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ABSTRACf 

This research provides quantitative estimates of value of geoscience 

information in the exploration for porphyry copper deposits of Arizona. As part of 

the study, an expert system named DISCOVERY is designed to integrate geological 

models, statistical decision theory, and mineral economics within a Monte Carlo 

simulation framework. The system requires, for each exploration survey, a 

probability that a simulated deposit will be detected. These detection probabilities 

are estimated using expert opinion from a panel of experienced geoscientists. This 

dissertation pioneers the application of influence allocation processes in geoscience, 

to alleviate criticisms associated with expert opinion. 

The work has five major focuses: 1) an adaptation of Grayson's (1960) 

exploration decision theory into a modified Bayesian framework; 2) the use of 

electronic brainstorming to define principal recognition features that define 

exploration deposit models; 3) the use of influence allocation voting tools to estimate 

detection probability by survey type and sampling intensity; 4) a comprehensive 

engineering cost model to derive the net present value of deposits simulated within 

the system; and 5) a comprehensive driJJing model to describe optimal sampling 

intensity in regional exploration. The system operates using two models: 1) an 

estimate of the value of information based upon 'static' estimates; and 2) a 'dynamic' 

simulation model that replicates the activities of the exploration industry. The static 
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model provides value estimates on a survey by survey basis, consistent with 

prevailing economic conditions. The dynamic model loosens the economic 

constraints in order to simulate exploration practices and determine the optimal 

sequence of search surveys. Collectively these two models provide estimates of the 

value of information derived from exploration surveys and determine the optimum 

search strategy for porphyry copper deposits in Ariwna. 

The static model produces estimates of net gain displaying a high level of 

consistency for each survey technology and sampling intensity across many thousands 

of iterations. The dynamic model does not produce satisfying results. requiring 

additional modifications to the Bayesian structure in order to better simulate 

exploration. 



PERSPECTIVE 

CHAPTER ONE 

INTRODUCTION 

Exploration is an expensive, high risk business where information about 

hidden mineral wealth is hard fought and highly prized. Success comes from 

innovative, high-tech programs that must continually discover deeper, more 

27 

concealed deposits. Investment is at risk because of uncertainty about the 

information that will be generated by a survey. Exploration decisions require 

evaluation of the information provided by a survey, whether empirically or explicitly. 

In concept, there is a sequence of survey types and intensities that optimizes the 

investment in mineral exploration. Knowing, or having reliable estimates of, the 

value of information permit'> the specification of this sequence. This dissertation is 

about a formal, explicit evaluation of exploration information in the search for a 

porphyry copper deposit in Arizona. 



RESEARCH OBJECTIVE 

The research objective is to design a system to estimate the value of 

geoscience information by survey type and, once obtained, to infer the optimum 

search strategy for porphyry copper deposits. 
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The system contains two models: 1) an estimate of the value of information 

based upon 'static' estimates; and 2) a 'dynamic' simulation model that replicates the 

activities of the exploration industry. The static model provides value estimates on a 

survey by survey basis, consistent with prevailing economic conditions. The 

dynamic model loosens the economic constraints in order to simulate exploration 

practices and determine the optimum sequence of search surveys. Collectively the 

two models attain the research objective: to provide estimates of the value of 

information of exploration surveys and to determine the optimum search strategy for 

porphyry copper deposits. 

Achieving the research objective requires the design of DISCOVERY, an 

expert system to integrate geological models, statistical decision analysis, and mineral 

economics. The operating premise of the system is that for every exploration survey 

there is a probability that a deposit, when present, will be detected. Deposit detection 

is a two step process of: 1) detection by a survey of geological attributes of the 

deposit; and 2) the correct interpretation by the explorationist that the survey 

response indicates the presence and approximate location of a porphyry copper 

deposit. Modelling these two steps imposes two requirements: 1) that deposit 
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detection be conditional upon an associated geologic state; and 2) expert opinion be 

incorporated to capture uncertainty associated with the use of exploration information 

to infer deposit presence. 

OVERVIEW OF SYSTEM 

System architecture is simple, representing a reasoning strategy that controls 

four sub-models (Figure 1.1). Briefly, the sub-models are: 

• the creation sub-model - simulates the porphyry copper environment using a :;et of 

principal recognition features associated with this deposit type. 

• the statistical decision sub-model - estimates the probability for correctly 

identifying the features of the deposit using an exploration survey at a specified 

sampling intensity. 

• the drilling sub-model - estimates the optimal drill spacing for a given distribution 

of deposit sizes and the geometric probability for detection, at the optimal spacing. 

• the net present value sub-model - estimates an expected net present value for each 

simulated deposit. 

DISCOVERY uses a reasoning strategy defined by expert 

explorationists. To enhance knowledge elicitation, a panel rather than one 

individual provides expert opinion using influence allocation group techniques. This 

method capitali7.es on the heterogeneity of geoseience expertise, producing a group 



model having more information than could be contributed by anyone expert 
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Figure 1.1: The major sub-models of the DISCOVERY expert system. 

individually. 

The program begins by simulating a porphyry copper deposit and its 

associated environment. As geological features are seeded with the deposit, the 
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number of observable fields available to the explorationist increases. Knowledge is a 

measure used to reflect this gain, where the explorationist can form a more complete 

conceptual model through increased observations. Knowledge is expressed as a 

percentage of the total amount of information provided by all possible geological 

features. When the feature set associated with the deposit is large the expert is said 

to have a high level of knowledge about the state of nature. A routine in the creation 

sub-model records the features seeded with the deposit and assesses the knowledge 

available. 

DISCOVERY estimates an expected value for potential discovery, across the 

range of possible deposit sizes and grades, within the net present value sub-model. 

This value is used in a modified Bayesian decision analysis to discern if the amount 

of exploration expenditure is consistent with the potential reward. The decision 

model combines discovery value and deposit detection probabilities to estimate the 

risk associated with each exploration expenditure. Static value of information 

estimates come from subtracting this risk from the minimum expected loss of 1) 

driUing without information or 2) conducting the survey. 

The dynamic model employs Monte Carlo methods to simulate exploration for 

porphyry copper deposits in Arizona. The system continually determines that survey 

having the top information value and uses it to search for the features associated with 

the deposit. The discovery of the deposit attributes adds information to the system, 

leading to a revision of the probability for the deposit to occur. This information 
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gain also causes a revision of the distribution for deposit size. Collectively, these 

two variables fonn the compound state of Ai' the probability for a deposit (of anyone 

size class) to occur in the search area. Thus, as exploration is simulated there is a 

continual updating of information and revision of important probabilities before the 

next survey is employed. 

DOCUMENT OVERVIEW 

Prior to a detailed examination of DISCOVERY's components we should 

review the concepts and theory used in making the model. The literature review of 

Chapter Two provides a historical framework for DISCOVERY, chronicling a thirty 

year quest to estimate the value of information in mineral development. Chapter 

Three provides a detailed account of statistical decision theory as used in the system. 

This is the first in a series of chapters that address specific modules in the system. 

Although statistical decision theory is the last sub-model to execute in DISCOVERY, 

it is presented first for two reasons: 1) it is derived from material in Chapter Two; 

and 2) many of the other sub-models presume a knowledge of this theory. 

Before proceeding to the remaining three sub-models, some additional 

information must be presented. Chapter Four describes the use of experts and expert 

opinion in mineral exploration. This chapter introduces psychometric issues 

associated with the use of subjective estimates of probability. This chapter presents 

traditional problems associated with the use of expert estimates, leaving the 
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presentation of a new and innovative solution to Chapter Seven. Chapter Five 

reviews the geology of porphyry copper deposits in Arizona, focusing on the 

descriptive deposit model and grade/tonnage relationships. As volumes have been 

written on porphyry copper deposits, it is impossible to summari7J! all of the 

important features. Chapter Five contains new information derived from the 

available data; and Appendix II is a summary of selected previous work, as 

background material for those readers not familiar with this deposit model. Chapter 

Five does refer to Appendix II where important observations on oxide ore have been 

summarized. Although presented in the Appendix, this material is required reading 

for the discussion on deposit morphology. 

Chapter Six reviews the morphology of the environment common to porphyry 

copper exploration in Arizona. The importance of this environment to exploration is 

expanded upon in Chapter Seven, where the probability for detection by a survey 

type is introduced. The integration of local morphology into the DISCOVERY 

model is an important step towards introducing geographic information systems. 

Although not employed in the system prototype, GIS is a logical next step in 

development. 

Chapter Seven introduces porphyry copper exploration statistics and models 

for use in the net present value and creation routines. This chapter develops the 

search strategy within DISCOVERY; its importance cannot be over-emphasized. 

Some important concepts are developed here: 
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1) exploration statistics by stage are summarized for use in the net present value sub-

model; 

2) these statistics are used as proxies for the opportunity cost of expending 

exploration dollars, to be recovered by production of the potential discovery; 

3) exploration deposit modelling using principal recognition criteria establishes the 

necessary variables for use in the creation routine; 

4) a summary of survey cost data for use in the statistical decision cost model is 

included; 

5) the use of expen opinion and subjective probability estimates drawing heavily 

from material presented in Chapter Four; and 

6) probabilit} estimates for detection by survey type and sampling intensity are made 

by an expen panel for use in DISCOVERY's detection routines. 

The chapter ends with figures depicting detection curves for various surveys. These 

graphs are in themselves some what new in concept. Probability estimates are often 

misrepresented as single points, isolated entities in a decision space. Rather, it is 

more intuitive to view the estimate as pan of a continuous spectrum, falling a little to 

the right or left depending on other features of the system. The estimates provided 

by the experts are really anchors, fixing the curves in a few key spots across the 

spectrum of possible knowledge. The last section presents generalized equations for 

use with any combination of important recognition features. 
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These first seven chapters combine to form the support used to construct 

DISCOVERY. Although simple in description, the system is complex as it integrates 

science and experts with probability and decision theory. 

Chapters Eight and Nine deal with specific variables employed in the 

statistical decision sub-model. Chapter Eight introduces the economic parameters 

used to estimate the expected net present value of discovery (NPV). Subject to 

revision as exploration is simulated in the dynamic model, the NPV estimate serves 

as a proxy for discovery value. These estimates of NPV, together with the cost 

estimates of Chapter Seven, define the entries in the payoff table -- a representation 

of the risk associated with exploration strategies that do not account for information 

gain from field surveys. 

Chapter Nine explores the costlbenefits of various drilling programs, 

detennining the optimal sampling intensity across a range of possible tonnages and 

grades. Estimation of the largest economically viable search area that can suppon 

reconnaissance drilling is made using a modification of the net present value sub

model. This infonnation is employed in the payoff table as pan of a search strategy 

that does not account for infonnation gain. 

Finally, Chapter Ten presents DISCOVERY's system architecture. The 

various routines in each of the sub-models are discussed in order of execution. 

System control is described using a series of flow diagrams depicting the various sub-



routines present in each package of code. This chapter is intentionally descriptive 

capitalizing on the power of organization charts to explain the code. 

DISCUSSION OF RESULTS 

THE STATIC MODEL 

Regional Exploration 

Chapter Eleven contains the output summaries from running DISCOVERY. 
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Histograms depict the relative ranking of each survey based upon static value 

estimates. Although exploration is not simulated, the relative ranking by survey 

provides a general measure of the effectiveness of that technology against all others 

in the group. A complimentary set of histograms denotes which surveys shared top 

position, 2nd, 3rd etc., again based upon static estimates of information value. 

These graphs are important in displaying the relatively fixed ranking of surveys 

across many thousands of simulated deposits. 

Not surprisingly, aeromagnetic surveys consistently have the highest measure 

of net gain, continually placing ahead of both geological and geochemical 

prospecting. These results are consistent with Chapter Seven where aeromagnetic 

surveys have detection curves that are elevated relative to the other two technologies. 

The strength of geochemical prospecting over geological surveys was not expected. 

At first this seems counter to standard exploration practice where regional programs 

begin with a geological prospecting of the area. However combined with the strong 
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showing of aeromagnetics, the power of the geochemical surveys come from the 

morphological nature of the search region as consisting of extensive layers of gravel 

with few bedrock exposures. In light of this fact, the lower information value 

provided by geology is consistent with a region in which undiscovered deposits are 

hidden targets beneath gravel cover, not favorable for surface prospecting. 

Chapter Eleven also contains a relative frequency histogram and cumulative 

relative frequency distribution of the value of information estimated for each survey. 

Interestingly, the aeromagnetic surveys have bi-modal distributions, perhaps 

indicating the presence/absence of powerful recognition features seeded with the 

deposit. The twin peaks would indicate the distribution of value for instances when 

the features are/aren't seeded with the deposit. Both the geochemical and geological 

surveys exhibit smooth cumulative curves, possibly suggesting less sensitivity to 

these changes. 

Local Exploration 

Perhaps the most unexpected result of the static model is found in the 

presentation of local exploration results. In examining the relative ranking of the 

surveys, there is no single dominant technology. The geological, geochemical and 

geophysical surveys are inter-leaved, being separated within each technology type 

based upon their sampling intensity. Subtle changes in the intensity of anyone 

survey impacts its relative ranking against the others in the group. There may also 
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be a sensitivity to the size of the local search region that is not being captured by the 

default 10 x 10 km area. This is suggested by the negative distribution of values for 

IP at line spacings of 1000' and 500'. Most certainly these expensive surveys could 

not justify their cost over such a large region. In any case, the top five surveys 

tested all show a remarkable similarity in the value of information they yield to the 

user. 

The cumulative relative frequency plots exhibit smooth s-shaped curves for 

both geological and geochemical surveys. The asymmetrical histograms for these 

surveys at scales of 1" to 1000' and 1" to 500' feet may indicate a sensitivity to 

combinations of geological features associated with the deposit. Again the 

geophysical surveys (IP) arc multi-modal. As was suggested for the regional surveys 

these peaks may indicate a sensitivity to the presence of combinations of features that 

are decidedly geophysical in nature, as opposed to those that do not respond nearly 

so well to the technology. 

THE DYNAMIC MODEL 

Currently, the dynamic model is poor at simulating exploration, proceeding 

through one or two iterations before selecting a terminal action. As the dynamic 

model is complex, simple modifications cannot improve the simulation of regional 

and local exploration. 



The deficiencies of the current dynamic model are thought to be a 

combination of: 1) entries in the payoff and loss tables; 2) driIling models as 

alternatives to further field surveys; 3) area of reduction considerations; and 4) the 

probability for error in interpretation of survey results . 
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DISCOVERY employs economic constraints and exploration reasoning to 

define a realistic payoff table, a description of financial risk from employing various 

actions. Chapters Three and Nine, provide detailed discussion of the entries in the 

payoff table, describing many changes from the tradition model introduced in 

Chapter Two. Attendant with this change comes the complexity of linking risk from 

acting upon a decision with potential reward. 

The definition of optimal drilling patterns, presented in Chapter Nine, make 

the dynamic model more credible in terms of a realistic drilling cost. However, this 

consideration of drilling patterns leads to the need for area-of-reduction models, 

where information gain permits the selection of sub-regions for continued drilling of 

selected targets. Attempts to model area-of-reduction have not been successful. The 

result is a model in which regional surveys search an area much larger than is 

optimal for exploration drilling. 

Incorporating into the model the probability that the searcher might make 

errors in interpretation has been problematic. Modifying the Bayesian theory and 

restricting these errors to smaller deposits has not yielded satisfying results. 

Undoubtedly, some problems plaguing the dynamic model result from these errors 
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being understated. However, the remedy is not simple requiring major modifications 

to the descriptive exploration model. 

In summary DISCOVERY has shown that: 

• the static model produces estimates of net gain displaying a high level of 

consistency for each survey technology and sampling intensity across many thousands 

of iterations. 

• the estimated values of net gain appear to be reasonable and credible with respect 

to industry experience and practice. 

• the dynamic model docs not currently produce satisfying results, requiring 

additional modifications to the Bayesian structure in order to better simulate 

exploration. 



INTRODUCTION 

CHAPTER TWO 
LITERATURE REVIEW 
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Previous studies on the value of geoscience information focus on the optimum 

benefits to society of the discovery and use of mineral resources. This work resulted 

from the oil crisis of 1973, after which society expressed a strong interest in the 

allocation of resources that determine the stock of minerals available for public 

consumption. Generally, these works do not disaggregate the exploration process, 

instead treating it as a single unit of expenditure for which some level of information 

is attained. This approach is commonly employed when the objective is to determine 

the value of information in a framework of an optimal public good. The commonly 

asked question is whether society is benefiting from the investment in the additional 

information. 

Written between 1975-1985, these studies demonstrate concern over 

exhaustible resources. Although historically interesting, these studies do not enhance 

the current research, where exploration is a multi-stage activity. As such, this 

material is presented in Appendix A. 

The three studies that follow represent benchmarks in the fields of mineral 

resource information modelling. Each is very different in approach to the concept that 

exploration surveys are not conducted arbitrarily, but rather have information gains 

that allow the design of programs based on a strategy. The first two studies, Grayson 

(1960) and Herfindahl (1969), are important advances in the treatment of information 

in the exploration process. Although Grayson's study is rooted in statistical decision 

theory in comparison to Herfindahl's more theoretical discussion, both works 

recognize that mineral resource information has a value that is not a simple measure 

of its cost. The work by Powers and Bergsman (1983) is an application of a 
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statistical model to determine the value of information in mineral exploration. This 

study is of interest not only because it is an eloquent application of Grayson's theory 

but also due to its contribution to the conceptual framework for the current research. 

HISTORICAL ROOTS OF GEOSCIENCE INFORMATION THEORY 

GRAYSON (1960) 

Grayson (1960) describes a probabilistic framework for decisions under 

uncertainty in drilling for oil and gas in the southern United States. Economic risk of 

failure is a strong incentive to obtain thorough information to increase the probability 

of success. He states " ... every scrap of information - and its interpretation -

influences decisions, and the subsequent success or failure of some firms greatly ... 1 

In an expert elicitation of exploration planners he defined the three key factors 

influencing the appraisal of geoscience information as: 1) geological 2) economic and 

3) personal. Companies prefer to use technical geoscience information to rank options 

or plays avoiding the use of odds and likelihoods. The principle findings are: 

1. behind each assumption lies many other assumptions; 

2. geological/economic variation makes comparisons to past projects fruitless; 

3. numerical judgments tended to oversimplify the technical details of the available 

information; 

4. when asked to provide odds, the geologist had a tendency to look for reasons as to 

why the venture is bad rather than favorable; and 

5. probabilities are difficult to obtain for a single well. 

