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Abstract 

This paper addresses three major issues regarding the 
elicitation of expert knowledge for engineering risk analysis: 
(1) recognition of some of the implicit assumptions and 
beliefs; (2) development of an approach to elicit expert 
knowledge as accurate, calibrated and coherent subjective 
probabilities; and (3) a study to explore human ability to 
predict future events and the validity of the implicit assump­
tions and beliefs in the context of the expert judgements. 
Directions for future work are suggested. 

1.0 In t roduct ion 

Most approaches for engineering economic risk analysis use 
subjective probabilities to describe the uncertainty as­
sociated with input variable values [3, 6,12,17,20, 23,25]. 
The rationale for their use stems from the belief that ac­
tuarial or relative frequency based data are unavailable or 
unreliable for direct input as probability forecasts [29]. How­
ever, elicitation techniques to obtain subjective probabilities 
for such analyses are limited [6]. 

Our experience to date has shown that insufficient rigor is 
applied in obtaining subjective probabilities from experts for 
economic risk analysis. To use subjective probabilities as 
input to risk analyses they have to be accurate, calibrated and 
coherent [18]. An expert is calibrated if, for all events as­
signed a probability, q, the proportion that actually occur is 
in fact equal (or close) to q [4]. A set of subjective prob­
abilities are coherent if they are compatible with the prob­
ability axioms [18]. A preliminary approach to elicit 
knowledge as accurate, calibrated and coherent subjective 
probabilities for economic risk analysis was suggested in ref. 
[21]. This approach was seen as a vital step towards stand­
ardising and computerising, to the extent possible, elicitation 
and verification of expert input dealing with uncertainty. 

An implicit assumption regarding the elicitation of expert 
knowledge for engineering risk analysis is that the uncertain­
ty of a decision variable (cost, duration, revenue, net present 
value and so forth) can be more accurately quantified by 
decomposing the decision variable to a functionally related 
set of input primary variables. This reflects the engineering 
penchant to seek more detail as a way of seeking greater 
precision. 

Ravinder et al. [22] state that decomposition is often 
regarded as a useful technique for reducing the complexity 

of difficult judgement problems. They studied the applica­
tion of decomposition to the elicitation of subjective prob­
abilities for discrete events and concluded that if the 
component probabilities can be asse&ed with no greater 
precision than holistic assessment, decomposition reduced 
random errors associated with probability encoding and as 
the number of events increased, error reduction occurred 
only up to a point (i.e. a limit for decomposition exists). 

In the context of engineering risk analysis, the main reason 
for decomposing decision variables to their primary vari­
ables is to develop a link between time and cost for economic 
analysis. It is incorrect to assume that cost is independent of 
time, because when a duration is either reduced (more 
resources) or increased (less resources) the net result is a 
change in the cost. The link between time and cost permits 

v the use of net present value and internal rate of return as 
decision variables. 

The second reason is the basis for the implicit assumption, 
to reduce the complexity of holistic estimation because ex­
perts in engineering economics find it easier to quantify the 
decomposed primary variables. The same reasoning has 
been used by other authors to even decompose activity dura­
tion into its primary variables' [13,16]. This raises another 

. question; won't it be more accurate if the primary variables 
are further decomposed. 

The main disadvantage of decomposition is the loss of the 
mental awareness of interdependencies between primary 
variables that exist when estimating from a holistic approach. 
While it may be possible to relate the primary variables 
functionally to the decision, variable, it is difficult to model 
all the interdependencies. Secondly, even if accurate es­
timates for primary variables are obtained, as the decom­
position is continued a model which can link them to provide 
a reliable estimate of the decision variable may be lacking. 
As Ravinder et al. [22] have shown a definite limit exists for 
the decomposition. Thirdly, unless decomposition improves 
the system significantly, it would be hard to convince an 
expert that decomposition is necessary for the elicitation of 
subjective judgements. 
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While this assumption is reasonable for decision variables 
such as cost and revenue, which in general can be decom­
posed to a quantity and a rate, it becomes questionable for 
variables such as duration and productivity, which are 
sometimes estimated holistically in the elicitation of expert 
knowledge. The second common belief in engineering risk 
analysis is that when duration is estimated as a holistic value 
it underestimates more regularly than when it is estimated as 
a decomposed functional form. 

