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Abstract 

To demonstrate that the performance of an expert knowledge-based system is comparable to 
that of the experts it emulates, it is useful to subject the system to an appropriate objective 
evaluation. The Prospector consultant system is intended to aid a geologist in evaluating the 
mineral potential of an exploration site. Here we report the results of a preliminary 
performance analysis of three Prospector ore deposit models. Using data from known deposits as 
test cases, we compare the system's performance in detail with analogous target values supplied 
by the model designer based on the same input data. These calibration results measure how well 
a model embodies the model designer's intentions, and identify particular sections of a model 
that would benefit from revision. We discuss limitations of the present experiments and future 
work. Put briefly, we report how work-a-day performance analysis instruments can accelerate the 
model design and refinement process in expert systems. 

1 Testiqg Prosoector ~ 

Performance analysis of exert systems can serve 
several useful purposes: (1) to demonstrate 
objectively and convincingly that the competence 
of a system is (or is not) comparable to that of 
the experts it emulates; (2) by exposing the 
inner workings of a complex system and knowledge 
base, to aid the ongoing efforts of the system 
implementors to achieve a level of performance 
that merits a formal evaluation by outside 
experts. Performance analysis techniques can be 
applied to systems of diverse domains of 
expertise, such as medical diagnosis (e.g., 
(10]), speech understanding (e.g., (6]), and 
game playing (e.g,, (4]). In this paper we 
report another instance of the performance 
analysis of an expert system -- the Prospector 
consultant system for mineral exploration. The 
present work emphasizes the work-a-day use of 
performance analysis as an aid to system 
implementors in refining a knowledge base. The 
performance data provide an objective, detailed, 
quantitative measure of the current performance 
of a model, and pinpoint those sections of the 
model that are not performing exactly as 
intended, thereby establishing priorities for 
future revisions. Hence besides reporting 
specific experimental results for the Prospector 
system, the present work provides an example of 
an experimental methodology that may be adapted 
to (or improved upon in adapting it to) other 
expert systems. 

The Prospector system is intended to emulate the 
reasoning process of an experienced exploration 
geologist in assessing a given prospect site for 
its likelihood of containing an ore body of the 
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type represented by the model he or she designed 
[2) (3]. Like other rule-based expert 
consultation systems (e.g., (8], (5], (7]), 
Prospector engages the user in a dialogue, 
accepting volunteered observations and prompting 
the user with questions about relevant factors 
not volunteered. Here we report the results of 
preliminary performance measurement experiments 
for a Prospector ore deposit model concerning 
porphyry copper deposits (denoted PCDA). 

The basis for a Prospector computation is a set 
of ore deposit models formulated by expert 
economic geologists. We perform a separate 
evaluation for each model. In this paper 
"Prospector" always means the Prospector system 
executing some particular model. 

2 Experimental Methodology 

We wish to compare Prospector to human 
geologists in terms of the accuracy with which 
the presence or absence of a particular type 
deposit at a particular location can be 
predicted, but there exist no standard 
quantitative measures of human performance. 
Lacking an absolute scale of comparison, we 
employ instead a relative scale; our principal 
objective here is to measure how closely 
Prospector's conclusions agree with those of the 
model designer. 

To compare Prospector's conclusions with those 
of its model designer, we ask the model designer 
to express his or her conclusions on the same -5 
to 5 certainty scale used by Prospector. This 
scale measures degree of subjective certainty: 
the value 5 indicates absolute certainty that a 



geological characteristic is present or that a 
final or intermediate model conclusion is true; 
-5 indicates absolute certainty that a 
characteristic is not present or that a 
conclusion is false; zero indicates no 
information; values between 0 and 5 and between 
0 and -5 denote degrees of uncertainty. Values 
on this subjective certainty scale map (in a 
piece-wise linear, one-to-one onto fashion) to 
probability values, which are used exclusively 
for computation purposes. (Prospector's 
reasoning about uncertainties is based on a 
modified Bayesian probability updating scheme 
[1) ; see [9) for a description of the subjective 
certainty scale used in HYCIN.) Since 
Prospector models have a hierarchical structure, 
we wish to compare both Prospector's overall 
conclusion and its major subconclusions with 
those of the model designer. 

The test sites chosen here are all exemplars of 
the PCDA model. The experimental procedure is 
as follows: (1) for each test site, the model 
designer completes a questionnaire listing all 
the questions (about geological characteristics 
of the test site) asked by the model; (2) for 
each such input data set, the model designer 
assigns to each of several major sections of the 
model a target certainty value, expressing his 
judgment as to the extent to which the 
conclusion represented by that section is 
established for that test site; (3) Prospector 
is run once for each input data set, and the 
final certainty values assigned to each node in 
the model are recorded; (4) these raw 
performance and target values are analyzed in 
ways described subsequently. 

Additional details about the experiment 
methodology are given in [2). The fact that all 
the present test cases are exemplars of their 
respective models, and the fact that the model 
designer supplied the input data concerning the 
test cases, are limitations; the present tests 
are more necessary than sufficient conditions 
for good performance. Despite these 
limitations, the preliminary results reported in 
subsequent sections have proved useful in the 
ongoing model refinement process. 