Some firms do not consider exploration expenditures surveys when evaluating 

drilling decisions, treating them instead as sunken costs. Grayson (1960), agrees with 

this point but notes that although these costs are not relevant to an incremental 

decision, the required minimum profit margin must be increased accordingly. He 

states that the decision maker worries that new information is imperfect and 

I C. Jackson Grayson. Jr. (1960). Decisions Under Unccrtainly; Drilling Decisions by Oil and Gas 
Operators. Harvard University. Division of Research Graduate School of Administration. p. 1. 
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incomplete, leading to difficulty in assigning the value of the information in reducing 

the uncertainty about mineral endowment. 

To account for the incompleteness of information, Grayson employs 

probability distributions and expectation analyses of the net present value. Thus, 

economic risk is brought explicitly into the decision through numerical probabilities. 

He suggests: 

• the optimal survey coverage may be determined by adjusting the survey size; 

• one should consider the effect of federal taxes in selecting the optimal decision; and 

• it is desirable to use conservative estimates of the future price forecast. 

Personal factors affecting the decision process include personal/professional 

goals and an avoidance of options that would consume a large portion of the budget at 

a single stage. 

Grayson's Application to Decision Theory 

For simplicity, most studies in mineral exploration decisions focus on the final 

drilling decision. But exploration is characterized by a series of decision points where 

uncertainty exists. This requires a generalization of the decision problem, allowing 

for the purchase of additional information several times before making the final 

decision. Grayson (1960), notes that the decision maker must constantly choose an 

action when he has only uncertain knowledge about possible outcomes. He must at 

each decision point: 

• go ahead and make a final decision with present information, despite the 

uncertainty or; 

• obtain more information in hopes of reducing the uncertainty and then make the 

final decision. 

Complicating the action at each decision node is the knowledge that a) the 

information is not free, and b) the purchased information is not a perfect predictor of 

outcomes (Grayson, 1960). 

In an examination of decisions under uncertainty in drilling for oil and gas 

Grayson (1960) was the first to suggest that the geologist reaches a decision by means 
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of a mental cross-referenced filing and computing system. The problem in 

quantifying this process is that the mental yardstick used to evaluate the decision is 

unknown. By considering the probability of success for the venture using a gamble 

scenario, it is possible to elicit from the geologist probabilities for various states of 

nature. Weighting the elicited probability with the measure {reward - cost} for each 

decision alternative, an optimum survey sequence may be chosen. He notes the 

importance of the time discount of money, using the cost of capital as the discount 

rate in the evaluation process. 

It is important to recognize that this approach is suited to the risk neutral 

decision maker only. A risk averse decision maker will not be satisfied selecting 

between decision alternatives based upon expected value. To incorporate risk into the 

model requires the replacement of reward and expenditures with utility measures. 

HERFINDAHL (1969) 

In studying the problems of managing governmental natural resource 

programs, Herfindahl (1969) states" ... those concerned with the economic 

development of a country must be reasonably certain that additional gain will, in fact, 

accrue to economic development if they spend a certain proportion of their budget on 

producing more information about natural resources."2 He notes that the return to 

information diminishes as more and more information on an investment opportunity is 

assembled. Herfindahl (1969), emphasizes that outlays on natural resource information 

are not outlays that alter the nature of the production function. In this sense the 

research is "low powered" as the information has significance for only one production 

unit or a limited area. Only research into new methods for finding mineral deposits 

has the objective of changing the production function. 

As a general guideline for the generation of new information Herfindahl 

(1969), suggests: 

: Orris C. Herfindahl (1969). Natural Resource Information for Economic Development. Published for 
Resources for the Future by The Johns Hopkins Press, Baltimore, Maryland. p. 1. 



• make full use of the expert under the constraints of a formal decision analysis 

system; 

• avoid the situation of investment without information as there is no benefit from 

generating information that cannot be used; 

• in poorly explored regions natural resource information programs should be 

directed at areas already under exploitation or in bordering unexploited areas; 

• the development of new lands is best served by across-the -board surveys as 

attention must be paid to a whole gamut of natural resource possibilities; 

45 

• an optimal program design is one in which the surveys are divisible. In this way 

they become self evaluating, and the risk of large-scale failure poses no threat if a 

change in actions can be made. 

These are salient points that the reader can expect to see in the current model. 

THE INTER-AMERICAN DEVELOPMENT BANK MODEL (1983) 

Monte Carlo simulation is useful in exploration models because of uncertainty 

as to the true state of nature and the search process. Simulation is a random sampling 

of a probability distribution for the purpose of creating an event from the population 

represented by the distribution (Harris, 1990). 

Powers and Bergsman (1983), appraise the value of regional petroleum and 

natural gas exploration projects for the Inter-American Development Bank using a 

simulation model. Their model examines the feasibility of undertaking regional 

exploration, given what is currently known about the area, and seeks to identify the 

most promising exploration alternatives. 

Powers and Bergsman (1983) adopt a single stage decision format for the 

regional model, divided into the following four phases: 

1. creation sub-model - generates endowment using available geologic information and 

the subjective opinions of experts; 

2. exploration sub-model - simulates the efficiency of each exploration method in 

detecting deposits; 



3. discovery drilling sub-model - confirms the deposit existence and calculates 

discovered reserves, if detection was made in 2) above. 

4. development sub-model· simulates production, sales, and cost in developing 

reserves if the amount discovered exceeds the minimum specified. 
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For each stage the survey cost incurred and the present value of net economic 

benefits are calculated for an optimum exploration technique t and density w. This 

results in the present value equation: 

(2.1) 

where v~.w is the aggregate value of development, cdt•w is the present value of total 

discovery costs, and ce t•w is the present value of exploration cost 

The model has the sequence of exploration activities fixed for a given Monte 

Carlo trial. Thus, the seismic line spacing, number of exploration wells, order of 

consideration of structures for drilling, and number of wells drilled per structure is 

specified. After N iterations a probability density function of N values for each 

exploration method is generated. The expected value of each pdf is taken and the 

exploration strategy with the highest E(vg;t,w)"u is selected. The authors 

acknowledge the possibility of allowing these fixed parameters to vary but deemed the 

complexity to outweigh the advantages. 

Finally, it is interesting to note the use of a mode of occurrence variable m, 

for each deposit. This addresses the problem of geological inhomogeneity. For each 

mode m, there is an endowment seeded. Then for the total endowment: 

(2_2) 

and 

(2.3) 

Like Grayson (1960) and Herfindahl (1968), the underlying four phase 

structure of this approach is incorporated into the current model. 



CHAPTER THREE 
CONCEFrUAL FRAMEWORK 

CONCEFrUAL FRAMEWORK FOR VALUE OF INFORMATION 

FOUNDATION 
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The theoretical basis of this model originates with Grayson (1960), employing 

additional aspects from Powers and Bergsman (1983), and Harris (1990). 

Grayson (1960) presents a statistical decision theory model for a wildcatter 

drilling in a tract for oil. The wildcatter can 1) abandon the prospect, 2) drill 

"wildcat" holes without information, or 3) defer the drilling decision and obtain 

additional information through a survey. Associated with the survey is an unknown 

amount of risk that the information obtained may not lesson the uncertainty of the 

prospect. Thus, the Grayson (1960) model is an interplay of survey cost, risk, and 

reward .. 

As a means to demonstrating the major concepts involved in the valuation of 

exploration information, consider the highly simplified case: 

If there are j survey types available to the wildcatter at each stage of 

exploration, and each survey has k sampling intensities, then the option of obtaining 

additional information is across technology space and intensity. A very simple 

schematic, Figure 3.1, helps to clarify this notation. The explorationist begins his 

program from a decision node representing the various actions he can: 1) select a 

survey; 2) drill; or 3) do nothing further with the prospect. Selecting an action leads 

down a branch of the decision tree, which represents the entire field of nodes and 

action branches. The do nothing action on a prospect is terminal, in that it does not 

lead to continued exploration. While such an action does not risk exploration 

investment, it does incur an opportunity cost, the failure to discover an economic 
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deposit that is present. Selecting drilling mayor may not be terminal. If exploration 

begins with regional programs, selecting drilling leads to consideration of local 

surveys. However, selecting drilling during local exploration is a terminal action, 

as it leads to either discovery or non-discovery and loss of investment. 

• 
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another 
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Figure 3.1: A schematic decision tree depicting one survey at three sampling intensities across multiple 
exploration stages. The full tree, for all surveys and intensities, would be very large. 

The mechanics implied by Figure 3.1 are simple. If the explorationist opts 

to conduct a survey then at the decision node he specifies the sampling intensity. 

After conducting the survey a new node occurs representing actions: 1) another 
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survey; 2) drilling; or 3) doing nothing. Terminal actions are the only branches that 

do not lead to a new decision node. Figure 3.1 depicts just a small part of the total 

decision tree when there are several exploration stages; the total tree, across multiple 

technologies and intensities, can be quite large, having many branches and nodes. 

There are some interesting characteristics to this approach. Selection of a 

survey docs not prevent that survey from being selected again in the same program, 

so long as a different sampling intensity is considered. Likewise, in a multi-stage 

exploration program the information gain of the previous survey selection must be 

reflected in the decision process. If a survey yields information on a prospect then 

the probability for a deposit to occur, has been revised. 

Most exploration programs begin with a conceptual model in which mineral 

wealth is a function of geological processes. Observations of geological features 

permit inference to the source geological processes. Geoscientists can really only 

infer possible mineral wealth; conditional upon the level of observation and 

understanding of the information available. The careful geologist attaches some level 

of certainty to any estimate based upon their interpretation of the available 

information. Previously, the use of probability measures has been a common 

approach in capturing the uncertainty associated with geological inference. More 

recently, non-monotonic reasoning, belief measures, fuzzy-set theory and domain 

specific (pragmatic) approaches have been proposed to model the effects of subjective 

opinion. 

How docs uncertainty implicit to geoscience and exploration enter into the 

DISCOVERY model? DISCOVERY is a stochastic model using estimates of 

probability elicited directly from experts. The statistical decision theory sub-model 

employs a modified Bayesian function to revise the risk and value associated with 

each exploration survey. This design introduces many important considerations that 

must be addressed prior to beginning model construction. 



STATISTICAL DECISION THEORY AND VALUE OF INFORMATION 

The DISCOVERY model is an adaptation of Grayson's (1960) theory 

expanded to consider many surveys having various sampling intensities. The best 

way to introduce this theory is through two simple examples. The first example, 

modified after Harris (1990), is a simple model having one survey type at one 

sampling intensity. The second example considers multiple survey types having 

various sampling intensities. 

A SIMPLE MODEL - A SINGLE SURVEY AT ONE INTENSITY 

Consider a copper prospect having two states of nature: 

01 when a porphyry copper deposit is present 

O2 when no porphyry deposit is present. 

The possible actions of the explorationist on this prospect are: 

a1 = drill, 

a2 = do nothing (abandon the prospect), and 

a1 = defer taking actions a1 and a2 , preferring to obtain additional 

information through a field survey. 

describe the prior probability states for a porphyry deposit to occur as follows: 

Po(OI) = 0.1 -+ Presence 

Po(02) = 0.9 -+ Absence 

Represent these probabilities by ~(8): 

0.1,0= 01 

0.9, ° = 82 

so 

Consider the survey (I) to have 2 outcomes: I = i1• and I = i2• Moreover let the 

probabilities for these outcomes be conditional upon the presence (0 = ( 1) or absence 

(0 = ( 2) of a deposit: 

• if a deposit is present there is a 0.8 probability that the survey will correctly 

indicate (i 1) so and a 0.2 probability (1- 0.8) that the survey will wrongly indicate no 

deposit (i2). 
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• likewise, if the deposit is not present there is a 0.9 probability that the survey will 

correctly indicate so (i2) and a 0.1 probability that the survey will wrongly indicate a 

deposit (i,). 

Thus, when a porphyry deposit is present (8,), the explorationist, by virtue of his 

science and experience believes the probability for survey outcome i, , is 0.8. These 

probabilities are important, for they capture the science/engineering of the 

explorationist. Nevertheless, there are related probabilities that are more directly 

related to task of the explorationist, which is to infer the state of nature (8), given 

survey outcomes. Fortunately, these probabilities can be derived from those already 

given by employing basic probability laws and relations: 

fl (i) = ~ f(i,8) ~ (8), 

~(6'i) = f(i;6)~(8) 
, fl (i) 

(3.1) 

As a demonstration, when the survey indicates the presence of the deposit (I = i, ), 
then f,(i) = 0.8(0.1) + 0.1(0.9). For (J = (J, we estimate ~(8; i) = (0.8)(0.1)/0.17 

= 0.4706. By applying these relations to the four states of I and 8 we would state 

that: 

• there is a 0.4706 probability that the survey will correctly infer a deposit (i l ) and 

there is a deposit present, and a corresponding probability of 0.5294 that the survey 

will indicate a deposit (again i l ) but there is no deposit present. 

• likewise, there is a 0.9759 probability that the survey will correctly indicate no 

deposit (i2) and a 0.0241 probability that the survey would indicate no deposit (i2) but 

one is actually present. 

Suppose that in this example the cost of the survey is $500,000. The optimal 

solution is to perform the action, ~, for which the expected loss is the minimum. 

This requires the calculation of the expected terminal loss of action a l - drill and 3z -

abandon the prospect. For this we need the loss of abandoning when a deposit is 
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present ($8 x106 
), and the cost of drilling the area ($1x106

). The payoff matrix for 

actions a, and az is: 

!!, 

State II, 

$8x106 

o 
The loss matrix associated with the payoff matrix is: 

State liz 

$1x106 

o 

The conditional loss of performing action a, - drill as the survey indicates a 

deposit (I = it) is the sum of 1) the loss of drilling (at) when the deposit is present (0 

= 0,), which is zero, times the probability that the deposit is present given survey 

outcome i, (Ot;i,) and 2) the loss of drilling (a,) when the deposit is absent (0 = O2), 

given survey outcome i l ., (Oz;i l ). Equation 3.2 describes this loss: 

1 OSSl =L [drill (al )] *prob(8 l ; i l ) +L [drill (a2 )] *prob(82 ; i l ) 

=(0) (0.4706) + (lX10 6 ) (0.5294) 3.2 
=$529,400 

Similarly, the conditional loss ELz for the action of abandonment (a2) as the survey 

does not indicate a deposit (I = i2) is estimated by equation (3.3): 

loss2=L [abandon) .prob(8l ; i 2) +L [abandon] *prob(82 ; i 2 ) 

= ($8X10 6 ) (0.0241) +(0) (0.9759) (3.3) 
=$192,800 

Note that each of these losses is conditional upon the 2 survey outcomes il and i2, 

which are unknown until after the survey has been conducted. However, before the 

survey is conducted, we do have probabilities for the outcomes, as described by It 

(i), which can be computed by (3.1), giving the following numerical values: 
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f ( .) = 0.17 for i = i 1 
1.1 0 . 83 for i:: i2 (3.4) 

To account fully for risk of conducting a survey we compute the unconditional loss, 

p(~, 6), by weighting the conditional loss by the probabilities for survey outcomes. 

Formally, this is known as the risk of decision function 6 against ~ and is referred to 

as p(~,6): 

2 

P (~, l) =1: P [~, l) (ij) 1 fl (ij) 
)-1 

=($529,400) (0.17) +($192,800) (0.83) 
=$250,000 

(3.5) 

The value of the information obtained by conducting the survey is the expected loss 

of the optimal terminal decision prior to the survey minus the risk of conducting the 

survey. Earlier it was shown that the optimal decision without a survey was a2 = 

abandon the prospect, the opportunity foregone when a deposit is prescnt and it is not 

drilled: 

EL(a2 ,eO) = 8X106 (0.1) 
= $800000+0 (0.9) 
= $eOOOOO 

(3.6) 

Therefore the expected value of the information (EVI) gained by the survey is: 

$800000-p(~,l) (3.7) 

Since pC;, 6) was calculated to be $250000, EVI = $550000. 

EVI=E[L(e,a·)1-p(~,l)=$800,OOO-$250,OOO=$550,OOO 3.8 

For a survey cost of $500,000, its purchase gives an expected net gain of $50,000 

and the survey should be conducted (Harris, 1990). 

This is the value of information for a single survey at one sampling intensity. 

When many surveys are being considered, we must identify the sampling intensity 
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that for each survey yields the minimum expected loss. In tum this selection is then 

compared to those for the other k-l surveys. In this way we can derive a sequence 

of surveys according to expected loss. That sequence that minimizes expected loss 

also maximizes expected profits, because losses of profitable opportunities that are 

missed are included in the selection of the optimal strategy. These ideas are 

elaborated upon in the fonowing example. 

A SECOND EXAMPLE - MULTIPLE SURVEYS AND SAMPLING 

INTENSITIES 

The simple model describes an of the theory necessary to estimate the value 

of information and expected net gain. A complex model, one having many surveys 

and sampling intensities, applies the same theory but is conceptua]]y more involved. 

In the simple model the alternative to either drilling or abandon the prospect was to 

select action a3 - perform the survey. But, seldom do firms have the capital or risk 

preference to consider drilling as a terminal action to performing field surveys. This 

is especia]]y true for large, regional exploration programs. More often, drilling is a 

part of the search strategy, fonowing several stages of field programs. As such, we 

can modify the simple model so that drilling becomes part of the strategy after some 

level of information has been gained on the prospect. 

If we redefine action a1 as exploring the prospect using a set of predetermined 

surveys, then we have implied that the value of information derived from each survey 

is not being used to modify the search program. We want the terminal action a1 to 

be void of strategy that might come from information gain, a desirable feature with 

any terminal action. We can then fonow this arbitrary set of surveys with 

exploration drilling, say perhaps to define the halo of mineralization associated with 

the deposit. In this way drilling is included in a1 in a more plausible scenario, one in 

which some level of exploration would be conducted first and the drilling program 

fo]]ows. Rather than having to consider drilling the entire region, the initial surveys 

could be used to define a sub-region for fonow-up drilling. 
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The simple model may also be modified so that the explorationist considers a 

host of surveys in action a), each having a family of potential sampling intensities. 