This paper is structured as follows. The technique to elicit 
expert knowledge as accurate, calibrated and coherent sub­
jective probabilities is briefly outlined in the next section. A 
study that was conducted to explore, the human ability to 
predict future events and the implicit assumptions and 
beliefs is described in the third section. We conclude by 
highlighting the inherent difficulties of, and the future work 
necessary for, developing techniques and experiments to 
study the elicilation of expert knowledge for engineering risk 
analysis. 

2.0 Elicitation Tephnique 
2.1 Definitions 

The approach to elicit accurate, calibrated and coherent 
subjective probabilities for input variables in economic risk 
analysis suggested in ref. [21], utilise the interaction between 
an analyst and experts and consists of four stages, namely, 
pre-elicilation, elicitation, analysis and verification. 

Analyst refers to the individual (or group of individuals) 
within the firm responsible for conducting economic and 
financial feasibility, scheduling and cost analyses. Analyst is 
the key person in the elicitation approach because he must 
elicit from the expert his belief about the uncertainty of input 
variables as subjective probabilities. 

Expert refers to individuals both within and external to the 
firm who provide key input dealing with technical, economic, 
revenue, cost, financial, productivity and schedule informa­
tion and is a person who in his area has some degree of 
training, experience and/or knowledge significantly greater 
than that of the general population [26J. These experts are 
drawn from the fields of economics, finance, design, con­
struction and so forth, when the analyst believes that they 
possess the most relevant knowledge and information 
regarding the uncertainty of an input variable. In general, 
they are substantive experts, who in a given domain, assess 
events in their field of expertise [26]. 

22 Pre-elicitation 

The objective of pre-elicitation is for the analyst to train the 
expert in the task of quantifying his belief as subjective 
probabilities. We adopt the three phase approach of motivat­
ing, structuring and conditioning suggested by Spctzler and 
Stael von Holstein [24]. During the motivating phase the 
analyst builds a rapport with the expert by introducing him 
to the elicitation task, and attempts to explore whether any 

motivational biases [24] are present. The analyst points out 
the difference between deterministic and probabilistic 
prediction and that there is no commitment (firm projection) 
inherent in a probability distribution. During the structuring 
phase the uncertain variables are clearly defined in terms of 
the structure of the problem. Also, the importance of the 
variables to the problem is explained to demonstrate the 
relevance of the elicitation process and to gain the expert's 
full co-operation. Such co-operation is essential for a suc­
cessful elicitation [6,14, IS, 24]. The aim of the third phase 
is to condition the expert to think fundamentally about his 
judgements and to avoid cognitive biases [24], Winkler [27] 
observed that when subjects are asked for a shape of their 
subjective distribution many try to associate it to a normal 
distribution. Our experience is similar where some experts 
believe that percentiles should be symmetric to be consistent. 
The expert should be made aware of this common mistake, 
so that features like skewncss will be considered during the 
elicitation. 

23 Elicitation 

With the completion of the pre-elicitation stage the expert is 
ready to quantify subjectively his belief about the uncertain 
variable. The elicitation session is based on a questionnaire 
suggested in ref. [21], that would elicit the 5 , 25 l h, 50 t h 

(median), 75 t h and 95 t h percentiles of the subjective prior 
probability distribution for each uncertain input variable. 

The questionnaire combines direct probability responses 
with chance responses to provide cross checking for consis­
tency [21]. The basis for direct probability responses is the 
variable interval method [14]. The analyst is expected to 
follow the general format of the questionnaire when con­
ducting the session. However, at his discretion the analyst 
can adapt the interview to suit different situations. Since the 
questionnaire is based primarily on the variable interval 
technique, it is easily standardised and automated to use for 
those input variables selected for interactive computer inter­
views. 

Whenever possible a group of experts are used for the elicita­
tion because it has been found that consensus judgements 
from a group to be better than the individual judgements [2, 
6,9,11,14,28]. Once the initial subjective estimates arc made 
by the expert, he is provided feedback on his assessments in 
the form of a discussion between the analyst and expert, and 
expert and expert. The expert can revise his prior judgements 
after the discussion. This process is based on the nominal 
group technique [7,10]. 

