the most important surveillance activity?

References
Adelson, B., 1981. Problem-solving and the development of abstract
categories in programming languages. Mem. Cogn. 9, 422–433.
Beach, L.R., Mitchell, T.R., 1978. A contingency model for the
selection of decision strategies. Acad. Manage. Rev. 3, 439–449.
Bedard, J., Chi, M.T.H., 1992. Expertise. Curr. Dir. Psychol. Sci. 1,
135–139.
Chi, M.T.H., Feltovich, P.J., Glaser, R., 1981. Categorization and
representation of physics problems by experts and novices. Cogn.
Sci. 5, 121–152.
Chi, M.T.H., Glaser, R., Farr, M.J. (Eds.), 1988. The Nature of
Expertise. Erlbaum, Hillsdale, NJ.
Dawes, R.M., 1971. A case of graduate admissions: application of
three principles of human decision making. Am. Psychol. 26,
180–188.
Drucker, P., 1967. The effective decision. HBR on Decision Making,
MA: Harvard Business School, 2001.
Einhorn, H.J., 1972. Expert measurement and mechanical combination. Org. Behav. Human Decis. Process. 7, 86–106.
Einhorn, H.J., 1974. Expert judgement: some necessary conditions and
an example. J. Appl. Psychol. 59, 562–571.
Einhorn, H.J., Hogarth, R.M., 1981. Behavioral decision theory:
processes of judgment and choice. Annu. Rev. Psychol. 32, 52–88.
Ganzach, Y., 1995. Attribute scatter and decision outcome: judgment
versus choice. Org. Behav. Human Decis. Process. 62, 113–122.

Please cite this article as: Malhotra, V. et al. Domain experts influence decision quality: Towards a robust method for their identification. J. Pet.
Sci. Eng. (2006), doi:10.1016/j.petrol.2005.09.007

ARTICLE IN PRESS
14

V. Malhotra et al. / Journal of Petroleum Science and Engineering xx (2006) xxx–xxx

Gonzalez-Vallejo, C., 2002. Making trade-offs: a probabilistic and
context-sensitive model of choice behavior. Psychol. Rev. 109,
137–155.
Hammond, K.R., 1996. Human Judgment and Social Policy. Oxford
University Press, New York.
Hammond, J.S., Keeney, R.L., Raiffa, H., 1998. Even swaps: a rational
method for making trade-offs. Harvard Bus. Rev. 76 (2), 137.
Hinsley, D., Hayes, J.R., Simon, H.A., 1977. From words to equations.
In: Carpenter, P., Just, M. (Eds.), Cognitive Processes in
Comprehension. Erlbaum, Hillsdale, NJ.
Janis, I.L., Mann, L., 1977. Decision Making: A Psychological
Analysis of Conflict, Choice, and Commitment. Free Press, New
York.
Johnson, E.J., 1998. Expertise and decisions under uncertainty:
performance and process. In: Chi, M.T.H., Glaser, R., Farr, M.J.
(Eds.), The Nature of Expertise. Eribaum, Hillsdale, NJ, pp. 209–228.
Johnson, P.E., Duran, A.S., Hassebrock, F., Moller, J., Preitula, M.,
Feltovich, P.J., Swanson, D.B., 1981. Expertise and error in
diagnostic reasoning. Cogn. Sci. 5, 235–283.
Johnson, P.E., Jamal, K., Berryman, G., 1991. Effects of framing on
auditor decisions. Org. Behav. Human Decis. Process. 50, 75–105.
Klein, G.A., 1989. Recognition-primed decisions (RPD). In: Rouse,
W.B. (Ed.), Advances in Man–Machine Systems, vol. 5. JAI,
Greenwich, CT, pp. 47–92.
Klein, G., 1997. The recognition-primed decisions (RPD) model:
looking back, looking forward. In: Zsambok, Caroline E., Klein,
Gary (Eds.), Naturalistic Decision Making. Erlbaum, New Jersey.
Klein, G., Klinger, D., 1991. Naturalistic decision making. CSERIAC
Gatew. 2, 1–4.
Larkin, J.H., McDermott, J., Simon, D., Simon, H.A., 1980. Expert
and novice performance in solving physics problems. Science 208,
1335–1342.
Libby, R., 1976. Man versus model of man: some conflicting evidence.
Organ. Behav. Hum. Perform. 16, 1–12.
Malhotra, V., Lee, M.D., Khurana, A.K., 2004. Decisions and
uncertainty management: expertise matters. Paper SPE 88511 at
the 2004 SPE Asia Pacific Oil and Gas Conference and Exhibition,
Perth, Australia, October 18–20.
McClelland, D.C., 1961. The Achieving Society. Van Nostrand,
Princeton, NJ.
McClelland, D.C., 1985. Human Motivation. Scott, Foreman and
Company, Glenview, IL.

Meehl, P., 1954. Clinical Versus Statistical Prediction: A Theoretical
Analysis and a Review of the Evidence. Univ. of Minnesota Press,
Minneapolis.
Patel, V.L., Groen, G.J., 1991. The general and specific nature of medical
expertise: a critical look. In: Ericsson, K.A., Smith, J. (Eds.), Toward
a General Theory of Expertise: Prospects and Limits. Cambridge
University Press, Cambridge, U.K., pp. 93–125.
Schoenfeld, A.H., Herrmann, D.J., 1982. Problem perception and
knowledge structure in expert and novice mathematical
problem solvers. J. Exper. Psychol., Learn., Mem., Cogn. 8,
484–494.
Schvaneveldt, R.W., Durso, F.T., Goldsmith, T.E., Breen, T.J., Cooke,
N.M., Tucker, R.G., DeMaio, J.C., 1985. Measuring the structure
of expertise. Int. J. Man-Mach. Stud. 23, 699–728.
Seage, N.W., Lau, J., Koh, S.T., 1984. Development of the thin oil
zone underlying the snapper gas field. SPEJ 12408, 8/1–8/15.
Shanteau, J., 1992. Competence in experts: the role of task
characteristics. Org. Behav. Human Decis. Process. 53, 252–266.
Shanteau, J., 2001. What does it mean when experts disagree? In:
Salas, E., Klein, G. (Eds.), Linking Expertise and Naturalistic
Decision Making. Lawrence Erlbaum Associates, Mahwah, N.J.
Shanteau, J., (2002). Domain differences in expertise, Unpublished
manuscript, Manhattan KS: Kansas State University.
Shanteau, J., Weiss, D.J., Thomas, R.P., Pounds, J.C., 2001.
Performance-based assessment of expertise: how to decide if
someone is an expert. Eur. J. Oper. Res.
Simon, D.P., Simon, H.A., 1978. Individual differences in solving
physics problems. In: Siegler, R. (Ed.), Children's Thinking: What
Develops? Erlbaum, Hillsdale, NJ.
Skaner, Y., Strender, L., Bring, J., 1998. How do GPs use clinical
information in the judgments of heart failure? Scand. J. Prim.
Health Care 16, 95–100.
Taylor, R.N., Dunnette, M.D., 1974. Relative contribution of decisionmaker attributes to decision processes. Organ. Behav. Hum.
Perform. 12, 286–298.
Weiss, D.J., Shanteau, J., 2001. Do judgments alone provide sufficient
information to determine the expertise of the judge who made it?
Paper at the 11th International Symposium on Aviation Psychology, Columbus, OH.

Please cite this article as: Malhotra, V. et al. Domain experts influence decision quality: Towards a robust method for their identification. J. Pet.
Sci. Eng. (2006), doi:10.1016/j.petrol.2005.09.007