The survey to be selected is that which yields the highest expected value of 

infonnation and net gain. The explorationist would consider each survey technology 

independently and estimate the value of performing that survey (EVI) over the 

alternative of explore and drill (action all or abandoning the prospect (action a2). 

But, now survey selection must also consider the sampling intensities available for 

each technology. The task before the explorationist has changed to: 

• estimating the EVI and net gain for each survey at all available sampling 

intensities, and 

• selecting that survey and intensity yielding the highest EVI and net gain. 

Before proceeding, the concepts of static and dynamic estimates of EVI and net gain 

must be introduced. 

STATIC ESTIMATIONS 

The task facing the explorationist in the two bullets above requires estimations 

of value that are said to be 'static'. A static estimate of EVI and net gain is made 

for each survey and sampling intensity, independent of the other surveys and 

intensities available. The tenn 'static' is used to imply that these estimates are not 

revised after some level of exploration has been performed. The estimates are based 

on evaluating the terminal actions before any infonnation gain from employing the 

best surveys. The general theory presented in the simple model, (Grayson, 1960), 

are static. 

DYNAMIC ESTIMATIONS 

These estimations of EVI and net gain involve simulating exploration across 

many stages, each stage yielding infonnation on the prospect. The infonnation gain 

is not necessarily positive, rather consider that each survey employed contributes 

infonnation that can be used by the explorationist to further evaluate the prospect . 

The dynamic model is a series of decisions followed by actions. The difference 
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between the static and dynamic model is best appreciated using some simple 

sketches. The explorationist must choose between terminal actions at - explore and 

drill or a2 - abandon the prospect; or perform a survey to gain information. After 

some level of exploration activity one of the terminal actions may be preferred over 

performing another survey. These alternatives form branches or action paths in a 

decision tree (Figure 3.2). Decisions to be made by the explorationist are 

represented in the figure by solid black squares called nodes. The decision to 

perform a survey links the node to another node, this time an empty box, 

representing the choices of available sampling intensities. Nodes and actions paths 

collectively form the exploration decision tree, a pictorial representation of the 

behavior exhibited by the explorationist. The decision tree in Figure 3.2 depicts a 

terminal 
action 

I 

/ 

I 

I 

decision 
node 

,

" 

--- -...,. drill 

survey 
intensitY1 

abandon 
prospect 

survey 
intensity~ 

--------
survey 
intensitY3 

, action 
path 

Figure 3.2: The decision tree for a static exploration model; one survey at one sampling 
intensity. 

static model, one in which the action involves just one survey technology at several 

intensities. It is an important distinction that the EVI for many different surveys can 
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be estimated using the static model, simply substitute in the desired survey as action 

a1 and test it against the terminal actions a. and a2• Figure 3.3 is a modification of 

the tree in Figure 3.2. The significant change is the addition of a second stage of 

exploration after an initial survey has been performed. The second decision node 

requires that the explorationist re-evaluate his decision, given the information gained 

from the first survey. This requires simulation of results of the survey conducted in 

stage 1, and the revision of probabilities for the state of nature, given these simulated 

results. Thus, the model is now dynamic, as information is evaluated and 

drill 

I 

I 

I 

I 

i 
I 

intensity. 

intensitYb 

, , 
, , 

drill 

/ intensity, 

, , , 
, , 

intensitYb 

, , 

intensitYe 

surveY3 intensityc 
abandon abandon 

, ______________ ~I , 

technologY1 technologY2 technology n 

Figure 3.3: The decision tree for a dynamic exploration simulation model. 

expectations are revised. In a dynamic model the explorationist may choose to 

perform the same survey again, but at a different intensity, or opt for a new 

technology. Like the static model, survey selection is determined by comparing to 
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the minimum expected loss of the terminal action. The decision tree started in 

Figure 3.3 can be expanded across many stages of exploration, continuing until either 

all of the potential surveys are exhausted or one of the terminal actions offers a 

smaller expected loss. 

Evaluating survey information and revising expectations for mineralization is 

an important model attribute. How does this revh;ion impact mineral exploration 

practices? At each stage of exploration the decision maker evaluates the information 

available and revises his expectation for the region to contain a deposit (91), 

Likewise, the available information may allow for a revised expectation for a deposit 

of a particular si:re P(t j). This revision may be performed informally using some 

heuristic rule-of-thumb, or semi-quantitatively using sizes of known deposits and 

associated responses to various technologies. However performed by the 

explorationist, the dynamic model should revise the parameters 91 and pet;) to honor 

the information gain and the expected value of information. 
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STATISTICAL DECISION THEORY IN THE DYNAMIC MODEL 

Mineral explorat:on surveys yield information on: 

• the state of nature - the probability for an area to contain a particular type of 

mineral deposit, and 

• expected size - allowing for probability estimates of the tonnage distribution. 

Revising these parameters using exploration results requires a quantitative description 

of deposit sizes expected to occur in the search area. This description is often made 

using a probability distribution for deposit size. Adjusting the expectation for deposit 

size, as a result of exploration information, is performed by adjusting the probability 

distribution to reflect exploration results and re-estimating the expectation for size. 

This concept is elaborated upon in the following section. 

PROBABILITY DISTRIBUTIONS FOR DEPOSIT SIZE 

The statistical decision theory of the simple Grayson (1960) model utilized the 

probability for a survey to detect the deposit, using the notation: P(I = i, :0.) = 0.8 

to describe the probability for detection by the survey (i ,) when the deposit was 

present (01), One could question if P(I=i l : °1) is correct in a conceptual sense, i.e. 

does it reflect mineral exploration? Mineral explorationists' might suggest that this 

measure is deficient; that it says nothing about the ability of the survey to detect 

either very large or small deposits. After all, mineral deposits may differ greatly in 

size. If we can estimate the probability distribution for deposit size, then we can 

replace P(I=itl0,) = 0.8, in favor of a more robust probability, one that considers 

all potential deposit sizes. We would write that the probability for detection of 

geological features associated with the deposit is conditional upon: 1) the presence of 

deposit (0 = °1), and 2) its size ti , given deposit presence: P(Gj
D 

: ti, 01)' The 

importance of this change will not be totally obvious until Chapter Seven, Porphyry 

Copper Exploration. For now it is sufficient to state that the probability for detection 

of a set of geological features Gj
D is dependent on deposit presence and the size of 

the deposit with which the geological features are associated. This is an important 

and necessary departure form the simple Grayson (1960) model. 



DETECTION ERRORS 

As with any technology, there are probabilities for failure. Here there is 

always some probability that the sensing system will fail to detect the target, or 

falsely indicate a detection when the feature is not there. In the simple model these 

errors were denoted by f(i; 0), the corresponding probabilities being: 
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P(I = i2 : 8,) = 0.2 • a missed detection when the deposit is present, 

P(I = i,: 8~ = 0.1 • a false detection when the deposit is absent. 

Porphyry copper deposits created within DISCOVERY are a collection of 

geological features, the sum of which constitute the deposit and its environment. 

Deposit detection is conditional on a sub-set of powerful, discriminating features 

associated with the deposit. Simply stated, surveys do not detect the deposit per se, 

but rather the set of pathfinder features that make-up the deposit. 

How does the detection of recognition features affect the probability for error? 

The complete set of detection probabilities must include the two cases: 1) missed 

detections; and 2) false detections. We have a quandary: the deposit is made up 

geological features; in the DISCOVERY model only those features that are powerful 

exploration pathfinders are used to describe the deposit; and now we need the 

probability that a survey would detect these features -. and yet there is no deposit 

present. The conflict between the statistical theory and the geological model is 

obvious -. detection comes from sensing the features that make-up the deposit -- if 

we have a detection, we have a deposit present. What is required is an assumption 

that will permit the generation of these type II errors (an apparent detection when no 

deposit is present) and yet not violate the general geological model upon which the 

deposit is simulated. 

Knowing that deposits are simulated using a set of powerful discriminating 

features we assume: false detections are restricted to deposits that are relatively 

small in size. The full explanation for this statement is complex, and can be found 

in Chapter Seven. Simply stated, false anomalies are restricted to smaller deposits 

where survey detection probabilities are lower and the explorationist is less confident 

of inferring a deposit. Some readers will argue that many large tonnage zones are 
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detectable yet never develop into viable copper deposits, that these might be 

considered false anomalies. Not so, they are mineralized zones warranting further 

evaluation. That they did not develop into viable deposit is a result of economics and 

not the apparent detection of mineralization that is not there. As the tonnage of 

mineralized zones increases, the probability space for error must necessarily fall. 

What is the impact of this specification for type II errors? Earlier on in this 

Chapter the DISCOVERY model is described as using modified Bayesian statistical 

decision theory. It is this treatment of type II errors that leads to that description. 

Rather than pairing detection probabilities with the probability for type II errors, 

across all sizes, depth of cover etc., the type II errors are restricted to the smallest 

tonnage class. 

MODIFIED BAYESIAN PROBABILITY FOR MINERAL EXPLORATION 

We are now ready to modify Grayson's (1960) Bayesian equation to account 

for the changes we have made. The simple Grayson (1960) model: 

~ (e; i) = f ( i ; e) .~ (e) 
~ (f (i ,e) .~ (e) ) (3.9) 

is now modified to: 

for i = 1,2,3, ... , m. 
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Knowing that false anomalies are restricted to very small deposits the second term in 

the denominator can be modified to: 

where t denotes a deposit having a very small tonnage. 

The corresponding probability for P(02 : G j D) is now: 

p(ct:e,61 ) ·p(e:61 ) ·p(e;z) p(e2 : ct) .. pet, 62 : ct) = lD 

p(Gt:e,e1 ) ·p(e: 61 ) ·P(6;z) + [!: P(ct: t i , 61 ) ·P( ti: 0] 
1"1 

(3.12) 

The decision tree that corresponds to this theory is somewhat unusual. The upper 

limb is a series of branches, one branch for each time a set of geological features is 

discovered within each tonnage class (refer to Figure 3.4). The lower limb of the 

tree is collapsed into a single branch corresponding to the smallest tonnage class. 

The permissible deposit sizes in this class reflect the tonnage ranges for which false 

anomalies are permissible. The probability for this class, (P(t : 02), is equal to one, 

signifying it is the only class for which the error can occur. Knowing that (P(t: 

02) = 1.0, we can specify that P(GD 
: OJ = P(GD : t, 01)' 
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Go 

Figure 3.4: The decision tree corresponding to the DISCOVERY decision model. The lower 
limb is approximated using the smallest tonnage class for type II errors. 
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REVISION OF PRIOR PROBABILITIES 

Using the Bayesian equation in 3.12, after successful exploration we estimate 

the posterior or new priors as: 

pI ( t J = P ( t i , 61 : Gf) 
m 

p l (6 1 ) = }:;P(ti ,61 IGf) 
~·1 

(3.13) 

pl(62 ) = P(t,61 IGf) 

And for the next survey: 

m 

pI (Gf) =.E p(Gfl tJopl(t i ) 
~·1 

(3.14) 

THE STATE OF INTEREST -). 

The Grayson (1960) model uses OJ as the state of interest to the explorationist. 

Perhaps a more complete version is to consider the state of interest to be ).1 , defined 

as: 

6 
A = [ 1] 

1 nco (3.15) 

Meaning that it is the compound state of 01 and T > t·. Here 01 refers to the correct 

recognition that the subarea of the region contains a deposit. The state T ~ t' is the 

condition that the deposit tonnage is at least as great as .. , which is the minimum 

tonnage that can be economically exploited when the average grade of T is the modal 

(most likely) grade. Accordingly: 

61 62 A = [ ] 
2 T< t· t=O 

(3.16) 

Thus, P().I) is the probability for successful exploration, earning the reward E[npv). 

Suppose that we perform an analysis to determine those tonnage classes for which 
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reward will be positive. If the analysis suggests the economic tonnage threshold (1" ) 

is equal to all tonnages greater than 80 x 106 tons then we can expect, on average, 

that reward for a discovery whose tonnage is above this threshold will be positive. It 

is instructive to group tonnage into size classes. Consider two tonnage class 

intervals: 

o < ti 

150 X 106 < 

~ 150 X 106 tons 

ti ~ 300 X 106 tons 

... midpoint = 75 x 106 tons, 

... midpoint = 225 x 106 tons. 

Knowing that 1" ?! 80 X 106 tons, the first ti midpoint falls at 225 x 106 tons, the 

second of the small tonnage classes. The first tonnage class (0 < tj ~ 150 X 106 

tons) corresponds to the small tonnages (i) for which false anomalies are 

permissible, as described in the section above. Thus, revision of P()".) requires 

revision of P(B.) and P(t j), i = 1,2,3, ... , m. Likewise, revision of P(A2) requires 

revision of P(B2) and pet < n. 
From equation 3.13 we can define P(A.) as: 

m 

P(A. l ) :p(el)·~ P( t l ) (3.17) 

and P(A2) is: 

(3.18) 



ENTRIES IN THE PA YOFF/LOSS TABLES 

THE SIMPLE GRAYSON (1960) MODEL 
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We have now changed or modified all but one aspect of the simple Grayson 

(1960) model, the payoff and loss tables. The simple model considers two a1ternate 

actions to performing the survey; a l - drill and a2 - abandon the prospect. If the 

wildcatter drills and the deposit is indeed there, he realizes a reward equal to the 

value of the future production revenues. However, if the wildcatter drills and no oil 

pool is present he has forfeited the cost of drilling, a negative entry in the payoff 

table. The wildcatter's pay-off matrix looks like: 

State 8, 

- $lx106 

o 
where drilling (action a l ) has a payoff when the deposit is present (81) and a loss 

when the deposit is absent (82). The terminal action of abandonment (a2) has no 

payoffs for either 81 or 82- For this action no funher work is expended on the 

propeny and thus no future production revenues can be reali7..ed. 

The loss matrix is estimated by determining the maximum value of column 1 

(81) and taking the difference with each entry in the column_ Likewise, the same 

calculation determines the losses for 82- The wildcatter's loss matrix looks like: 

State 8, 

$lx106 

o 
where abandonment when the deposit is present results in a loss of $8 x106

• 

THE DISCOVERY MODEL 

The complex DISCOVERY model requires that several conceptual changes be 

made in order to accommodate mineral exploration across many survey types at 

several sampling intensities. As these changes are significant we shall proceed in 

steps, first laying down a conceptual model and then using this to define the entries 

in the DISCOVERY tables. 
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We begin by re-examining the decision tree for exploration in the 

DISCOVERY model. Figure 3.5 depicts the compound state of exploration 

consisting of regional (R) and local (L) surveys. Each survey may be conducted at 

one of three potential sampling intensities and may be followed, in-tum, by any other 

survey. The decision tree has two major branches, the upper branch for the state °1 

indicating a deposit to be present, and the lower branch for state 02 when no deposit 

is present. Above we introduced the concept of OJ as a compound state representing 

both the probability for the deposit to occur and the probability for discovery size. 

Whereas the resulting compound state is denoted by Aj' for consistency with the 

Grayson (1960) model we will retain the variable name 0. 

In reading from the left to the right along the upper branch of the tree (0 = 
( 1) a regional exploration program that results in the discovery of significant 

Regional Local Drilling 
P(H I L,G,O) 

P_(L_I _G_, Q-)-C ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ 
no local 

[,CR,C l ,Col P(G,L,R" I 0) 

[,CR,CJ P(G.[ I Q) 

[,CRI PIG I 0) 

__________________________________ . 0 

no regional 

P(H I L,G,O) 
-----------

P(L I G, Q) I 
I PIG ") I : P," I l:G:DI-- -- -- -- -- - I-e, -e, -c.J P,G:l," I ., 

_____________________ [,C",CJ P(G,L I Q) 

P(L I G, Q) no drilling -_________________________ • [,CRI PIG I 9) 

no local 

Figure 3.5: A decision tree representing the complex DISCOVERY model. 

geological features ( P(G:OI ) will be followed by a local exploration program. If no 



significant features are discovered at the regional level ( P(o-: 0) then no local 

exploration will be conducted. Should the local program discover additional 

significant features then drilling will follow. Again, drilling may lead to the 

detection of the deposit halo ( P(H : L, 0, 0) ) or no detection of the halo ( P(R 
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L, 0, 0». The right-most column of entries in Figure 3.5 denotes the value of 

discovery net of exploration costs and the corresponding probability of falling on that 

terminal branch of the decision tree. As an example, the top entry denotes the value 

of discovery net of regional, local. and drilling costs ( [V - CR - CL - Co] ) together 

with the joint probability of ending up at the terminus branch representing a program 

that leads to the discovery of the halo ( pea, L, H : 0,». Thus, for every 

combination of actions we have the value of reward net of cost and a corresponding 

joint probability for that sequence of actions_ 

Representing (j by O2 and 0 by 0" the expectation for reward is simply the 

sum of the right-most column of the tree: 

E[PAylR,] .. [[V-CR-CL-C~ .P(G, L,H: 01) + [-CR-CCC~ .P(G, L,H-:01 ) 

+ [-CR-CL] .[P(G,L-:01 ) + [-CRI .P(G-:01 )] .P(Ol) 3.19 
+ [ [-CR-CCCD] .P(G, L, W: O~) 
+ [-CR-CL] • [P(G, L -: 02) + [-CRI .P(G-: 02) ] .P(02) 

which can be simplified to: 

.. P(G,L,H:01 ) .P(Ol) .V-CR 
- [l-P(G-: °1) .P(Ol) -P(G-: 02) .P(02) ] .CL 
- [P(G, L, H: 01) .P(Ol) + P(G, L, H-: 01) .P(Ol) + P(G, L, W: 02) .P(02) ] .CD 

Note that E[ PAY (R)] = PAY (RI" • P(O) + PAy<R)12 • P(02)' where 

PAYe':' ap(G, L, H: 01) .V-CR[P(G, L, H: 01) + P(G, L, H-: 0 1 +p(G, L -: 01) + P(G-: 01) I 
-CL [P(G, L, H:01 ) + P(G, L, H-: 01) + P(G, L -: 01) ] 
-CD[P(G,L,H:01 ) +P(G,L,H-:01 )] 

3.21 

or, simplified to: 



PAYe':l =p(G,L,me1 ) -V-CR 
-CL [1-P(G,L-:e1 ) -P(G-:61 )] 

-CD[p(G,L,m6 1 ) +P(G,L,H-:61)] 
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(3.22) 

This is because the conditional probabilities in the bracket for CR sum to 1.0, since 

they include all non-7.ero probability events, given 8 .. 