Since the experts are provided feedback, their subjective 
estimates would be close to consensus. Also, because of the 
difficulty in measuring the variability in expert accuracy, 
consensus subjective estimates are obtained by assigning 
equal weights to all the experts [2,19]. The routine aspects 
of feedback such as exchanging individual estimates, obtain­
ing revised estimates and the task of combining subjective 
estimates can be readily automated. 
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2.4 Analysis 

The coherence of subjective probabilities is ensured by con­
verting subjective estimates to moments and shape charac­
teristics of the input variable. The converted moments are its 
expected value and standard deviation while the shape char­
acteristics are its skewness and kurtosis. The moments 
describe the location and dispersion of the uncertain input 
variable while shape characteristics are non-dimensional 
measures which describe the shape of its distribution [5]. The 
method suggested in ref. [23], enables the analyst to ap­
proximate the subjective estimates for an input variable to a 
Pearson type distribution. The high flexibility of the Pearson 
family which embraces a large number of unimodal distribu­
tions approximates most of the subjective estimates to Pear­
son type distributions (see tables for the Pearson family of 
distributions tabulated by Amos and Daniel [1]). 

However, in some instances subjective estimates may not 
approximate to a Pearson distribution for the specified max­
imum cumulative error. In these situations the expert is made 
aware of the necessity for subjective probabilities to be 
coherent and is asked to modify the 25 t h and 75 t h percentile 
estimates. These two estimates are elicited only to ap­
proximate a Pearson type distribution. The expected value 
and standard deviation for the input variable are derived 
from the 5 t h, 50 t h and 95 t h percentile values and are inde­
pendent of the approximated distribution [23]. In our ex­
perience, the consensus among experts is that, if necessary, 
they would be willing to change within reason the 25 t h and 
75l percentile" estimates because those two are the least 
important to them. 

2.5 Verification 

As the final stage of the elicitation, the subjective prior 
probability distribution is verified to see if the expert is in 
total agreement with it (i.e. reflects his belief). The question­
naire performs cross checking for consistency of the percen­
tiles as verification. In addition, the expert is informed of the 
expected value, standard deviation and shape characteristics 
of the approximated Pearson type distribution. While the 
skewness and the kurtois gives an indication of the shape of 
the distribution, a better verification method would be to 
provide a graphical display of the approximated density 
function. It is proposed to develop a computer program to 
display the probability densiiy function of the approximated 
Pearson type to be viewed by the expert. Incorporating such 
a' verification process to the elicitation technique would 
provide the analyst and expert with greater confidence that 
the approximated distribution represents the expert's belief. 

2.6 Summary 

In summary, the elicitation of subjective probabilities invol­
ves four phases - pre-elicitation, elicitation, analysis and 
verification. A distinct role for the computer exists for the 
latter three phases to expedite the process. We note the 
assertion by Spetzler and Stael von Holstein [24] that the role 

of the computer should be minimised during tlie elicitation 
process. However, because of the need to obtain assessments 
for a large number of input variables, use should be made 
both of a standard approach and the computer to increase 
the efficiency of the process. 

3.0 T h e Study 

3.1 General 

This section describes a study that was conducted to explore 
the human ability to predict future events using the decom­
position of an activity duration. The objective of this study 
was to make a small step towards exploring an issue that is 
largely ignored in the estimation literature and to provide the 
motivation for a more extensive study on the elicitation of 
subjective probabilities for continuous random primary vari­
ables. 

The next four subsections describe hypotheses, test statistics, 
an experiment and the analysis to study the human ability to 
predict duration. In addition, the identified implicit assump­
tions and beliefs that exist in engineering risk analysis regard­
ing decomposed versus holistic estimation of judgements for 
activity duration are explored. 

3.2 Hypotheses 

Nine hypotheses are suggested to study decomposed versus 
holistic estimation of an activity duration. The first 
hypothesis is about the precision of assessments for an ac­
tivity duration from the two approaches. The other eight are 
for assessed expected values and standard deviations for an 
activity duration to compare holistic versus decomposed 
estimation. 

Hypothesis 1: The precision of assessments for'an activity 
duration from holistic or decomposed estimation are similar. 

The precision of assessments from the two approaches are 
measured using the coefficient of variation for duration of an 
activity, a non-dimensional measure of variation. 