3 Performance Analysis .2!. .tb.1. .f.C.Ia .M2Wtl. 

We now evaluate one version of a model for a 
class of porphyry copper deposits (PCDA) 
designed by Prof. Marco Einaudi of Stanford 
University. Input data was available for three 
test cases, namely the known deposits called 
Yerington (Nevada), Bingham (Utah), and 
Kalamazoo (Arizona). Prospector scored 4.769, 
4.721, and 4.756, respectively for these three 
sites, indicating acceptable performance of the 
PCDA model (since these three sites are 
nnn~1rlArArl P.XAmnlArq nf thA Pr.nA mnrlAl) . 
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The target certainty values assigned by Prof, 
Einaudi for calibration purposes are given 
either in the form of a single number (on a -5 
to 5 scale), or as two numbers establishing an 
upper and lower bound on a certainty interval. 
The estimates are listed in Table 1 on the left, 
with the scores as determined by execution of 
Prospector recorded on the right. For brevity, 
Table lists data only for the Yerington 
deposit. The symbols PCDA, FPTS, FRE, etc., in 
Table 1 denote nodes in the PCDA model hierarchy 
corresponding ·to major sections and subsections 
of the model (indicated by indentation). 

Table 1. Prospector Scores for Several Levels 
ofthe PCDA Hodel -- Yerington Deposit 

Name of 
Hodel Node 

PCDA 
FPTS 
FRE 
FPCDAIS 

FCDS 
FIS 
FAMR 

Einaudi's 
Estimate 

4.5 to 5.0 
4.5 to 5.0 
4.5 
4.5 to 5.0 

5 
5 
4.5 to 5.0 

Prospector 
Score 

4.769 
4.528 
4.540 
4.787 

4.524 
4.744 
4.225 

In most cases shown in Table Prospector agrees 
very closely with Prof. Einaudi's estimate. 
Conclusions about these data can be expressed 
quantitatively by first identifying the values 
in Table 1 with a concise notation, then 
defining a simple formula for the relative error 
of Prospector in predicting Prof. Einaudi's 
estimates. ~e let C(X, Y, Z) denote the 
certainty score given to model node Z by agent X 
for site Y, where X denotes Prospector or 
Einaudi. For example, C(Prospector, Yerington, 
FPCDAIS) = 4.787. When Einaudi ave an interval 
of certainty values instead of a single value, 
we use the midpoint of the interval as the value 
of C. Then an error measure is given by 

C(Einaudi, Y, Z) - C(Prospector, Y, Z) 

E(Y, Z) : --------------------------------------
C( Einaudi, Y, Z) 

For example, E(Yerington, FPCDAIS) = (4.75 -
4.787) I 4.75 = -.008, meaning that Prospector's 
prediction is accurate to within 0.8~ in this 
case. Supplementing Table 1 with analogous data 
for the Bingham and Kalamazoo deposits, we can 
compute the value of E for 3 • 7 = 21 different 
instances. For 5 of the 21 data points 
Prospector predicted E1naud1 1 s estimate to 
within 1~, while 15 of the 21 data points show 
agreement to within 10~. The grand average over 
the 21 data points is 10.3~. For convenience, 
we list these 21 values of E in Table 2, 
expressed as percentages. In Table 2, "Average" 
denotes the average of absolute vales. 



Table 2. Relative Error (E) of Prospector Scores 
as predictors of Einaudi's Estimates 
(derived from data in Table 1 and analogous dat~ 

PCDA 
FPTS 
FRE 

FPCDAIS 
FCDS 
FIS 
FAHR 

Average: 

Yer. 

-.3J 
4.7 
-.9 
-.8 
9.5 
5.1 

1 1 0 1 

4. 1 

Bingham Kal. 

-4.9J 
-18.6 
-13.6 

.4 
51.9 
5.1 
5.6 

14.3 

-11.9J 
-4.7 
49.0 
-.9 
5.6 
5.1 
5.6 

11.8 

Average 

5.7J 
9.3 

21.2 
.7 

22.3 
5.1 
7.6 

10.3 

Note that the average data in the rightmost 
column suggest the FRE and FCDS sections as 
candidates for model revisions. More extensive 
data and interpretation are found in [2]. 

4 Conglysions JLW1 ~ .M.2I:k 

We have applied a simple experimental 
methodology for measuring quantitatively the 
performance of Prospector ore deposit models in 
some detail. The results indicate that the PCDA 
model reflects fairly faithfully the judgments 
of its designer. Although covering a limited 
number of cases that include only exemplars of 
the model, these performance analysis results 
prove useful in identifying particular sections 
of a model that would most benefit from "fine­
tuning", hence establishing precise priorities 
for model revisions. Directions for future work 
include analogous experiments on additional 
cases, sensitivity analysis of input data and 
rule strength values, and incorporation of 
performance analysis into Prospector's 
explanation system. 
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