Similarly, along the lower branch of the decision tree in Figure 3.5 we obtain: 

PAYe~RI = - cR [P(G, L, H-: 62 ) + P(G, L -: 62 +p(G-: 62 )] 

-CL [P(G,L,H-:e 2 ) +P(G,L-:62)] 
-CD[P(G,L,H-:62) ] 

(3.23) 

and again the probabilities that multiply - CR sum to 1.0, since they include all non

zero probability events, given 82: 

(3.24) 

Letting P (CL) P (CD) P (Cl) and P (CD) represent the probability weights conditional 'I , 'I ,tTl tTl 

upon 81 and 82, respectively for C L and CD: 

Thus, the unconditional payoff PA yot) is: 

PAy(RI = P(G, L, H, 61 ) -CR - CL [PJ1CLI P(61 ) + PelfLI p(e2 ) ] 

-CD[Pe~P(61) +Pe~CD)P(62)] 

The loss table that corresponds to the unconditional payoff would look like: 

!b. 

(3.25) 

(3.26) 

action a l (explore) 

action a? (aband .. l 

n.1 

o C R + ClP'1 (CL) + C OPfI1.(CO) 

P(G,L,H : ( 1)V - CR 

- CLP" (CL) - CoD,,(CO) 

o 
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To honor strictly the elements in the loss table would require an additional simulation 

model to generate the probability weights, i.e. P<CL)'1> ... , for each seeding. As 

DISCOVERY is complex without this extension, a heuristic approximation of the 

probability weights and costs is employed. If we introduce a proxy for cost of 

exploration (C) then the loss table simplifies to: 

fl. 
action a. (explore) 0 

!k 
C 

action a2 (ahand .. ) P V - C 0 

The obvious question arises -- what is a reasonable proxy for cost? Chapter Seven 

presents summary statistics on porphyry copper exploration in the southwest U.S. 

This data, complied by the Office of Technology Assessment, permits the 

specification of an expected cost for both regional and local exploration programs. It 

must be underscored that the OTA exploration statistics are proxies, as they do not 

represent an expectation across the many combinations of survey types and sampling 

intensities - discounted by the joint probability for each course of action. 

The above payoff/loss tables are constructed using statistical decision theory, 

and we are now ready to impose economic considerations that will lead to their final 

specification. 

TIME VALUE OF MONEY IN PAYOFF/LOSS TABLES 

We can introduce the rationale of the searching firm, one expending 

exploration dollars now to be repaid in future cash flows resulting from discovery. 

From a long-run economic perspective, we will conduct mineral exploration if the 

expected payoff, discovery value net of exploration cost, is greater than zero. We 

will expend exploration dollars now in the anticipation that the reward of discovery 

will repay this money in some future period. We can write the sum of exploration 

dollars spent now (-~ .... CJ will be recouped at some future time t (-~ ••• C.(1 + 
r)'. where t years of exploration lead to discovery. Exploration expenditures have an 

opportunity cost, equal to their time discounted equivalent across m search periods. 
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We initiate exploration in a region if the expected value of discovery is 

positive. Without the benefit of local survey information, the a priori expectation for 

reward that is the same across all potential search regions. Thus, before 

implementing any surveys the cost of abandoning the region is the money left "sitting 

on the table", the potential earnings on the exploration expenditures to date. The 

payoff table at the outset of exploration looks like: 

~l ~ 

ill (explore) :r.-l- (1 + r)' C - 1:'_1- C, - 1:'_1- C, 

a, (ahandon) 0 0 

and the expected payoff resulting from a discovery is: 

E[ PAY • .] = P(OI) :r..l- C,(1 + r)' - 1:..1- C, 

After some level of exploration the expectation for reward will change from VO to V. 

Likewise, the probability for the compound state of OJ has changed from its initial 

state PO(OJ to a revised estimate P(OJ. The expectation for pay is now: 

IJI 

E[PAYal ] "' [p(a l ) *v-po (al ) -vo + p(al ) E C t (1 +r) T 

III III 

-p(a1 ) E ct -PCa2 ) E Ce 

or 

and the payoff table looks like: 

~I 

t*l e*l 

t*l 

ill (explore) [V + :r..IDl C,(l +r)' - [pO(OI / P(OI)]VO - 1:..1DlC,] 

a2 (ahand.) 0 

(3.27) 
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APPLICATION OF THE OPPORTUNITY COST TO THE DISCOVERY MODEL 

Incorporating the above economic theory into the payoff/loss matrix of the 

DISCOVERY model is relatively simple. Knowing that according to statistical 

decision theory the payoff matrix looks like: 

B, ~ 

~, (explore) P • V - C - C 

a, (aband.) 0 0 

we can substitute opportunity cost into the first term for V - C and need only to 

derive a measure of P - the probability of realizing the state 0, using the exploration 

option. This probability, the joint probability for deposit detection and economic 

tonnage using select exploration technologies, is discussed in Chapter Seven. 

Detailed discussion on the expected cost of exploration (C) can also be found in 

Chapter Seven and the estimation of discovery value (V approximated using net 

present value) is presented in Chapter Eight. 

MODEL SUMMARY 

We now have an exploration model where survey selection must consider 

many technologies and sampling intensities in a multi-stage program. Deposit 

detection must now account for both the number and type of geological features 

associated with every deposit simulated. The size of the exploration target must 

accounted for explicitly in the model. And, the measures for discovery cost and 

reward are consistent with both statistical and economic theory. 

In the following chapters additional modifications to various system 

parameters are made. They are discussed where they occur naturally within the 

document. 



CHAPTER FOUR 
EXPERTS AND EXPERT SYSTEMS IN MINERAL 

EXPLORATION 

PERSPECTIVE 
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When presented with a large data set, weights are often assigned heuristically 

to the various kinds of evidence in an attempt to assimilate and manage the 

infonnation. These weights are often not identified or documented, resulting panly 

from scientific hypothesis and panly from personal experience and impressions. 

Everything else being equal, strictly quantitative analyses are preferred over those 

that are subjective, hence undocumented. However, when infonnation is incomplete 

and the issue is complex, strictly quantitative analysis is not possible. Subjective 

estimates can be valuable so long as the user is aware of potential biases. 

The use of an expen system in mineral exploration is a viable alternative to 

the strictly subjective approach. Through structured rules and models, a framework 

may be developed that minimizes unwanted biases. Although these systems provide a 

structured framework for decision analysis - the acquisition of knowledge is far from 

simple. Many studies on knowledge acquisition and the use of expen opinion have 

identified factors that systematically impact subjective estimations. Among these, 

psychometric issues are a concern in expen systems research. Recognizing potential 

problems improves elicitation design that otherwise might prevent realization of the 

objectives of the project. 

This chapter begins with a discussion of psychometric issues and effective 

knowledge elicitation. Although problems are identified, many of these can be 
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mitigated by a well designed approach. This is followed by a section on two expert 

systems constructed specifically for the minerals industry. Each has contributed to 

the understanding of subjective expert opinion in geoscience and has been influential 

in DISCOVERY's design. 

THE USE OF EXPERT OPINION 

PERSPECfIVE 

Expen opinion lies at the heart of scientific thought. How many times have 

you listened to a scientist describe "their theory", opinions they have formulated 

through observation and interpretation. Likewise, experience may be used to 

comment upon that which has not been observed and can only be inferred; Stephen 

Hawking's Big Bang theory is an excellent example. Much of geoscientific thought, 

because of time, is based on un-observable processes. We use observations on 

various parameters to infer past geological events. Sometimes the evidence is 

incomplete and scientists must 'bridge the information gap' with theory. With 

incomplete information, probabilities are often used to describe a phenomena. A 

physical probability may be used when describing the behavior of an element from an 

observable sample. A subjective probability is required when making inferences 

about that which can not be observed and the expen is making inferences based upon 

'similar type' samples. 

PROCESSING INFORMATION WITH THE MIND 

Cognitive Theory 

Difficulty in reasoning often results from the way in which the human mind 

approaches a problem. In traditional cognitive theory thoughts are structured like a 

computer (Newell and Simon, 1972). This is in contrast to the content computer 

analogy proposed by Ley ton (1986), where the brain structures representations into: 

1) computability; and 2) stability forms. These forms mutually constrain each other 

in a 'reference frame'. For natural categories there is a reference point stimuli, 99 

may be referred to the number 100 (Rosch, 1975). However, in the opposite case 



100 is not referred to the number 99. Furthermore. these reference structures are 

asymmetric where stimulus A is similar to B differently from B to A (Tversky, 

1977). 
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How then does cognition allow us to extract information from a set of 

stimuli? Natural categories have reference point stimuli or prototypes. If our expert 

is presented with an information set I the input is cognitively stratified into levels 

(Ley ton, 1986): 

This is a decomposition into stability levels 11,12, 13, ••• ,1., where the group I. is 

recognized as the least stable and so is rt:moved first. The group 1.1 is the next most 

unstable and is removed second and so on down the line. Within each level there is 

a decomposition into sub-levels of stability, where the least stable is removed first, 

etc. (Ley ton. 1986). This leads to a few proto-typical representations of the entire 

information set, identified with just a few stable states of the system (Ley ton, 1986). 

This is present in geological description where general deposit models achieve 

stability through· proto-typical representations. 

Model and Code (case) Based Reasoning 

Koton (1985), suggested that the ability to recall is based on the presentation 

of the information in the current case, where model based systems are superior to 

large-grained compiled databases. People find it easier to solve problems in a model 

domain, creating a new solution for each problem rather than relying on pre

compiled solutions. Indeed, geoscientists prefer to summarize the familiar data in 

terms of a known geological model and then to use the uncommon characteristics to 

adapt the model to the current situation. 

In a study of experts giving subjective estimates to contrived situations, 

Kolodner et a1. (1985) identified three case based processes in problem solving; 

• locate and retrieve partially applicable cases from long term memory . 

• evaluate selected ones to determine the applicable ones. 
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• transfer knowledge from the old case to the current one. 

Experiences are organized by generalized episodes where individual features 

are indexed using differences from the generalized episode. Retrieval identifies the 

general episode and the previous case is recalled if it is organized in the same 

schema and shares a common set of differences with the new case. 

Oscar Firschien (1987), has established two hypotheses on probability 

reasoning: 

• Subjects expect that a sequence of events generated by a random process will 

represent the essential characteristics of that process, even when the sequence is 

short. Thus, subjects expect that a sequence will be represented not only globally in 

the entire sequence, but also locally in each of its parts. A classic example of this is 

when a coin is tossed four times with the results; tails = 3, heads = 1. People 

expect that in a global sequence of 10,000 tosses that there will be three times as 

many tails as heads. 

• Subjects will assess the probability of an event based upon the ease that instances 

or occurrences can be brought to mind. Estimation of the size of the class, 

likelihood of an event, or the frequency of occurrences is decided by the ease with 

which the mental operations of retrieval, construction, or association can be 

performed, often resulting in systematic errors (Tversky and Kahneman, 1974). 

Human reasoning is context dependent, impacted by the mode of presentation 

(Fischler, 1987). 

Three principle reasoning behaviors are identified: 

• Deductive reasoning is a "chain of valid assertions" leading from statements 

assumed to be true, to some given assertion whose validity we wish to establish. 

Long reasoning chains made up of small steps use only a subset of the facts. 

• Inductive reasoning uses a set of generalizations or abstractions to describe a set of 

data, working at a global problem solving level. Inductive reasoning will consider 

the possibility of erroneous information in short reasoning chains made up of big 

steps. 
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• Analogical reasoning is employed when we desire correspondence between a well 

understood system and an unknown. This is the most difficult reasoning behavior to 

achieve. 

PSYCHOLOGICAL CONSIDERATIONS IN MAKING DECISIONS AND 

FORMING JUDGMENTS 

In an unexplored region the expert geoscientist may subjectively estimate the 

probability for success using a particular survey, consistent with nature and his 

technology. Often, the importance placed upon a survey is not in proportion to the 

value of the information to be gained. When this is the case one must consider 

psychometric effects to explain inconsistencies. 

When faccd with a complex and uncertain issue how does the human mind 

assimilate, process and act upon information? The following discussion is a 

compilation of studies investigating some of the early shortcomings with expert 

opinion. These initial results and conclusions are in contrast to recent research 

showing that expertise and elicitation can be greatly enhanced using new group 

influence allocation tools. In order to fully appreciate the advances made by 

management information sciences and their application in DISCOVERY, we begin 

with an overview of traditional criticisms on the use of expert opinion. 

Historically, information science and statistical decision theory viewed man 

as having the reasoning capability to work with complex and difficult tasks. Simon 

(1957) dispelled the traditional view by suggesting that man has a limited capacity to 

handle complex situations and is often forced to adopt simplified models of the world 

to act rationally. He reasoned that a rational expert views the unccrtain event as a 

random variable described by probability. More recently, Slovic ( 1972), suggested 

that in most decisions the expert bypasses formal reasoning altogether acting instead 

as an intuitive statistician. Perceived probability diverges from objective probability 

to the point that posterior probability is much lower than Bayes theorem would 

suggest. The use of expert opinion became even less desirable after the authors 

Tversky and Kahneman (1972; 1974); Alpert and Raiffa (1969); and Pickardt and 
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Wallace (1974); documented that man believes he has more knowledge about an 

uncertain event than he actually possesses. The distribution of subjective probability 

is much narrower than it should be, with the probabilities for extreme events in the 

distribution being strongly underestimated. When compared to probabilities 

generated by Bayes Rule they found man is: 

• a conservative and inefficient information processor 

• poor at gauging the value of information 

• reluctant to make probability estimates that are close to zero or one. 

When faced with a judgmental decision the human mind reduces complexity by a few 

heuristics; 

• Representation - assigning an object to a probability class by similarity of the 

object to the ideal class member, without regard for sample size or base rates. 

• Availability - events that are more easily imagined or recovered from memory 

are assigned higher probabilities of occurrence. 

• Adjustment anchoring - initially fixing on an initial probability for a reference 

case and revising it to reflect features of the event that differ from the reference 

case. The adjustments are insufficiently large (Tversky and Kahneman, 1973). 

The result is a representation that is not affected by prior probabilities; a 

series of heuristic rules that relate probability to the ease by which it is envisioned; 

and an estimate of probability that is an adjustment of an initial estimate. 

Contrary to the 'intuitive statistician', experts were viewed as being unable to 

deal with probabilities on an intuitive basis. The most commonly recognized biases 

being (Fike, 1977); 

• Ignoring the base rate or prior probability when making subjective probability 

estimates (Tversky and Kahneman, 1973) 

• Judging samples of equal size to be equally representative of the population 

without regard to the sample size on which the proportions were made (Tversky 

and Kahneman, 1973). 

• Consistently overestimating the probabilities for success for events where success 

depended on the experts skill (Howell, 1973). 



• Assigning odds of greater than 50 to 1 much too often (Slovic et. aI., 1976). 

• Consistent perception of correlations between variables or events for which no 

such correlations exist (Golding and Rorer, 1972). 
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• Consistent overestimation of the extent to which they or others should have been 

able to predict past events. They also assign higher probabilities than they 

actually had to events that subsequently occurred (Fischoff, 1975). 

KNOWLEDGE ACQUISITION FROM AN EXPERT 

Perspective 

System designers agree that the knowledge acquisition phase continues to be a 

critical bottleneck in the design of expert systems (Gordon, 1989). If so, what can 

be done to facilitate effective knowledge acquisition ? 

Anderson (1983, 1987), in his cognitive theory of expertise, defines a critical 

distinction between declarative knowledge and procedural knowledge. Declarative 

knowledge consists of what we know about objects. Procedural knowledge is how to 

perform various cognitive activities, and occurs with little awareness. Experts use 

predominantly procedural knowledge for familiar situations and declarative 

knowledge for novel situations. They exhibit difficulty verbalizing procedural 

knowledge and can only infer a strategy from observation of his/her own behavior 

(Gordon, 1989). 

Knowledge acquisition methods tend to favor eliciting declarative knowledge. 

Structured interview techniques such as free association, laddering, forward scenario 

simulation, the repertory grid technique and goal decomposition access declarative 

knowledge missing large significant portions of the knowledge network (Gordon, 

1989). For this reason there has been a steady increase in the development of 

systems that attempt to automate knowledge acquisition processes. 
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USING GROUPS TO OVERCOME SOME PSYCHOMETRIC EFFECTS 

Perspective 

It is a popular misconception that there is an expert who holds all the 

knowledge to be embodied within an expert system. More likely the knowledge is 

held by several people, each of whom may contribute some portion to the overall 

group. Though Forsthye and Buchanan (1989) discuss interview techniques to elicit 

knowledge from individuals, the acquisition of knowledge from a group is seldom 

addressed. Group judgments are an effective way to make decisions when the 

objective is to capture many opinions while reducing the chance for error and 

omission through bias in scientific judgment (Harris et aI., 1993). 

If an expert is freed from introspection of his estimates then he may also be 

freed from many psychometric effects. Ferrell (1990) notes that within science the 

use of panels has grown to incorporate collective memory for facts, together with a 

larger set of judgmental strategies (citation by Balthazard, 1993). If indeed n heads 

are better than one, then a formal system is required to account for group opinion 

and dynamics. The elicitation of knowledge from a group favors the introduction of 

influence allocation processes (lAP) because: 1) the evaluations span a variety of 

issues that require specialized knowledge; 2) a group can have a wide variety of 

knowledge about the issues; 3) members of a group can be familiar with other's 

strengths and weaknesses; and 4) the synergy within a group may add motivation to 

the task at hand (Balthazard, 1993). 