H0:E[Vi] = 0;i/ i:£[Vj] ?0 

where V\ = Voi - Vw\, is the difference between a pair of 
coefficients of variation of the assessed activity duration from 
decomposed (Vbi) and holistic (Kwi) estimation. 

Hypothesis 2: When experts are asked to assess the expected 
value for duration of an activity from the holistic approach, 
that assessment will be the (rue value. 

HQ: E[T] = £[7w]; Hi: E[T\ £ £[7\y] -

Hypothesis 3: When experts are asked to assess the standard 
deviation for duration of an activity from the holistic ap­
proach, that assessment will be the true value. 

H0:or = OTw ;Hi: oj £ O T W 

Hypothesis 4: When experts are asked to assess the expected 
value for duration of an activity from the decomposed ap­
proach, that assessment will be the true value. 
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H0: £[7] = £[7b]; Hi -JE[T\ ? £[7b] 

Hypothesis 5: When experts are asked to assess the standard 
deviation for duration of an activity from the decomposed 
approach, that assessment will be the true value. 

HQ-.O? = OTD\H\ : OT t OTD 

Hypothesis 6: When experts are asked to assess the expected 
value for duration of an activity from the holistic approach, 
that assessment will be an underestimation of the true value. 

Ho: E[T\ = £[7w]; Hi :E[T\ > £[7w] 

Hypothesis 7: When experts are asked to assess the standard 
deviation of an activity from the holistic approach, that as­
sessment will be an underestimation of the true value. . 

Ho: OT = OTW ; Hi: or > OTW 

Hypothesis 5: When experts are asked to assess the expected 
value for duration of an activity from the decomposed ap­
proach, that assessment will be an underestimation of the 
true value. 

Ho: £[7] = £[7b]; Hi: E[T\ > £[7b] 

Hypothesis 9: When experts arc asked to assess the standard 
deviation for duration of an activity from the decomposed 
approach, that assessment will be an underestimation of the 
true value. 

H0: OT = OTD\ Hi: or > OTD 

where £[7w] and £[7b] are the expected values and OTW 
and OTD are the standard deviations assessed for the activity 
duration from holistic and decomposed subjective estima­
tion. 

While a hypothesis test is done for the hypothesis, only 
significance tests (i.e. a hypothesis can only be rejected) are 
done for the next eight because there is only one sample to 
test all of the hypotheses. Hypothesis (1) tests whether there 
is a deference between the precision of assessments (i.e. 
coefficients of variation) from the two approaches. The next 
four hypotheses (2 to 5) provide the basis to compare the two 
approaches. By calculating the percentages of the number of 
times an individual hypothesis is rejected, given the group of 
experts and the amount of information available during the 
elicitation, the two approaches are compared. Hypotheses 
(6) to (9) are included to explore the traditional belief in 
engineering risk analysis that holistic approach underes­
timates duration more regularly than the decomposed ap­
proach (i.e. holistic approach will be rejected more times 
than the decomposed). 

It must be stressed that the objective of this study is not to 
select the "better" method, but to compare the two methods 
available for estimating duration when experts participate in 
subjective elicitation. The "better" method is a consensus 
approach after estimating from both approaches. However, 
it is not practical as a subjective elicitation technique. 

33 lest Statistics 

Assumption 1: A sample of durations to complete an activity 
constitutes a random sample from a normal distribution with 
both mean and standard deviation unknown. 

Since the sample of the measured durations are for the same 
activity it is reasonable to expect the measurements to be 
symmetric around the mean value. Then, test statistic for the 
difference between paired coefficients of variation for ac­
tivity duration is [8], 

tpaired = _V (1) 
Sv/Jn 

where V and Sv are sample mean and standard deviation, 
respectively for Vi's and n is the sample size. 

The rejection regions for level or tests are (see Figure 1), 

Hypothesis Rejection Region 

1 (paired^ ()_pr fpaircd £ ~t*\t,\-i 

Test statistic for the assessed expected value for activity 
duration is [8], 

t = f - £[7] 
Sl(n 

(2) 

where f and S are the sample mean and standard deviation, 
and£[71 is either the assessed£[7w] or £[7*D]. 