Influence Allocation Processes (lAP) 

Influence allocation processes are aggregation methods that allow participants 

in a group to distribute some or all of their decision making influence to others in the 

group (Balthazard, 1993). The SPAN™ (social participatory allocation network) 

method was first proposed by Mackinnon (1966a, b, 1969). Subsequently, RCON™ 

(rational consensus) was introduced by DeGroot (1974) and later developed as a 

normative aggregation method by Lehrer and Wagner (1977, 1978; Wagner, 1978, 

1981, 1982). The book Rational Consensus in Science and Society (Lehrer and 
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Wagner, 1981; cited by Balthazard, 1993), results from this work. Both SPAN™ 

and RCON™ use linear aggregation techniques to pool the information a group has 

on the alternatives and on other members of the group. Simply stated, lAP processes 

utilize knowledge in the group about the alternatives and who has expertise with the 

particular topic. Balthazard (1993) states that lAP processes are suited to: 1) a 

heterogeneous set of tasks that requires specialized knowledge to make a good choice 

on each issue; 2) a group that has a wide variety of knowledge and experience 

spanning the issues to be decided; 3) a group whose members are weIl acquainted, 

knowing each others strengths and weaknesses; and 4) a group whose members are 

motivated for the group to be the best. 

But why would an expert, if he is truly an expert, all ocate influence to others 

in the group? For complex real problems that involve multi-scientific expertise, no 

single scientist can be expert to the same degree on all science. When that is the 

case, averaging or equal weighting of al1 experts involved generates responses for the 

individual components that are inferior to those that could be made by each expert. 

The only way that varied expertise can give an average result that is superior to the 

best individual estimate is to weight responses by level of expertise. An expert may 

wish to give power: 1) to another who is more qualified to evaluate the particular 

topic; or 2) to another who is more qualified to choose who is expert for the topic 

and wiIl, presumably, pass, the power on to that person or persons, or 3) to 

incorporate the scientific reasoning of a peer expert having a varied experience with 

the topic. 

How do lAP methodologies contribute to the knowledge elicitation required 

for DISCOVERY's design? Consider that the probability that an exploration survey 

will detect a hidden deposit is some function of n1 principal features of the deposit. 

Another survey type might respond to a set of n2 principal features, sharing some in 

common with n1 and others being unique. As we consider more and more survey 

types the various subsets of nx features grows. It becomes difficult, if not 

impossible, for anyone expert to be capable of mentaIly accounting for all of these 

differences and providing meaningful expert probabilities of deposit detection. A 



panel of experts, each having experience with some small set of exploration survey 

types, is better equipped to provide meaningful probabilities of detection when a 

system is employed that weights responses by expertise. 

The RCON™ process 

82 

In RCON™, the process of allocation to members and alternatives is 

separated into two distinct processes. The following description of Lehrer and 

Wagner's (1981) methodology is taken from material provided by Balthazard (1993) 

during DISCOVERY's knowledge elicitation process. Allocation to members, 

including oneself, produces a matrix of weights [pij] = P of the weight assigned by 

member i to member j. Lehrer and Wagner (1981) call the weight "respect" and 

state that one should logically assign some weight to any member whose opinion is 

respected more than a random opinion. One version of RCON™ prevents 

participants from assigning weight to themselves so they must earn the 'respect' of 

others in the group to have an influence in the voting. Separate consideration of the 

set of alternatives {At} by each member i leads to a second matrix of weights [aik] 

= A, which, depending on the problem, can represent probability of correctness of 

that alternative or its utility, provided it has the proper scale properties for weighted 

averaging. 

The allocation P among members can be modeled as a regular Markov 

process where the weights represent the transition probabilities in a steady state 

solution. The fixed point weight vector w represented by the limiting value of any 

row of Pn, as n increases, is the consensus weighing. This vector of individual 

weights is then used to average the weights of alternatives by wA =v, where v is the 

vector of final "votes" for the alternatives (Balthazard, 1993). 

The two· step implementation begins with members starting with an equal 

number of votes and allocating a fraction, that may include zero, to each of the other 

members and themselves. The votes that they receive are re·allocated in the same 

proportions as their own votes. The redistribution of votes stops upon convergence, 

the number of votes each member has at the end of a round doesn't change between 
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rounds. The second step is to allocate among the alternatives all the votes received 

by a participant in proportion to how they previously assigned votes to each 

alternative in (A). Thus, RCON™ is an iterative process of allocation among 

individuals followed by a single final allocation to alternatives. 

Eliciting Probabilities Using RCON™ 

The objective is to estimate the probability of detecting the principal features 

of deposit using a survey. If the probability range of 0 to 1.0 is divided equally 

into ten intervals then each participant can allocate votes to the range he feels covers 

the probability of detection. The votes can be placed all in one interval or distributed 

across some range to reflect uncertainty. If the participant is not certain of his 

estimate or feels others in the group have greater expertise with the survey type then 

he may allocate votes to them accordingly. As all voting is anonymous the group 

forms an aggregate opinion based on their science reasoning. This is a marked 

improvement over the problems associated with traditional Delphi group consensus 

techniques ( Linestone and Turoff, 1975). 

Disaggregating the objectives of the group into sub tasks facilitates easier and 

more definitive elicitation of knowledge and weights from the experts. The group 

can employ RCON™ to provide opinions on the subtasks and later assemble them 

into an aggregate model. After each vote the group is free to inspect the results 

without knowledge of how each individual member voted. 

The Advantages of Using Influence Allocation Process Techniques 

Is the extra effort required for lAP techniques justified? Let's examine this 

question through the window of DISCOVERY, looking at the systems objectives and 

what we have gained on the psychometric issues discussed above. 

Can the group provide these probability estimates ? According to Newell 

(1957) if the expert is rational then the uncertain event will be viewed as a random 

event described by a probability distribution. The estimation of subjective probability 

is not without criticism though. Accordingly, Appendix II is dedicated to the use of 
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subjective estimates of probability in decision analysis. For now it suffices to qualify 

the statement by Newell (1957) - that if the individual is truly expert then his 

estimates are rational - with the recognition and understanding the limitations 

introduced in Appendix C, 

What might hinder group progress using lAP ? Some prospective experts 

when interviewed expressed the fear that their estimates would leave them vulnerable 

to review by their peers, open to criticism and attack', This leads to a desire to 

hedge their estimates. lAP techniques mitigate the desire to hedge estimates as all 

votes are anonymous and only the aggregate results are reported. Experts can 

express opinions without fear of criticism. Likewise, experts are free to express their 

opinion of the expertise of other members and can deliberately influence the weight 

of others in the vote. lAP allows for the contribution of important, yet proprietary, 

information by passing votes to those who may have it and allowing them to 

introduce this information through their allocation to the alternatives. As the principal 

task is broken into subtasks, the group can fully utilize the varied levels of expertise 

each participant brings to the session. Having a heterogeneous group provides greater 

variation in expertise and knowledge and allows for a robust incorporation of many 

opinions in a way that n heads are indeed better than one. 

'See Harris (1984; p. 380 - 382), for a discussion of purposeful hedging and conservatism in expcns 
providing opinions on mineral resources. Purposeful hedging generally stems from a desire to protect oneself 
from peer review, mis-usc of the information by others, and protect vested interests. 



EXPERT SYSTEMS FOR UNDISCOVERED MINERALS 

PROSPECTOR 
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An expert system handles real-world problems using a computer to reach the 

same conclusions as would a human expert faced with a comparable problem (Weiss 

and Kulikowski, 1984). Expert systems are not new to the exploration industry: In 

the mid-nineteen seventies an ambitious program was undertaken at the Stanford 

Research Institute to aid the geologist in the search for hidden mineral deposits. 

PROSPECTOR™ became a show-piece expert system performing a specific real 

world task (Duda et aI., 1977). The heuristic reasoning of a geological expert is 

combined using a hybrid mix of mathematical relations conformable with the laws of 

nature and inferences rooted in their subjectivity (Reboh and Reiter, 1983). The 

geologist provides formal statements of assertions, as either evidence or hypothesis. 

The statements are accompanied by an indication of the strength between parameters 

in a plausible (probabilistic) relationship (Reboh and Reiter, 1983). 

Although the statistical decision theory is appealing, this design is flawed in 

one very important way - only one expert is used for a given model (eg. Ennadai for 

porphyry eu). The resulting system contains a high degree of expertise across many 

deposit models but does not allow for more than one expert opinion on anyone 

model. Thus, the design is weakened not only because varied expertise is ignored, 

but also because there is no formal link between the expertise of one model and that 

of another. With these deficiencies in mind, some design aspects warrant further 

description. 

PROSPECTOR emulates the reasoning process in assessing a given mineral 

prospect or geographic region for its likelihood of containing an ore deposit of 

various types (Duda et at., 1978). The system employs techniques of artificial 

intelligence to represent empirical judgment to perform plausible reasoning. This 

reasoning is structured Bayesian probability theory, so that probabilities for a deposit 

can be modified to reflect geological evidence. The states constructed by the expert 

under these circumstances have a degree of uncertainty and hence, are probabilistic 

in nature. 
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The most recent prototype, PROSPECTOR III, utilizes a geographic 

information system to evaluate map areas across several data types simultaneously. 

This approach permits the use of recognition criteria constructed from the inter

relationships of several different data types. The system matches deposit attributes 

with the geologic environment, limited only by the number of entries and cross 

referencing of terms in the geologic glossary. The deposit models are constructed 

using numerical modelling, introducing to the process a more formal algorithm for its 

many contributors to follow (McCammon, 1989). 

It might seem, from the above description, that PROSPECTOR is a already 

accomplishing the objectives set out for DISCOVERY. After all. both are expert 

systems for mineral exploration. However, PROSPECTOR assigns probabilities for 

various deposit types to occur, searching the area for recognition features associated 

with many models. PROSPECTOR implies nothing about the discovery of the 

deposit. Accordingly, exploration technology, performance, and cost are ignored by 

PROSPECTOR. In contrast, DISCOVERY is deposit specific, porphyry copper in 

the prototype. and focuses on the process of searching for indications of this 

mineralization type. Search is conducted by specific exploration technologies in 

accordance to the economic optimization given costs and uncertain rewards. In this 

sense DISCOVERY is exploration driven whereas PROSPECTOR is geologically 

driven. Are the two incompatible ? No, consider the firm who has acquired a lease 

or concession to explore, having little to no information on the area. The manager 

might first question as to the potential for the area to host various deposit types 

across several mineral commodities. PROSPECTOR is employed to provide 

probabilistic estimates that each deposit type might occur in the area, given the local 

geological environment and current understanding of the deposit models. This 

evaluation makes no comment on the discoverability of the deposits, the recognition 

features are independent of specified technologies. 

Having identified the mineral commodity and deposit type of interest to the 

firm the manager must now investigate the exploration strategy to be employed. This 

information would include what technologies will be employed, in what sequence, at 



87 

what sampling intensities, and at what cost. The firm develops this strategy based on 

it's expected size of discovery in this geological environment. These are exploration 

considerations performed by DISCOVERY. 

THE ARIZONA MINERAL RESOURCE APPRAISAL SYSTEM 

The ARIZONA mineral resource appraisal system appraises uranium 

endowment by imitating a scientist capable of considering all of the geoscience 

information available (Harris and Carrigan (1981). The contributing expert 

considers state XI to be made up of subprocess YI , Y2 and Y3 that are in tum 

composed of subprocess Zl and~. He provides subjective opinion on the 

favorability of the subprocesses in the formation, transportation and deposition of 

uranium. The relevant subprocesses are identified and coordinated in an inference 

net. Formalization of this system consists of identifying the key clements of the 

model and defining their interrelations. Combinations of subprocess are ranked into 

favorability groups according to their association with the higher level processes 

(Harris, 1984). By iterative selection of favorable groups the geologist can define his 

preferred set of groupings that associate evidence to the process states. In the 

formalization of the model the geologist determines that evidence most/least 

necessary for the endowment estimation. 

The subjective estimates of the probabilities for geological conditions 

(evidences) are input into a geological decision model and, after adjusting for various 

sizes of study areas and unit thickness, a probability distribution for number of 

deposits is generated. 

The system is calibrated by having the expert select test regions and reference 

conditions, and describe them by subjective probabilities about the processes and 

geological conditions that comprise the formalized geological science (Harris, 1984). 

The geologist is supported with data on analogue areas e.g. statistics on the physical 

attributes of the deposits, deposit densities, areal extent, and deposit tonnage and 

grade distributions for well explored areas. This information is essential in the 
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calibration process, for it allows the expert to bring the system output into line with 

his/her experience. 

How does this system compare to the objectives set out for PROSPECfOR 

and DISCOVERY? The ARIZONA system is employed in mineral assessment and 

thus has some commonality with PROSPECfOR in appraising an area for potential 

mineralization, in this case - an endowment. It utilizes a genetic model to identify 

those features that indicate the presence of mineralization and then goes further than 

PROSPECfOR in estimating the number of undiscovered deposits. The Arizona 

system produces probability distributions for number of deposits and for quantity of 

U)Og, whereas PROSPECfOR produces only a single probability for the presence of 

a deposit. Certainly, the level of support is far greater in ARIZONA with more 

introspection given to the attributes associated with deposit size. DISCOVERY has a 

design feature adopted from the ARIZONA system. The use of Monte Carlo 

simulation considers potential combinations of geological features that might combine 

to form the deposit. Through this technique the expert may contribute information 

that may not be important to the general model but a powerful tool in rare geological 

processes. However, DISCOVERY differs greatly from the ARIZONA system: 

the ARIZONA system describes in a probabilistic framework how many deposits 

occur in the region, whereas DISCOVERY describes the optimum exploration of a 

region and exploration outcomes. 
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CHAPTERS 
GEOLOGY OF PORPHYRY COPPER DEPOSITS 

INTRODUCTION 

The term porphyry copper is more descriptive of a deposit class than of a 

particular ore model. Titley (1966), describes porphyry copper deposits as being 

either all in the homogeneous rocks that spawned the ores, or nearly all in external 

lithologies, and 'complex' ores lying athwart these chemical - mineralogical 

heterogeneities. Lowell (1974), describes a porphyry deposit as any disseminated 

pyrite-chalcopyrite-molybdenite deposit exhibiting good concentric zoning. Guilbert 

and Park (1986), include a characterization of the temporally and spatially related 

alteration about an epizonal calc-alkaline porphyritic intrusion. They note that 

porphyritic rocks of epizonal or hypabyssal dacite, latite, quartz latite, and rhyolite 

porphyry include their phaneritic equivalents of quartz diorite, monzonite, quartz 

monzonite, and granite. In the southwestern United States this class of deposits is 

located within the basin and range country of Utah, New Mexico, and Arizona. 

Copper production from these deposits is significant. The State Mineral 

Summaries of the U.S. Department of the Interior list Arizona as producing $2.6 

billion worth of copper for the year 1991, almost exclusively from the mining of 

these porphyry deposits. 

Benchmark papers on these deposits include thousands of pages of 

descriptions, maps, and tables summarizing the principal features (see Titley, 1966, 

1982; Guilbert and Park, 1986). The identification of the major environmental 

blocks and principal recognition criteria used in DISCOVERY began using a 

descriptive deposit model produced from a compilation of the geological, 

geochemical, and geophysical attributes of porphyry copper deposits. 
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A1though this is important information, it is available from published sources 

and to avoid reader fatigue it has been placed in Appendix B. This appendix is only 

an abridgment of a rather extensive literature on porphyry copper deposits, and it is 

beyond the scope of this dissertation to give a comprehensive review of this 

literature. Moreover, as the experts who participated in this study have impressive 

expertise in porphyry copper geology and exploration, the focus of this dissertation is 

more on the structuring of this information to support DISCOVERY. 

DESCRIPTIVE DEPOSIT MODELS 

THE NEED FOR PRINCIPAL RECOGNITION FEATURES 

Geoscience, like most other physical sciences, relies heavily on the use 

of models to describe phenomena in nature. Mineral deposits are generally 

classified according to the environment of formation, style of mineralization, and 

age. Porphyry copper deposits are a member of the family of copper ores for which 

comprehensive models have been constructed (Lindgren, 1933; Cox and Singer, 

1986). The representation of the mineral deposit using models allows for two very 

important reasoning mechanisms: 1) model-based reasoning; and 2) case-based (code

based) reasoning. 

Model-based reasoning creates a general solution for a problem rather than 

relying on pre-compiled solutions (Koton, 1985). Accordingly, a geoscientist 

functioning as an expert in general would, when faced with a large vector of 

geological attributes, find it more appealing to formulate a model characteri7.ed by 

the principal geological attributes of the data set. Having assimilated and 

incorporated the familiar data in terms of a geological model, the uncommon 

characteristics are then adapted or ignored with respect to the current situation. In 

case-based reasoning an expert presented with a task will: 1) locate and retrieve 

partially applicable cases from long term memory; 2) evaluate all cases to determine 

those having the closest degree of similarity; and 3) transfer knowledge from the old 

case to the current one (Kolodner et aI., 1985). Experiences are organized by 
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generalized episodes commonly referred to as stereotypical models where unique 

features of a new situation are indexed by differences from the generalized episodes. 

In the retrieval process the general characteristics of the situation are identified, and 

previous cases are recalled based upon similarity. Descriptive deposit models aid the 

geoscientist in this retrieval process. 

Exploration managers select survey types that look for key principal features 

consistent with the deposit model. These key features, termed recognition criteria, 

may allow the explorationist to infer the presence of the deposit. As a simple 

example, if a common copper ore mineral has a characteristic green oxidation 

surface, then the geologist will look for green stains on exposed bedrock surfaces. 

Observing the green stain he will note the presence of the copper ore and in turn, 

given an abundance of the mineral, may infer the potential presence of copper 

deposit. His geological observation is consistent with the geological portion of the 

deposit model. 

CONSTRUCTING THE DESCRIPTIVE DEPOSIT MODEL 

DISCOVERY's descriptive deposit model is constructed using the opinion of 

an expert panel proficient in porphyry copper deposits in Arizona. The panel of 

experts consists of four geologists and two geophysicists active in various sectors of 

the Arizona porphyry copper industry. They represent the principal disciplines of 

geology, geochemistry and geophysics. Some of the experts are multi-disciplinary, 

having experience in more than one of the fields. The panel averages sixty years of 

age, yielding approximately one hundred and eighty man years of exploration 

experience. The youngest expert is in his mid-forties, and the oldest are in their 

early seventies. 

The experts began with four major features of the deposit model: 1) ore 

(economic) minerals,2) gangue (uneconomic) minerals, 3) host rock types, 4) 

structure. For each major feature a subset of the twelve most commonly occurring 

features, as reported in the literature was presented. Each of the features in the first 

three groups were described using quantity measures. As a simple example, Pyrite 
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> 3% and Pyrite < 3% were two of twelve entries under the heading ore minerals. 

The last two major headings contained entries indicating only their presence/absence 

in association with the deposit. 

For each list, the experts anonymously submit comments indicating the 

power of that feature as a discriminating tool to indicate the presence of a deposit. 

They can comment upon the uniqueness of the feature, its response to various survey 

types, its relationship to other features, the implication of observing the stated 

quantity, and any other information pertinent to porphyry copper exploration. 

Participants view and reply to others submissions anonymously through computer 

terminals. This interactive electronic brainstorming orients the group towards 

discerning what features are important and how their own view of the deposit model 

differs from that of others. Having anonymity, the experts can freely express some 

of their more abstract thoughts on relationships between features. 

The panel modified the lists by creating blocks of spatially associated features. 

They also added a sixth block to represent features associated with the deposit model 

in a regional sense as noted in Table 5.1. 

RANK ORDERING OF FEATURES 

The panel rank ordered the 

features within each block according to 

their discriminatory power in porphyry 

copper exploration. The results of this 

ranking are presented in Chapter 

Seven. Secondly, the panelists ranked 

each of the six major blocks by their 

discriminating power by survey type 

Block 1 - Hypogene Mineralization 
Block 2 - Supergene Mineralization 
Block 3 - Gangue Minerals 
Block 4 - Lithology 
Block 5 - Structure 
Block 6 - ~ated Deposits 

Table 5.1: The six environmental blocks 
associated with a porphyry copper deposit. 

(survey selection and block weights are discussed in Chapter Seven). Knowing the 

intra·block ranking of features and the ranking of the six blocks, an overall ranking 

of the 55 features is produced. 
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What is the significance of ranking the recognition features important to 

porphyry copper exploration? If in the general case (independent of a survey type) 

Block One received 23.7% of the total vote by inter-block ranking it is said to 

contain 23.7% of the information contributed to the expert when considering all of 

the blocks. Likewise, if the first feature within this block received 31.8% of the 

intra-block vote it contributes 31.8% of the knowledge contained in Block One. It 

can also be said that this feature contributes 31.8 % of 23.7% (=7.5%) of the 

overall information content of the features of the system, giving an inter-block 

weight of 7.5%. The ranking 

permits a statement of the 

contribution to knowledge each 

of the features makes to the 

expert during exploration. It 

would be said that the first 

feature within Block One 

contributes 7.5% of the 

knowledge when present. 

When all of the features of all 

six blocks are present we have 

100% knowledge. Likewise, 

when no features are present 

we have 0% knowledge 

contributed (see Figure 5.1). 

Thus, any combination of 

cumulative 
knowledge 

Rank 

Figure 5.1: A schematic curve showing the incremental 
addition of cumulative knowledge by adding features. 

features contributes between 0 and 100% knowledge to the expert during exploration. 



STATISTICAL GRADE AND TONNAGE MODELS 

SELECfION OF DATA 
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Three data sets of porphyry copper grades and tonnages are considered for 

use in DISCOVERY: 1) global deposit model #17 of U.S. Geological Survey 

Bulletin 1693 (Cox and Singer 1985); 2) the Canada and US molybdenum-copper 

porphyry model of DeGeoffry and Wignall (1985); and 3) the State of Arizona, 

Department of Mines and Mineral Resources 1991 reserve figures. Each data set is 

published denoting the deposits contributing to the grade and tonnage figures. 

The Cox and Singer (1985) data set incorporates statistics from 89 deposits 

around the world. Cumulative probability grade and tonnage curves are provided 

together with a statistical summary. Morphological information on Ari7Jma 

porphyry copper deposits comes from Singer and Mosier (1981) who along tonnage 

and grade data, include important details on surface dimensions in the ore, sulfide, 

and altered zones. 

The DeGeoffry and Wignall (1985) data set defines length, breadth, and 

shape (axial ratio) of the horizontal section of the ore deposits. Using a sample size 

of n=57 deposits from Canada and the U.S., the data exhibit an asymmetry of 

length to breadth resulting in an elliptical cross section of most deposits. 

Lastly, the Arizona Department of Mines produce and annual summary of 

copper reserves for 67 known deposits in the state. This data contains information 

on the total and leach copper production, copper content of ore, percent copper 

recovery, stripping ratios and copper reserves. The data is generally published two 

years after the calendar year of interest. 

GRADE AND TONNAGE RELATIONSHIPS 

For the task of estimating local grade and tonnage curves, the Arizona 

Department of Mines data-set is used. This annual summary reports tonnage 

reserves and grade for acid soluble , sulfide, and mixed ores. As the mixed ores are 

not common they represent a statistically insignificant sample, producing erratic 

parameter estimates. Consequently, only the acid soluble and sulfide ore are used. 



The summary 

statistics for the acid 

soluble and sulfide 

ores are included in 

Acid Soluble 
Tonnage (t1) 
Grade (ql) 

Sulfide 
Tonnage (t2) 
Grade (q2) 

mean std. dev. 
tons (xl06) tons (xl06) 

98.7097 217.1823 
0.56645 0.28089 

154.21 204.50 
0.7884 0.49335 

Table 5.2. For each 

ore type, histograms 

of the grade and 

tonnage data exhibit 
Table 5.2: Summary statistics for grade and tonnage parameters of the 
acid soluble and sulfide ore. 

a strong skew 

towards higher values. Distribution testing on the acid soluble data yielded the 

following statistics: 

for n = 31 deposits: 

Kolmogorov-Smimov measure = 0.9989 for tonnage 

Kolmogorov-Smimov measure = 0.9999 for grade 
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These statistics indicate that the lognormal distribution accurately describes the data. 

Distribution testing on the sulfide ore yielded the following statistics: 

for n = 41 deposits: 

Kolmogorov-Smimov measure = 0.9989 for tonnage 

Kolmogorov-Smimov measure = 0.341 for grade 

Again, these statistics indicate that a lognormal distribution describes the tonnage. 

But, the sulfide grade data is erratic and additional curve fitting using normal and 

Beta distributions produces no better fit. One data point equal to 5.52 is an outlier 

and its removal greatly improves the fit, yielding a K-S estimate of 0.9994. Based 

on this K-S test the sulfide grade may also be described using a lognormal 

distribution. 
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12 11 q2 ql 

12 (0.0000) (0.003) (0.9979) (0.4317) 
1.0 0.9254· 0.0010 ..().3007 

t1 (0.0003) (0.0) (0.6887) (0.3264) 
0.9254· 0.0000 0.1559 -0.3705 

q2 (0.9979) (0.6887) (0.0000) (0.1510) 
0.0010 0.1559 1.000 0.5203 

ql (0.4317) (0.3264) (0.1510) (0.0000) 
-0.3007 -0.3705 0.5203 1.000 

Table 5.3: Correlalion malrix for acid soluble/sulfide grades ( q1. q2) and tonnages (11. (2). • denoles 
statistically significant correlation at the 95% significance level. 

CORRELATION ANALYSIS 

Correlation analysis of the four variables (t1, t2, ql, q2) yielded relationships 

as presented in Table 5.3. The numbers in parentheses represent students-t 

statistics , indicating a significant correlation when t < 0.05 occurs. Based on these 

results, only the acid soluble and sulfide tonnages have a statistically significant 

correlation (0.9254) at the 5% level, whereas the grades of the two ore types are not 

statistically related. There is no statistically significant correlation between the 

tonnages and grades in the Arizona deposit data set. 

Spatial Deposit Data 

The data collected by Singer and Mosier (1981) for their study of the 

characteristics of mineral deposits provides valuable information on the morphology 

of these deposits. This data, kindly provided by Don Singer (pers. comm., 1993), 

represents 89 deposits world-wide including 17 deposits in the southwestern U.S. 

For each deposit the authors report: 1) tonnage. 2) area, and 3) lengths of the a and 

b axis for the sulfide, altered, and mineralized areas. The surface projection of the 

mineralized ore deposit is based on the Cu >0.1% total copper contour of the ore, 
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the alteration area consists of any secondary mineral assemblage associated with the 

deposit, and the sulfide area is based upon the > 2% pyrite contour (Singer pers. 

comm., 1993). The maximum length in the horizontal plane is the a-axis with a 

perpendicular line at the maximum width set equal to the b-axis. Singer (pers. 

comm., 1993) acknowledges that this method may not account for deposits 

characterized by embayments but across the data set tends to average out irregular 

shapes. 

Area of Mineralization 

Fifteen porphyry copper deposits within Arizona, New Mexico, and northern 

Sonora have the area of mineralization reported in the data set. For these deposits 

linear and non-linear regressions of the dependent variable (tonnage) on surface area 

were estimated. A consideration with these simple regressions is whether to force 

the least squares fit line through 7..ero or to include a constant. The inclusion of a Y

intercept in the regression permits the unlikely situation where tonnage is reduced to 

zero but a small surface area equal to the constant remains. Interestingly, the best fit 

regression line is for a simple linear model including a constant: 

Area (m2) =508235+0. 00042 * tonnage (5.1) 

The lengths of the (a) and (h) deposit axes vary greatly across the deposits. 

Attempts to estimate the horizontal axes by regression and correlation analysis 

produce statistically insignificant results. Instead, a simple average of the major to 

minor axis yields a ratio of 2.49. Lastly, recognizing the elliptical shape of the 

surface projection of these deposits, the area (m2) is related to the axes lengths by 

the simple relationship: area = a-ben, where a and b are one half the (a) and (b) 

axes. For a representative deposit having 400 million tons of ore the corresponding 

surface area is: 



Surface area=508235+0. 00042* tonnage 
=508235+0.00042*400~06 
=676,235 m2 

Knowing that area = a· b • :r and a = 2.058· b, then: 

b-axis= (676235/ (2.0587 *3.142) ) 1/2*2 
=646.66m 

Employing a = 2.058 b; 

Area of Alteration 

a-axis=2.0587*646.66 
=1331.29m 
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(5.2) 

(5.3) 

(5.4) 

The procedure for estimating a deposits' area of alteration is the same as for 

the area of mineralization above. Using seven deposits for which areas of alteration 

have been reported, the relationships of altered area to tonnage was estimated by 

regression analysis yielding equation 5.5. 

alter.area=-l.l ~06+ 0.02461*tonnage R2=0.944 (5.5) 

Referring to our representative deposit having 400 million tons of ore, the estimated 

altered surface area is 8,744,000 m2
• 

altered area=-l.l X10 6 + 0.02461*400 X10 6 

= 8,744,000 m2 (5.6) 

Statistical analysis revealed that on average a-axis = (1.36 • b-axis). For an altered 

area of 8,744,000 m2
, the b-axis is on average 2861 m, and the a-axis is 3890 m: 



b-axis= (8744000/ (1. 36.3.142) ) 1/2.2 
=2861 m 

a-axis=1.36.2861 
=3890 m 

ESTIMATING THE THIRD DIMENSION - ORE THICKNESS 

Acid Soluble Ore 
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(5.7) 

The above presentation for estimating surface areas was simplified to 

introduce some key concepts. Although the procedure is correct, the reported 

regression estimations are for data generated from the original set. The Singer and 

Mosier (1981) estimates of surface area for mineralization are made using a Cu > 

0.1 % contour interval. This may not be a good a priori boundary for our 

objective, establishing the relationship of ore tonnage to surface area of 

mineralization. The reason is simple, tonnage estimates are based on economic 

considerations whose relationship to the Cu . 0.1 % boundary is not clear. It is 

possible that the estimated surface areas may be either too large or small for the 

corresponding tonnages of ore. Over-estimating the surface area reduces the deposit 

thickness impacting mining cost analysis (a reduction) in the NPV sub-module. 

Under-estimating the surface area forces more tonnage into the third dimension 

(thickness) causing an increase in the mining cost. 

If there existed some geological metric that constrains the deposit in one 

dimension, then the entire shape/volume of the deposit could be calibrated. Within 

the compilation study of Appendix B is a section entitled Morphology of the 

Supergene Zones in Selected Deposits of Arizona. The summary statistics for the 

oxide and supergene blanket suggested a total maximum depth of approximately 

1000' (305.47 m). If we discard the 'strong' assumption that the ore coincides with 

the Cu >0.1 % contour, in favor of the 'weak' assumption (observation) that the 

oxide zone is not reported deeper than 305.4 m, there exists a metric to calibrate the 

relationship of tonnage to surface area. Assume that the larger deposits, measured in 

tons, have the thickest oxide caps. Constraining the largest deposit to a vertical 
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thickness of 305.4 m revises the surface area, and in tum, the a and b axes. By 

way of a demonstration, observe the changes in the dimensions of a large 750 million 

ton deposit of acid soluble ore: 

• estimated surface area using the Singer and Mosier (1981) data = 1,575,624 m 2 

B-axis = 987.09 m using the simple linear regression function 

A-axis = 2032.12 m " " 

C-axis = 161.71 m tonnage/surface area 

• increasing the maximum possible oxide cap and chalcocite blanket thickness 

to 1000' (305.4 m) we obtain: 

revised C-axis = 305.4 m 

revised surface area = 825115 m 

revised B-axis = 714.3 m 

revised A-axis = 1470.6 m 

These changes address the concern that deposit thickness, using the estimated linear 

relationship, is under-estimated because of an over-estimation of the surface area. 

For a range of deposits from 10 million to 750 million tons, the adjusted surface 

areas are estimated and the regression estimations presented above are made on this 

'calibrated' data. 

Sulfide Ore 

A visual examination of deposit cross sections presented in Titley (1966) and 

Titley et a1. (1989) suggest that: 1) the acid soluble ore generally overlies the 

original sulfide mineralization; 2) there has been a limited diffusion of oxide copper 

mineralogy into the country rock away from the original sulfide envelope; and 3) the 

deposit shape of an elliptical cylinder has been retained after the oxidation of sulfide 

minerals. These observations are important in defining the surface area projection 

of the sulfide ore as being equal to that of the over-lying acid soluble ore. The 

importance of deposit morphology is elaborated on in the estimation of ore deposit 

stripping ratios in Chapter Eight. 
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PROSPECTING FOR PORPHYRY COPPER DEPOSITS 

INDICATOR PATIERNS IN SOME KNOWN PORPHYRY COPPER CAMPS 

Jerome (1966), in a review of many of the porphyry copper deposits known to 

exist in Arizona, notes that a variety of lithologies and environments are present. He 

suggests that stratigraphic conditions are not prime determinants in a regional sense 

in positioning porphyry copper districts, although in a local sense stratigraphy does 

influence the disposition of both primary and secondary mineralization. Titley (pers. 

comm., 1992) does, however, emphasize that volcanic rocks must be present locally 

in some quantity for the formation of the deposit. He also emphasizes that coeval 

intrusions in the volcanic rocks are common and necessary. Furthermore, although 

not a general rule, nearly all porphyry camps contain some quantity of brecciated 

rock. Creasy (1966) in a table of the association of copper mineralization with the 

various rock assemblages demonstrates that copper ore does not accompany propylitic 

alteration and is only associated with argillic, quartz-sericite, and potassic alteration 

types. He notes that the content of hypogene copper seems to be significantly higher 

in the potassic alteration than in the other two. Likewise, in a study of host rocks 

and corresponding alteration types for nine major camps, there is a fairly consistent 

sulphide/oxide copper mineralogy in light of the variety of alteration silicates and 

carbonates (Creasy, 1966). 

GEOCHEMICAL SENSING SURVEYS 

Bloom (1966), has described chemical prospecting for porphyry copper 

deposits in the western United States using rocks, soils, vegetation, and water. For 

each of the media the average concentration of a particular element is determined and 

taken as background. Given a variety of geological and physical environments only 

generalities will be discussed here. High copper values in soils can range from 320 to 

9,000 ppm but generally average at 31 ppm. Using the Ray mine as an example, the 

pyrite mineralization halo contains 114 ppm Cu whereas the ore cap contains up to 

647 ppm copper. In an alluvium rich area such as southern Arizona care must be 

taken to determine those anomalies thought to be local to a deposit and those 
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traceable to more distant sources. Water sampling relies upon the mobility of Cu+2, 

determined by the ph and Eh conditions. In arid environments the ground waters 

become alkaline, restricting copper movement and precipitating out as sulfates. In 

the region around the Pima deposit alkaline ground waters carry Cu+2 a distance of 

2-3 miles. The calcareous cement on the bottom of the streams assays > 1,000 

ppm. By comparison molybdenum can be traced in the same stream for 8 miles. 

Molybdenum is, however, complicated by changing thermodynamic states under 

changing oxidation/reducing conditions. In the presence of Fe+3 in acid waters, or 

Ca+2 in neutral waters insoluble ferrimolybdite and poweJJite fonn. The solubility 

of molybdenum varies over the ph range as natura]]y occurring anions and organic 

substances can fonn mobile complexes of unknown composition. 

Rhenium has a similar chemical property and ionic radii as molybdenum and, 

therefore, has an association in the porphyry copper deposits. It tends not to fonn 

insoluble secondary deposits and can be a pathfinder in copper exploration. The 

Mo:Re ratio in molybdenite ranges from 6,500:1 to 116,000:1 but in water is 

reduced to 500: 1 to 1,200: 1 respectively. This is a concentration of 13 to 97 times 

and therefore is a very good exploration pathfinder. 

GEOPHYSICAL SENSING SURVEYS 

Magnetic sensing is the preferred regional, geophysical prospecting tool in the 

search for porphyry copper deposits. The utility of this technology results from a 

magnetic susceptibility contrast of the Laramide intrusive bodies with the surrounding 

host rocks (Brandt, 1966). The Arizona Laramide stocks are only weakly magnetic 

averaging 500xlO·6 c.g.s. units and are frequently in a background of older schist, 

granite, diabase, and basic volcanic rocks with k-factors from I,OOO-5,OOOxlO-6. 

Post Laramide intrusive stocks contain up to one half of a percent magnetite and thus 

have a magnetic signature ranging from K=I,OOO - 3,OOOxlO-6. Identification of the 

intrusive stock is often difficult as Tertiary and Cretaceous volcanic flows of basalt 

cap the deposits with a strong magnetic high. 
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When a favorable prospecting area has been identified by the airborne 

magnetic survey, a more detailed ground follow up is conducted. Generally ground 

surveys consist of closely spaced lines of magnetic and induced polarization readings. 