The rejection regions for level a tests are (see Figures 1 and 
2), 

Hypothesis Rejection Region 

2 and 4 t* V , * - , or t i 

6 and 8 t * fa,n-l 

Test statistic for the assessed standard deviation for activity 
duration is [8], 

X2 = fti-tiS2 (3) 

where S is the sample standard deviation and or is the 
assessed OTW or OTD. 
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The rejection regions for level a tests are (see Figures 3 and 
4), 

Hypothesis Rejection Region 

3 and 5 - X2£ x\jn., or X2*£ x\_^A-i 
J- "1° 

7and9 X2 £ X2 

a,n-l 

3.4 Experiment 

3.4.1 The Activity 

The activity to obtain a sample of durations to test the 
hypothesis should: permit the assessment of duration from 
holistic and decomposed subjective estimation; permit the 
measurement of actual duration; be repetitive; utilize the 
expertise of engineers - read, interpret and visualise en­
gineering drawings. 

While an activity such as the repetitive construction of a 
column, a beam or a footing is ideal, the inherent difficulties 
of field experiments such as: free access to a construction 
site; measurement of actual duration; and time constraints; 
makes the selection infeasible. Instead, the assembly of a 
LEGOLAND wheel loader (model#6658) was selected as 
the activity for the experiment. In addition to satisfying the 
requirements of an activity for the experiment, the 
LEGOLAND model permitted the experiment to be con­
ducted in a laboratory setting. 

3.4.2 Procedure 

First, the objectives of the experiment were explained to the 
participants. This explanation was based on the procedure 
of pre- elicitation discussed in section (2.2). Thereafter, 
using two questionnaires the desired subjective percentile 
values for the activity duration were elicited from all the 
participants. The first questionnaire elicited the duration in 
minutes to assemble the complete model in accordance with 
the drawing (i.e. holistic estimation). The second elicited the 
duration in seconds to identify and attach one component to 
the model in accordance with the drawing (i.e. decomposed 
estimation). Finally, the actual duration to assemble the 
model by each participant was measured (see Table 1). 

The participants were postgraduate and final year under­
graduate students in civil engineering at The University of 
British Columbia, Vancouver, Canada, who had followed 
courses in engineering economics and risk analysis. The -
subjective elicitation based on the drawings for the 
LEGOLAND model and its assembly in accordance with 
drawings utilized their expertise as engineers. 

Each participant is considered as an independent source for 
hypothesis testing. That is, evaluated expected values, stand­
ard deviations and coefficients of variation from the two 
approaches for each participant are the basis for' a set of 
hypotheses. The measured actual durations constitute the 
sample to obtain statistics to test each set of hypotheses. 

3.5 Analysis 

The expected values, standard deviations and coefficients of 
variation for duration (holistic - duration to assemble the 
complete model; decomposed - duration to identify and 
attach one component to the model) are evaluated using the 
elicited subjective percentile values [23]. However, for 
hypotheses on decomposed estimation, the moments for 
duration to assemble the complete model have to be 
evaluated. 

3.5.1 Moments from Decomposition 

For a LEGOLAND model consisting of 1 components, the 
duration to assemble the complete model is, 

7b = 2t (4) 
where t is the duration to identify and attach one component 
to the model. It is assumed that t is identical for all the 
components. 

The expected value for duration to assemble the complete 
model from decomposed estimation is, 

E[TD)=lE[t] (5) 

where E[t] is the evaluated expected value for duration to 
identify and attach one component to the model and as­
sumed to be identical for all the components. 

Assumption 2: The estimated coefficients of variation for 
duration for an activity from holistic and decomposed es­
timation are similar (i.e. Vd = Vw = V). 

Assumption (2) is tested by hypothesis (1). Therefore, from 
the definition for coefficient of variation, 

O T W = O T P = Qt s V. (6) 
£[7w] E[TD] E[t] 

The standard deviation for duration to assemble the com­
plete model depends on the assumption regarding the cor­
relation between duration to assemble individual 
components. The variance for duration to assemble the com­
plete model is; 

P2(Td) = 22coV(VS) (7) 
«'?•• j-i 

From definition,/*2(7*D) ^ 0. Hence, 

MTd) =10*1+ plQ-1) o\ > 0 (8) 

where ot is the evaluated standard deviation for duration to 
identify and attach one component to the model and p is the 
correlation coefficient between two component durations. 
Rewriting equation (8), 
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M T b ) = o 2 t[ /+/>(/ 2 - / ) ] * o 

Since ô t £ 0, for U2(Tq) to exist 

[/+/>(/*-/)] > 0 

Therefore, 

(9) 

(10) 

(11) 

Hence, lim p = 0. From definition p < 1. 