As magnetic surveys measure a passive field they do not directly detect the presence 

of a deposit, and the user of the survey may only draw inference from the 

interpretation. The Induced Polari7.ation (IP) system, however, is capable of direct 

detection of disseminated sulphide mineralization. Thus porphyry deposits of 

chalcopyrite, bornite, pyrite, pyrrhotite, arsenopyrite, and molybdenite can be 

detected by this survey. Generally oxide minerals and coatings do not respond to IP 

and can render inactive a sulfide core. The exceptions are iron (FeOz) and 

manganese (MnOz) that respond as pyrolusite and magnetite. Native graphite will 

display a moderate response to induced polarization as will day-mica minerals, with 

a charged basal lattice surface. Montmorillonite and vermiculite are examples of the 

latter. In strong contrast kaolins, chlorite, muscovite, biotite, and talc are not 

anomalous. 

In IP, all rock types respond to some degree to an average response of one 

percent pyrite mineralization. Older rocks, characterized by alteration, have a higher 

background. Likewise coarse crystalline rocks have a higher response than 

sedimentary rocks due to greater crystal irregularity and permeability (Brandt, 1966). 

The IP effect changes little with resistivity except for very low permeable and very 

high dense rocks. There is a noticeable change in response for sulfides based upon 

granularity. Coarse grained sulfides respond at 10xl0-3 per volume percent whereas 

fine grained sulfides will average 1O-20xlO-3 in porphyrys, going as high as 50xlO-3
• 

Although not considered in the prototype of the exploration model a comment 

should be made regarding the use of electromagnetic methods. In the search for 

porphyry copper deposits this method is confined to exploration for associated 

massive sulphide or interconnected sulfides. Although not an uncommon feature to 

some of the porphyry deposits in Arizona, electromagnetics is not a commonly 

applied technique (Sumner, pers. com.). The maximum depth of exploration with 

these systems is 400 feet except under ideal conditions. Electro-magnetic surveys 
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are, therefore, generally restricted to skarn-type porphyry copper deposits which do 

not always contain sufficient sulphide stringers to respond (Brandt, 1966). 



CHAPTER SIX 
GEOMORPHOLOGY OF THE PORPHYRY COPPER 

ENVIRONMENT 

PERSPECTIVE 
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DISCOVERY is specially designed for adaptation to a Geographic 

Information System where geoscientific observations have spatial attributes. If 

DISCOVERY is to accurately replicate porphyry copper exploration then 

consideration must be given to the morphology of the terrain. The probability of 

discovering a deposit is not independent of the terrain in which it occurs. A 

hidden deposit, the intended target of the system, may have local exposures of 

bedrock that provide the valuable clues in geological and geochemical surveys. The 

closer these exposures are to the target, the higher the probability for discovery. 

The probability for deposit detection curves in Chapter Seven are for a reference 

deposit having a large surface exposure. If depth is increased and bedrock 

exposures are moved away from the deposit then these curves can be revised to 

express the combined effects of depth and geographic proximity on exploration 

technology and geologic inference. In order to model actual exploration 

experience, a study can be made of the size, age and spatial distribution of bedrock 

exposures to create a realistic setting for exploring for hidden deposits. 

With this in mind a study is needed to define the morphological 

characteristics of the intended search area. This study should capture the size, age 



and spatial distribution of bedrock exposures to create a realistic setting when 

exploring for hidden deposits. 

THE BASIN AND RANGE PROVINCE 
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Arizona porphyry copper deposits occur in host rocks ranging from 

Proterozoic to Mesozoic age. With the exception of Bisbee, these deposits are 

associated with numerous small plutons and dike swanns emplaced to shallow 

crustal levels in a period of crustal compression during the Laramide orogeny, 74-

56 Ma ago (Titley et aI., 1989). Post emplacement of the ore, extensional faulting 

of the crust around 35 Ma resulted in basin and range topography. Subsequent 

erosional down-cutting of ranges has transported thick blankets of alluvial sand and 

gravel into basins, covering much of the prospective ground for porphyry copper 

exploration. 

Geomorphological studies provide infonnation on: 1) the thickness of the 

overburden; 2) indications of the underlying stratigraphy; and 3) transportation of 

the detrital and water-borne material. Basins of limited bedrock exposure 

constitute some of the more favorable prospecting areas, and the mapping 

pediment areas may lead to hidden deposits. It is also common to search the 

desert floor, looking for small unobtrusive bedrock exposures that may indicate the 

presence of prospective ground hidden nearby. Two deposits, Mission and Casa 

Grande West, were discovered from solitary outcrops bearing indications of 

mineralization. 

QUANTIFYING BASIN GEOMORPHOLOGY 

PERSPECfIVE 

Consider a tract of land characterized by pediment and small isolated 

bedrock exposures. If either the ore deposit or the surrounding alteration halo has a 

large bedrock exposure, then discovery is highly probable. If however, these 

windows of bedrock exposure are sufficiently small, deposit discovery is dependent 

on first 'discovering' the exposure and then inferring the presence of the deposit. 
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Given a window of exposure of size w, let ~ be the probability that the 

window will be detected by exploration technology or,. For every combination of 

window size wand exploration intensity lor there is a different probability ~. 

Represent this by defining k to be the value probability function fr< ): 

(6.1) 

Given window size of w at a distance d from the deposit halo, let I. be the 

probability that the presence of the deposit would be correctly inferred by 

technology or, given deposit occurrence D: 

(6.2) 

As a simplification, consider that so long as the window of exposure is larger than 

some minimum, wo, that I. is invariant with w. Then for each exploration survey 

technology or, there is a curve for detection: 

(6.3) 

where Wo is the minimum threshold of window size. This basic conceptual model 

(6.3) is used for each exploration technology to generate a curve that describes the 

probability of correctly inferring the presence of the deposit, given a bedrock 

exposure at distance d from the deposit itself. 

The probability for deposit discovery is the probability for the joint 

occurrence of the events "window detection" and correct inference as to "deposit 

detection" conditional upon window detection. Letting j. be the probability for 

deposit detection, it can be written as the product of the conditional and marginal 

probabilities: 

(6.4) 

Alternatively, 
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(6.5) 

Probability function 0.( ) is used directly in DISCOVERY by emulating the 

function on the values of d and w for every one of the windows that are seeded and 

by intensity I of the technology. Thus, given 1" and I, for each window, a 

probability for detection is generated. Discovery is simulated when that probability 

exceeds a randomly generated probability, i.e. rectangularly distributed on the 

interval [0,1]. 

Of course the use of 0.( ) to simulate discovery requires first that the 

windows be seeded. Let yen) be the probability distribution for number of 

windows, n. Then: 

n 

F(n) = L y (m) 
m-O 

(6.6) 

is the probability distribution function, i.e. cumulative probability, such that peN ~ 

n) = F(n). Then, n = F-I (r) where r is a random number on the interval of [0,1]. 

Thus, the number of windows is determined by randomly sampling of F(n). 

Given the simulation outcome of n windows, each of these is given a size by 

sampling the pdf for window size. Suppose that the logarithm of w is normally 

distributed with parameter llw and 0 '01

2 : 

InW- N( uW ' a;) (6.7) 

Letting: 

(6.8) 

represent the cumulative probabilities for the standard unit normal, a value for 

window size is obtained by randomly drawing a number (r) on the interval [0,1] 

and evaluating FI(r): 
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w =exp (u,..+awf'-l (X) ) (6.9) 

Repeating this sampling n times simulates a sample of size n of window sizes. 

Those are the windows that are evaluated by Or ( ) for deposit detection. 

GEOMORPHOLOGY OF THE WEST SILVERBELL DISTRICf 

A study area across nine 7.5' topographic sheets was selected west of the Silverbell 

range to determine the distributions for number of exposures (n) and window si7£ 

(w) (Figure 6.1). This area typifies prospective exploration ground in southern 

Arizona and is notably different from the transition zone towards the Colorado 

Plateau, where larger ranges dominate the topography. In those eastern regions 

there are fewer small, isolated exposures because of greater relief on the ranges 

I L I- t -~ --

North Silver Reef Greene N 
Komelick Mtns., SE Resevoir I I 

~- ---~------ ----~~---- ----~----- -

Santa Rosa Santa Rosa Gap 
NW NE Tank I - ~~ -~-- - -.~~- --

I Santa Rosa Santa Rosa Queens 
SW SE Well 

-~~ -~-- .. ------ ------- ---

Figure 6.1: A schematic of the 71/2' topographic maps used to define the study 
area west of Tucson. 

and deeper burial of the basin blocks (Chase, pers. comm., 1993). 

In the study area, elongate ridges are accompanied by inselbergs, small 

islands of rock whose perimeter can be walked unencumbered by adjoining ridges. 

The major and minor axes of these small exposures can be measured using the 7.5' 
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topographic sheets and their surface area estimated. The sample population 

represented by observing the smallest exposures is partially truncated by the scale 

of the maps. Prof. C. Chase, Department of Geoscience at the University of 

Arizona, states that for topographic maps having 40 ft. contour intervals, 

inselbergs of dimensions < 50 x 50 m may be suspect and their numbers may be 

overestimated. This results from small 'pinpoint' topographic highs where it is 

questionable whether they are associated with bedrock exposures At these smaller 

dimensions the characteristic elongate shape is lost and counting of inselbergs is 

more difficult. But there is also an underestimation effect in counting inselbergs as 

elevation contour intervals also truncate a percentage of the population whose size 

is just under the sensitivity of the map scale. Both over and under estimation of 

the population of inselbergs can be reduced using areal photographs that 

demonstrate a contrast in hue of the bedrock with the surrounding area. Prof. 

Chase notes that across nine map sheets over/under estimation problems tend to 

average out. 

SAMPLING RESULTS 

For each map sheet the bedrock exposures are counted and the 

corresponding surface areas are rank ordered. Simple frequency distributions 

indicate the sample population is divided naturally into two groups: 1) the ambient 

pediment population are those exposures having a long axis > 150 m ranging up to 

kilometers in total length; and 2) the point exposures are the family of small 

inselbergs with a long axis < 150 m. For each group the frequency distribution 

exhibits a strong skew to the right hand tail and can statistically be described by a 

lognormal distribution. The parameters of the sample populations are summarized 

in Table 6.1. 

The size distributions for bedrock exposures have some properties that 

become very important in copper exploration. The larger exposures are pediment 

surfaces in the toes of large northwest trending ranges. These exposures cluster 

along the western edge of the ranges, and historically have been mapped for 



indications of possible mineralization in the subsurface near to the range. The 

panel of porphyry copper exploration experts used in the construction of 

DISCOVERY, referred to several mapping programs conducted to search for 

small exposures < 150 m long axis 
X = X~2= S= S .... 2 = Mu = 0= 

4944.98 2.4E+07 3260.9 l.1E+07 8.3256 0.3611 

large exposures > 150 m long axis 
X = X~2= S= SA2 = Mu = 0= 

1343965 1.8E+ 12 4550083 2.1E+13 12.84972.5227 

Number of In:'lelbere 
Sheet Greene Gap Tank Silver Reef St. Rosa NE St. Rosa NW 
# 22 6 14 16 6 

Sheet N. Komelik Q!!eens Well St. Rosa SE St. Rosa SW 
# 69 6 31 21 

Average = 21.22. std. dev. = 18.72 Mu = 2.767. 0 = 0.57516 

Table 6.1: The parameters of the sample populations for pediment and insclberg 
exposures. 

mineralization offof range fronts. 
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It is the population of smaller, inselberg exposures that becomes of interest 

to mineral exploration for deposits hidden in the center of basins. Inselbergs 

provide clues on the composition, alteration, and mineralization of the concealed 

bedrock, an inexpensive exploration sampling tool. In the west Silverbell area these 

exposures do not cluster along range fronts, but rather are more evenly distributed 

in the eastern portion of each basin. In the western portion of the basin there is a 

sparsity of inselbergs, suggesting greater depth to the bedrock surface. As this 

group has a size ranging from 50 - 250 meters there is an implication to mineral 

exploration. Recall that so long as the window exposure is larger than some 

minimum, W o, the probability that the presence of the deposit would be correctly 



inferred by a sensing technology (1"), is invariant with size. Thus, whether the 

inselberg is 100 or 175 meters long becomes inconsequential relative to its 

importance in occurring in the search area. 

112 
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DISTRIBUTION OF BEDROCK EXPOSURE BY AGE 

To ascertain the distribution of bedrock exposure by age, bedrock outcrop 

maps produced by the Arizona Department of Mines at a scale of 1:1,000,000 can 

be employed (Forrester, 1962; Keith, 1984). 

For the representative study area west of the Silverbell Mountains the 

surface areas of bedrock 

exposures are estimated, 

but this time classified by 

age. The results 

summarized in Table 6.2 

indicate that Laramide 

age rocks constitute 

nearly 39.4 percent of the 

exposed bedrock surface. 

Age of 

Bedrock Exposures 

PreCambrian 
Paleozoic and Mesozoic 

Total PreLaramide 

Laramide 
Tertiary and Quaternary 

Percentage 

3.6 
28.2 

31.8 

39.4 
28.8 

Table 6.2: Distribution of host rock type within the study 
area by age. 

USE OF GEOMORPHOLOGICAL DATA IN DISCOVERY 

Knowing the distribution for size and number of small bedrock exposures, 

DISCOVERY may replicate the environment in exploration modelling. The first 

step is to seed into the 100 x 100 km search area the porphyry copper deposit. 

Two independent random samples from a uniform distribution are assigned as x and 

y co-ordinates respectively. Next, the number of inselbergs is assigned by random 

sampling of the lognormal distribution defined in Table 6.1 above. Each inselberg 

is assigned x and y coordinates by independent random samples from a uniform 

distribution. 

Knowing the coordinates of the seeded bedrock exposures a routine is 

employed to estimate the smallest distance to the deposit. This routine must first 

employ a nearest-neighbor algorithm to determine the closest exposure and then 
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subtract a measure equal to the distance from the center of the deposit to the outer 

limit of the alteration halo. The resulting distance is a measure of the nearest 

exposure away from the deposit itself. Should an exposure be seeded on top the 

deposit or halo the distance is set to zero, however, given the large search area and 

relatively few number of exposures, this is a rare event. A requirement of this 

spatial routine is to estimate, for every deposit seeded in the system, the 

corresponding surface area and axes lengths. Once the distance to the nearest 

exposure is estimated, the program modifies the probability for detection by 

adjusting the weights given to each of the features seeded with the deposit. The 

rationale for this adjustment is that features considered to be 'local' to the deposit 

become less imponant pathfinders if the nearest exposure is at a distance so large as 

to preclude its occurrence in the exposure. A full account of this adjustment is 

presented in Chapter Ten. 



PERSPECTIVE 

CHAPTER SEVEN 
PORPHYRY COPPER EXPLORATION 
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The detection of mineral deposits results from comprehensive exploration 

programs characterized by large capital expenditures over long periods of time. 

The common strategy is to begin with large tracts of land and reconnaissance-scale 

surveys. The search area is progressively reduced as prospective targets are 

identified for more detailed examination (Harris, 1990). This area-reduction 

strategy permits evaluation of large areas increasing the likelihood for a potential 

porphyry copper mineralization. The explorationist, must continually match the 

cost savings of reducing the size of the search area with a reduced likelihood that 

the selected ground contains a deposit. As the area is continually reduced the 

likelihood for the deposit to occur in the smaller area is lessened. 

Interpretation of geological observations is seldom guided by chance. More 

often, explorationists have a model to which they search for supporting evidence. 

If the observation is favorable then he may continue to collect that type of 

information or, instead, seek out new observations to support some other part of the 

model. Observations may be gathered using simple visual clues, sensing some 

physical/chemical property, or simply inferring it from the presence of an 

associated phenomena. 

It is a common exploration practice to employ survey technologies that are 

deliberately discriminatory in favor of certain geological phenomena. These 

surveys can systematically search an area for evidence that will allow the 
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explorationist to correctly infer the presence of the deposit - - when the deposit is 

there. Likewise, these surveys should allow the expert to discount observations that 

falsely suggest the presence of a deposit - - when it is not there. 

Thus, exploration is a search activity where failure can come from two 

sources: I) if the deposit is so well hidden that it does not reveal itself to the 

surveys, and II) if the observations lead to a favorable interpretation when no 

deposit is present. These sources of failure are commonly referred to as type I and 

II errors respectively. 

For these reasons the expert relies on surveys for which he has expertise in 

correctly interpreting the observations. The value of information provided by a 

survey can be measured by the reduction in the losses that result from the 

likelihood for type I and II errors. Because of the potential for these errors, survey 

selection is not arbitrary. Instinctively, one is tempted to opt for those surveys that 

provide the most information, often resulting from the closest sampling intensity. 

But, because survey cost increases with sampling intensity this may not be an 

optimal strategy. There is, however, a survey density that, although not optimal in 

maximizing the amount of information, is optimal in minimizing the expected loss 

through misinterpreting the observations. Many explorationists implement this 

strategy, either heuristically or formally. 

Often managers select survey types that will yield data allowing them to look 

for key principal features consistent with a deposit model. Observing the presence 

of these important features allows the explorationist to infer the presence of the 

deposit. The importance of principal recognition criteria to exploration cannot be 

over stated; they are part of the cognitive reasoning forming the link between 

geology and search processes. In this chapter principal recognition criteria are the 

window through which DISCOVERY leads the expert from geologic reasoning into 

probability science. 
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EXPLORATION STATISTICS 

To effectively model exploration. estimates are needed of: 1) cost; 2) search 

areas; and 3) time requirements. The Office of Technology Assessment (OTA. 

1978) provided a compilation of exploration activity by stages for the porphyry 

Stage I: Regional appraisal 
Geologic compilation from files. maps and literature. 
Photogeology. remote sensing. air investigations. 

Stage II: Reconnaissance 
Geological. geochemical. geophysical sampling 
Stratigraphic drilling. laboratory analysis. 

Stage III: Detailed surface investigations 
Detailed geological. geochemical, geophysical investigations. 

Stage IV:Detailed three dimensional sampling 
Drilling, trenching, pitting, shaft sinking 
Bulk sampling 
Feasibility and evaluation studies. 