At the extremes, component durations are either uncorre­
lated or perfect positive correlated. 

When the component durations are assumed to be uncorre­
lated, the variance for duration to assemble the complete 
model from equation (8) is, 

M 7 ' D ) = / o 2 t (12) 

Hence, the standard deviation is, 

OTD = lot (13) 

When the component durations are assumed to be perfect 
positive correlated, the variance for duration to assemble the 
complete model from equation (8) is, 

M2(Td) = / V t (14) 

Hence, the standard deviation is, 

OTD = / e r t (15) 
where o~t is the evaluated standard deviation for duration to 
identify and attach one component to the model and as­
sumed to be identical for all the components. 

Comparing equations (5), (6), (13) and (15) it is evident that 
relationship given by equation (15) evaluates the standard 
deviation for duration to assemble the complete model from 
decomposed estimation. 

3.52 Experimental Results 

The actual duration to assemble the LEGOLAND model 
and the expected values, standard deviations and coefficients 
of variation for duration from holistic and decomposed es­
timation are given in Table 1. All of the participant are given 
an identification #. The subjective estimates of participant 
# 15 were rejected. 

The sample mean and standard deviation for the sample of 
actual measured durations to assemble the LEGOLAND 
model in minutes are, T = 15.95 and 5 = 7.99. The sample 
mean and standard deviation for V\% thedifference between 
paired coefficients of variation are, V = 0.0518 and Sv 
= 0.1714. The test statistic tpaired for 27 participants from 

equation (1) is equal to 1.5698. 

The t values are assessed expected values and A* values for 
assessed standard deviations for holistic and decomposed 
estimation evaluated from equations (2) and (3) are given in 

Table 2. Table 1, Table 2, sample means and standard devia­
tions are obtained from a computer program called "LEGO". 

352 Hypotheses Testing 

All of the hypotheses are tested at confidence level a = 95%. 
Then,^..=f 2.052, ta,„.i = 1.703 ,4. , . , .= 4 3 . 1 9 4 , ^ = 
14.573, andZ a,n-l = 40.113 for n =28. 

Since tpaired is within the acceptance region, hypotheses (1) 
is accepted at 95% confidence level. Hence, the assumption 
that coefficients of variation for activity duration from holis­
tic and decomposed estimation are similar is verified. 

The results of the significance tests for hypotheses (2) and 
(9), total and percentages of the number of limes an in­
dividual hypothesis is rejected at 95% confidence level are 
given in Table 3. 'R' indicates that the hypothesis is rejected, 
while 'NR' indicates that it is not rejected at 95% confidence 
level. The significance tests show high rejection rates and 
similar percentage values for both methods of estimation. 

3.5.4 Discussion 

The classical approaches for hypotheses testing and the 
generally accepted confidence levels used in this study may 
not be the most suitable to test human ability to predict future 
events because of the high variability in predictions from 
individual to individual. While broader confidence levels 
reduce the rejection rates they may not be acceptable from 
a statistical view point. This highlights the inherent difficul­
ties in developing experiments to measure human ability to 
predict future events. 

Similar rejection percentages of individual hypothesis con­
firm the view that neither is the "better" method. Those for 
hypotheses (6) to (9) contradict the traditional belief that 
holistic estimation underestimates duration more regularly 
than decomposed estimation. If decomposition is not critical 
to the decision problem - when only activity and project 
duration estimates are desired; the approach preferred by 
the analyst and experts can be used for subjective elicitation. 
However, if decomposition is important to the decision prob­
lem - [22]; economic risk analysis of engineering projects; 
decomposed estimation alone can be used with confidence 
that the precision of assessments are similar to those from 
holistic estimation and that it can reduce random errors [22]. 

4.0 Conclusions and Future Work 
This paper addressed three major issues: (1) identification 
of some of the implicit assumptions and beliefs regarding the 
elicitation of expert knowledge for engineering risk analysis; 
(2) development of a preliminary approach to elicit expert 
knowledge for economic risk analysis as accurate, calibrated 
and coherent subjective probabilities; and (3) a preliminary 
study to explore human ability to predict future events and 
the validity of the implicit assumption and belief in the 
context of the expert judgements. 

The elicitation approach combined the theoretical require­
ments of subjective probabilities with a practical process. 
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The process was developed by transforming proven techni­
ques from other fields of study to the requirements of risk 
analysis in engineering.-The role of the computer and the use 
of a standard approach to expedite the process was identified 
at every stage. The pre- elicitation stage requires a high level 
of person to person interaction. Hence, there is little use of 
the computer during pre-elicitation. Since the questionnaire 
to elicit the subjective percentile values is based primarily on 
the variable interval technique, the elicitation stage can be 
standardised and automated for interactive computer inter­
views. The routine aspects of feedback and obtaining of 
consensus subjective estimates can also be done by the com­
puter. The coherence of subjective probabilities is ensured 
by using the Pearson family of distributions.. 

At present, the experience in using these approaches in field 
applications is limited. Future work will concentrate on 
building up experience from field applications and on refin­
ing and validating the elicitation approach. .This is essential 
for the proposed technique to become a practical tool in 
economic risk analysis. 

The study to explore human ability to predict future events 
consisted of a set of hypotheses, test statistics, an experiment 
and analysis to compare holistic versus decomposed 
methods for estimating duration when experts participate in 
subjective elicitation. While classical approaches and con­
fidence levels used in this study maybe too restrictive to test 
the human ability to predict future events, they provide a 
statistically accepted framework. The interpretation of the 
results as percentages of rejection rates reduced some of the 
restrictions. The first hypothesis verified the assumption that 
coefficients of variation in subjective assessments for dura­
tion from holistic and decomposed estimation were similar. 
The next four supported the view that neither was the "better" 
estimation approach to elicit subjective assessments foi>-
duration. The last four while contradicting the traditional 
belief in engineering about holistic estimation of duration 

' confirmed the view regarding the "better" approach. It must 
be stressed that these are observations based on this study 
and in no way can they be generalised to the decomposition 
of decision variables. 

The recognition, that some of the implicit assumptions and 
beliefs in engineering risk'analysis should be explored when 
dealing with the human ability to predict future events and 
the inherent difficulties in developing experiments and 
methods to test such beliefs are some of the benefits of this 
study. It is recommended that this topic be explored further. 
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Table 1: Actual and Estimated Statistics for the Activity Duration (minutes) 

# 
Actual 

Duration 
Holistic Estimation Decomposed Estimation 

# 
Actual 

Duration E[TW) Vw E[TD) vD 

01 10.0 12.00 4.02 0.335 15.01 6.32 0.421 
02 13.0 3.18 1.41 0.442 10.67 3.75 0.352 
03 16.0 28.70 13.94 0.485 24.29 15.84 . 0.652 
04 -16.0 15.55 6.33 0.407 24.49 15.65 0.639 
05 24.0 17.44 7.03 0.403 5.29 3.03 0.572 
06 18.0 30:00 12.56 0.418 16.00 7.50 0.469 
07 21.0 11.81 5.91 0.500 11.26 5.57 0.495 
08 7.75 5.37 2.57 0.478 6.99 3.58 0.512 
09 16.83 29.07 8.89 0.306 52.43 34.00 0.636 
10 13.75' 20.92 8.89 0.425 11.54 4.03 0.349 
11 25.5 6.81 2.53 0.371 15.80 5.37 0.340 
12 13.42 6.2S 2.05 0.326 5.23 0.95 0.181 
13 47.0 30.00 10.05 0.335 16.00 8.43 0.527 
14 24.5 14.18 3.96 0.279 10.47 2.96 0.283 
15 9.25 - - - - -
16 9.5 10.18 1.78 0.175 39.86 1.96 0.049 
17 18.92 10.00 3.77 0.377 10.86 7.91 0.728 
18 16.5 25.00 4.27 0.171 32.99 5.54 0.168 
19 9.92 19.07 9.56 0.502 5.48 0.96 0.175 
20 10.05 10.55 ' 3.12 0.295 6.30 0.68 0.109 
21 10.82 3.00 0.75 0.251 4.27 1.07 0.25L 
22 21.3 30.00 7.54 0.251 32.00 8.04 0.251 
23 9.08 9.1S 3.53 0.384 7.57 3.75 0.496 
24 16.S8 18.52 6.14 0.332 9.88 2.90 0.293 
.25 17.0 5:99 ' 3.65 0.610 13.13 8.31 0.632 
26 11.9 12.74 3.19 0.250 26.86 18.01 0.671 
27 10.78 10.00 3.02 0.302 5.33 1.61 0.302 
28 ' 8.09 9.63 2.81 0.292 3.40 2.03 0.597 
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Table 2: Test Statistics for Expected Values and Standard Deviations 

# 
Holistic Estimation Decomposed Estimation 

# t X> t 

01 2.6204 106.55 0.6238 43.11 
02 8.4610 870.43 3.5038 122.32 
03 -8.4-479 S.86 T-5.5249 6.87 
04 0.2649 42.97 -5 .6556 7.03 
05 -0 .9873 34.S5 7.0641 187.63 
06 -9 .3060 10.91 -0 .0299 " 3U.5S 
07 2.7430 49.29 3.1.116 55.55 
OS 7.0133 261.42 5.9386 134.12 
09 -8 .6931 21.78 -24 .82S0 1.49 
10 - 3 . 2 9 3 1 21.78 2.927S 106.0-1 
11 6.0559 269.82 0.1008 59.77 
12 6.4120 410.52 7.1030 1914.45 
13 -9 .3060 17.05 -0 .0299 24.23 
14 1.1727 109.87 3.6346 196.36 
16 3.S230 544.55 - 1 5 . 8 3 9 9 449.77 
17 3.9456 121.24 3.3731 27.51 
IS -5 .9931 94.39 - 1 1 . 2 8 4 9 ' 56.1-1 
19 -2 .0640 18.83 6.9395 186-1.32 
20 3.5778 177.44 6.3962 3676.43 
21 8.5836 3030.90 7.7443 1498.43 
22 -9 .3060 30.31 - 1 0 . 6 3 1 1 26.61 
23 4.4856 138.40 5.5587 122.15 
24 - 1 . 6 9 9 6 45.67 4.0268 205.07 
25 6.6033 129.07 1.S695 24.96 
26 2.1301 169.33 - 7 . 2 2 4 6 5.31 
27 3.9456 189.43 7.0376 665.97 
28 4.1907 217.61 8.3203 418.09 

'Engineer', September, 1991 



Table 3: Significance Tests for Hypotheses (2) to (9) at .95% confidence level 

# 
Hypotheses 

# 2 3 4 5 6 , 7 8 9 
01 R R NR NR R R NR R. 
02 R . R R R R , R R R 
03 R R . R R NR NR NR NR. 
04 NR NR R R NR R • NR NR 
05 NR NR R R. NR NR R • R 
06 R. •• R NR NR NR NR NR NR 
07" R R R R ' . R R R R 
OS R R R R R R R R 
09 R NR R R NR NR NR NR 
10 R NR R R NR NR R R. 
11 R R NR R R R NR R 
12 . R R R R R R R R 
13 R NR NR NR NR NR NR NR. 
14 NR R • R R NR R R R 
16 R . R ' R R R R NR R 
.17 R R R NR R R R NR 
IS R R R R NR R NR R 
19 R. NR R R NR NR R R 
20 R R R R R R R. R 
21 R R. R R R R R R 
22 R NR R . NR NR NR NR • NR. 
23 R R R R R R R R 
24 R R R R R R • R R 
25 R R NR NR R R R NR 
26 R R . R R R R NR NR. 
27 . R R R R R R R R 
28 R R R R R ii R R 

Total 24R . 20R 22R 21R 16R 19R 16R 1SR. Total 
88.89% 74.07%. 81.48% '77.77% 59.26% 70.37% 59.26% 66.66%-
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Fig. 1 t Distribution for Two Tailed Test 

Fig.2 t Distribution for Upper Tailed Test 
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