Table 7.1: The four stages of Exploration activity (OTA. 1978). 

copper industry. For each of these stages, as defined in Table 7.1, the average 

level of activity for the year 1977 is reported in terms of exploration expenditures. 

These values are inflation adjusted to 1992 dollars and presented in Table 7.2. But, 

Low Average High 

Stage I 1710 42750 1085850 

Stage II 3420 140220 2565000 

Stage III 3420 210330 2223000 

Sta2e IV 39330 2565000 2.7 x101 

Table 7.2: Expenditures in exploration by stage, adjusted to $1992 (OTA. 1978). 

are historical cost estimates from 1976 really that useful to a study in 1993 ? Yes, a 



concern of this study was the 'copper crash' of the 1980's, a time of industry 

downsizing and cost cutting characterized by very low levels of exploration. 

Exploration statistics from this decade are markedly different from others. The 

OTA (1976) data, although not verified statistically, is more similar to current 

levels of exploration activity. 
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The cost estimates by stage exhibit a strong skew to the right hand tail, and 

can be statistically modelled using a lognormal distribution. Having only three data 

points, the high medium and low estimates, requires a special distribution fitting 

technique. The sample mean (Xbar) is held constant while the sample variance (S) 

is adjusted using a multiplier of the mean. As seen in Table 7.3, the iterations 

Xbar S P (J 

S=X 42750 42750 10.31 0.693 
S=1.5X 42750 64125 10.07 1.1785 
S=1.65X 42750 70537.5 10.00 1.3145 
S=1.75X 42750 74812.5 9.962 1.4017 
S=1.85X 42750 79087.5 9.919 1.4867 
S=2.0X 42750 85500 9.858 1.6094 

Table 7.3: Estimating the parameters of the lognormal for Stage I. 

produce a family of variance estimates that permit the estimation of the parameters 

of the lognormal distribution (p,(J) for each pair of (Xbar, S). Each pair of 

estimates represents a possible distribution to describe the activity level for that 

stage. The potential distributions are randomly sampled 100 times and the number 

of estimates that exceed the high value. in Table 7.2 for that stage, are recorded. 

The parameter estimates (p;, (J) whose distribution falls coincident with the three 

data points but does not exceed the high estimate more than one in one hundred 

samples is selected. The parameter estimates selected for each stage of exploration 

activity are presented in Table 7.4. 



Stage I 
Mu 9.762063 
Sigma 1.802122 

Stage II 
10.94991 
1.70212 

Stage III 
11.45171 
1.609438 

Stage IV 
13.85641 
1.802122 

Table 7.4: Selectcd parametcrs of the lognormal distribution 
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This table contains important statistics that were first introduced in the 

conceptual model of Chapter Three; the expectation for discovery cost. As reported 

here the costs are for stages II and 111, corresponding to the regional and local 

exploration activities defined in the DISCOVERY model. For each stage we now 

have the variable C, as used in the payoff and loss tables; namely the expected cost 

leading to discovery of the halo and deposit. In Chapter Three the payoff table was 

defined to have the general structure: 

i!1 (explore) 

a2 (aband.) 

!l1 

p. [V + ~_11D C,(1+r)'- [pO(61 / P(61)]VO] - ~_I·C, 

o 
where the exploration expenditures are recouped in future cash flows resulting from 

production. Until now, the term C, has been purposefully undefined. Knowing the 

expectation for cost in regional and local exploration, we have proxy costs for 

combinations of surveys that could be employed in the search process. So long as 

the OTA summary statistics represent a diverse set of exploration programs, they 

are suitable proxies for Ct. 

What is not yet known is the opportunity cost of expending dollars during 

stages II and III of exploration. To estimate this cost we must define variable t. the 

time spent during each activity and the time required to realize a positive cash flow 

from the potential discovery. Fortunately, the OTA study also reports the low. 

average, and high estimates of time spent by stage of activity. These estimates 

were reviewed and adjusted using expert opinion to be consistent with exploration 

practices in the 1990's. Figure 7.1 depicts the time line used in DISCOVERY. The 



Stage I: Stage II : Stage III : 
I I I 

I 

Preproduction 
Stage IV I Stripping 

.---.----------~------~r----------~---------

o 0.5 
Begin 
Exploration 

2.0 3.5 

Years 

Figure 7.1: The time line used in DISCOVERY. 

6.0 8.0 
Begin 
Production 

regional and local exploration require, on average, 3 years to complete. 

According to the time line it is 6 years before the regional costs are recouped 

through production revenue and 4.5 years to recapture the local costs. 
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THE OPPORTUNITY COST ON REGIONAL AND LOCAL EXPLORATION 

As a simple example, consider that the expectation for regional exploration 

cost is $1.4022 x lOs ($1992). Calculating the future value of this money in 6 

years requires an estimate of discount rate r'. But, what is a suitable discount rate 

for money expended in mineral exploration? Cenainly r' should cover the cost to 

the firm of attaining the capital. Likewise, if the money is being used to fund 

grass-roots exploration it is at risk and r' should capture this risk. If the firm is 

exploring in Arizona there may also be extraneous risks associated with 

environmental costs, new regulations, changing land-use policy and a host of 

taxation issues. Thus, r' should be large enough so that the opponunity cost on 

expenditures reflects the high risk of mineral exploration. 

Without the benefit of a risk analysis it is difficult to approximate r'. Using 

the current interest rate as a guide a heuristic estimate of r' places its value around 

20%. This is a very coarse approximation of its value when such intangible factors 

as environmental cost are trying to be included. Cenainly, better estimates of r' 

would lead to better estimates of opponunity cost. 
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Now let us return to our expected cost of regional exploration ($1.4022 x 

lOs). Using a discount rate of 20% we have an opportunity cost of: 

qpp.Cost=$1.4022~05[F/p,I,n1 
=$1. 4022x10s.2. 986 
=$4 .187 ~Os 

(7.1) 

But, suppose that we wish to include a regional drilling program to ensure that the 

halo of the deposit is indeed discovered before proceeding to local exploration 

(drilling is discussed in detail in Chapter Nine). If we set the regional drilling 

equal to some arbitrary number1
, for example $4.62963 x 106

, then it too has a 

future value equal to $1.3824 101
• Thus, the opportunity cost of the regional 

program is the sum of the expected survey and drilling costs, $1.4243 x 101
• 

Similar the opportunity cost for local exploration using an expected survey cost = 
$2.1033 x lOs ($4.6273 x lOs future value) and drilling equal to $2.7551 x 106 

($6.0612 X 106 future value) is $6.5239 x 10 6
• These numbers are summarized in 

Table 7.5 below. 

Finally, there is a correlation of expenditures between stages that is not 

easily incorporated into the model. Although companies rarely exhibit erratic levels 

of spending they do adjust for the favorability of the prospect. Experimenting with 

correlation between the stages did not produce models superior to those from 

independent sampling. Certainly, companies will make expenditure adjustments to 

reflect the information gain from stage to stage. The complexity in accounting for 

these shifts in expenditures between stages is beyond the scope of this study. 

lThis approximation to the regional drilling cost is not really as arbitrary as 
suggested. Reading ahead to Chapter Nine reveals that this is the optimum expenditure on 
regional drilling when all possible size classes of deposits and expectations for net present 
value are considered. Furthermore, in this estimate reward (V) has been discounted for the 
probability of detection and the probability that the undiscovered deposit falls within the 
region being drilled. 



OT A exploration costs 
Regional $1.40220 x lOs 
Local $2.10330 x lOS 

Drilling Costs 
Regional $4.6293 x 106 

Local $2.7551 x 106 

1: C, 
Regional 
Local 

$4.7699 X 106 

$2.9654 X 106 

future value in 6 years 
future value in 4.5 years 

future value in 6 years 
future value in 4.5 years 

future value in 6 years 
future value in 4.5 years 
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$4.187 x lOS 
$4.627 x lOs 

$1.3824 X 107 

$6.0612 X 106 

$1.4243 X 107 

$6.5239 X 106 

Table 7.5: Estimating the opportunity cost of expending money on regional and 
local exploration programs. A discount rate of r' = 20% is used to estimate future 
values. 
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THE DISCOVERY EXPLORATION MODEL 

Six different exploration survey technologies have been sclected by the panel 

for Discovery's initial development. Three surveys are suited to covering large 

study areas in regional (district) evaluation, and three are suited to coverage of local 

areas. The selected surveys and sampling intensities are: 

Regional Surveys 

Geological mapping 

Geochemical sampling 

Aeromagnetic surveying 

Local Surveys 

Geological mapping 

Geochemical sampling 

Induced Polarization 

1 :64,000 scale 

1 :24,000 scale 

1:64,000 scale 

1 :24,000 scale 

1 mile flight line spacing 

112 mile flight line spacing 

114 mile flight line spacing 

1" = 1000' 

1" = 500' 

1" = 200' 

1" = 1000' 

1" = 500' 

1" = 200' 

2500' line spacing 

1000' line spacing 

500' line spacing 

Initially, regional geological mapping and geochemical sampling included 

1:250,000 scales. Thesc were subsequently removed by the panel, as representing 

office compilation studies rather than field surveys. Likewise, the use of the term 

regional to describe geological/geochemical prospecting at 1:64,000 and 1:24,000 



scales is purely semantic. Some panelists prefer to denote these scales as more 

transitional towards the local surveys. 

EXPLORATION COST DATA 
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General cost estimates for the six surveys are provided by the panel in Table 

7.6, right-hand column. These estimates are per-unit-area costs, reponed for the 

search area most commonly used with the survey (second column from the left). 

As such, these costs must be adjusted for the following exploration program 

parameters: 

• regional geology, geochemistry and aeromagnetic surveys search an area 100 x 

100 km 

• local geology, geochemistry and IP search an area 10 x 10 km. 

The adjusted costs are reponed in the right column in parentheses. The search 

areas are elaborated upon Cunher in the discussion of the drilling sub-model in 

Chapter Nine. All estimates include extraneous charges for 

mobilization/demobilization of equipment, labor, laboratory analysis, data 

interpretation, and incidental charges common in Arizona. As cost varies with 

many factors specific to a mineral prospect, these costs should be treated as 

'generalized best estimates' and should not be misconstrued as industry averages. 

Likewise, the Total Cost column has been rounded to reflect the inaccuracy of the 

estimates. 



125 

LCaL.OU." MAG 
Fixed cost: Mob/Demob charge of $2.50/line mile return Salt Lake - Tucson Area 

1300 miles x 2.50 = $3250 

Line Coverage Acquis. Proc. # of Total 
Spacing in Km Cost Cost line Cost 

/ line mi. / line mi. miles incl. mobiliz. 

1 mile 
1/2 mile 
1/4 mile 

IP 

100 x 100 120 
50 x 100 20 
50 x 50 20 

2500 '1000 'a 5 x 5 1850 
1000' 5OO'a 2.5 x 5 1000 
500' w O'a 2.5 x 2.5 1500 

GEOLOGY 

j~88 ig~:~8 ($193,700) 
3600 $97,200 ($388,800) 

$550 25.5 $42:775 342:200 $400 21 $26 250 ~1105 OOO~ 
$750 25.5 $60,625 970,000 

Fixed items: Salary $250/day, Field per diem $50/daYl 
Vehicle $1000/month, 

20 days worked per month, field cost inc udes 100 samples/man 
month geochem. 

Scale Coverage 
in Km 

Man Field Analyses 
Cost Mos. Cost 

Regional Surveys 

1:250,000 100 x 100 8 Lab $40000 2000 -
EX~.$88000 $20,000 
Ve . $ ,000 

1 :64,000 25 x 25 3 Lab. $15,000 525 -
EX~.$5ooo $10,500 
Ve . $3,000 

1:24,000 10 x 10 1 Lab. $5000 175 -
EX~.$2iooO $3,500 
Ve . $ ,000 

1" = 2500' 10 x 10 1 Lab. $5000 175 -
EX~.$2iooo $3,500 
Ve . $ ,000 

1" = 1000' 10 x 10 3 Lab. $15 000 525 -
EX~.$5jOOO $10,500 
Ve . $ ,000 

Total 
Cost 

$76,000 

$34000 
($544,000) 

$12000 
($ 1'.2 x 106

) 

$12,000 

$34,000 
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Seale Coverage 
in Km 

Man Field 
Mos Cost 

Analyses 
Cost 

Total 
Cost 

1" = 500' 3.3 x 3.3 3 

GEOCHEMISTRY 

Lab. $15000 350 -
Exp.$5~OOO $7,000 
Veh. $..1,000 

$30,000 ($276,000) 

Fixed items: Geol1fjst $250/da~ Two samplers @ $90/day, Field per diem approx. 
$75/day, Vehicle $ OO/month, 0 days worked per month, Lab Analysis 
$20/sample, 

Re~ional Surv~ 
Sea e verage Man Field Office/Lab Total 

in Km Days Cost Cost Cost 

1:64,000 20 x 25 15 Labor - Labor Geol. $10000 
hel~ 3 days $900 ($200,000) 
$1, SO 150 sites 

150 sst 150 bio 
lO/d&fi 

EX~.$ISIOO 
$6,0 

Ve . - 750 

1:24,000 12 x 20 26 Labor Geol. 3 da2s $900 $19000 
Help.$2,500 400 rock, 00 bio. ($798,000) 

EX~'12,000 
I5-20/day $12,000 

Ve . 1,300 

I" = 2500' same as 1 :24,000 estimates in regional geochemistry $1~ ($ ) 

1" = 1,000' 3.3 x 3.3 67 
x2 

I" = 500' 1.67 x 1.67 40 
x2 

Labor 
Help.$6,IOO 

Exp.$5 100 
Veh. Si.700 

Labor 
Help.S3,600 

Exp. S3,000 
Veh. $1,000 

Geol. 5 days SI250 S24,000 
Grid 500', Sample 200' 
30/day 
1000 samples SIO,OOO 

Geol. 5 days SI250 SI6~000 
Grid 200' (S5/4,400) 
Sample 200' 
40 /9~Y 700 samples 
S7,000 



INTEGRATING PRINCIPAL RECOGNITION CRITERIA 

DEFINING PRINCIPAL RECOGNITION FEATURES 

Having established the details of 

the proposed programs, we must now identify 

the important elements leading to estimation of 

the probability for deposit detection. 

The first step is to formally identify 

Group forms an exhaustive 
list of potential recognition 
features 

the principal recognition criteria to be Step 1 

considered by the group. These criteria 
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represent a collection of each group members geoscience applied to exploration. 

This is a difficult process, each expert must identify those features that he looks for 

when conducting porphyry copper exploration and present them for introspection. 

Many factors are involved in this process. The expert must formalize in scientific 

terms a cognitive model that can be described verbally. Care must be taken that 

the overall list of features represents the group as a whole and does not violate the 

science of anyone expert. Influence allocation techniques (lAP) introduced in 

Chapter Four becomes essential in this step. 

The panel convened for a three day 

workshop to develop an exploration model. 

In the beginning session, they were presented 

Electronic brainstorming to 
evaluate the discriminatory 
power of each entry. 

with four major headings representing 
Step 2 

common features of the deposit model: 1) ore 

minerals (economic); 2) gangue minerals (uneconomic); 3) host rock types; 4) 

structure. For each heading a subset of the twelve most commonly occurring 

features is presented. This preliminary list of 

features is derived from the geological 

compendium presented in Appendix 

B. Each of the features within the first three 

groups are accompanied by quantity measures. 

As a simple example, Pyrite > 3% and Pyrite 

Blocks of associated 
features are constructed to 
represent environments 

Step 3 
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< 3% were two of twelve entries under the heading ore minerals. Entries in 

groups five and six do not have quantity measures but are accompanied by presence 

or absence indicators in association with the deposit. 

In a group session the experts anonymously submit, via an electronic 

bulletin board, comments on each feature 

indicating its power as a discriminating tool to 

indicate the presence of a deposit. The group 

may comment upon the uniqueness of the feature, 

its response to various survey types, its 

relationship to other features, the implication of 

Rank ordering features 
within a block by 
discriminatory power. 

Step 4 

observing the stated quantity, and any other information pertinent to porphyry 

copper exploration. Participants view and reply to anonymous submissions. This 

interactive electronic brainstorming orients the group towards discerning what 

features are important and how their own 

view of the deposit model differs from that of 

others. Having anonymity the experts can 

freely express some of their more abstract 

thoughts on relationships between features. 

Using the preliminary list, the experts 

then construct new blocks (six) of associated 

features. The features within each block may 

be spatially or geologically associated, 

forming environments within the deposit model. 

Rank ordering blocks by 
discriminatory power. by: 
1) survey type 
2) survey sampling 
intensity 
3) distance to the nearest 
bedrock exposure 

Step 5 

RANK ORDERING OF RECOGNITION FEATURES 

Rank ordering of the features within a block is according to their power to 

indicate the presence of the porphyry copper deposit during exploration. Features 

are ranked using lAP techniques facilitated with the RCON™ tool. This ranking 

does not require that the experts identify those features occurring most commonly 



but rather, as one participant suggested, those that they would most like to see 

during exploration. 
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Secondly, each of the six major blocks are ranked by their discriminating 

power in allowing the expert to identify the porphyry deposit. This ranking of 

blocks introduces a complexity as block ranking must consider: 1) survey type; 2) 

sampling intensity; and 3) distance to the nearest bedrock exposure. The latter 

consideration is amplified in the following discussion. If the deposit that we detect 

is shallow with an abundance of nearby bedrock exposures, then it is reasonable to 

expect signs of copper mineralization and associated gangue minerals. These 

features would certainly cause further evaluation of the prospect and possibly lead 

to discovery of the deposit. But, what if the deposit is well hidden and lacks local 

bedrock exposures, perhaps the nearest is in the outer fringe of the alteration zone. 

It is less likely that copper mineralization will be observed directly, and the suite of 

associated gangue minerals may be limited to one or two secondary minerals that do 

not immediately suggest a deposit. In this case, the probability for discovery is 

diminished if one is focused on detecting ore and gangue minerals. Explorationists 

recognize this problem by increasing the importance of features that are more 

regional in nature. Thus, block rankings consider three cases: 1) for exposures 

within the deposit (including up to 3 km for the alteration zone); 2) at 5 km; and 3) 

10 km distances. 

The result is an intra-block ranking of features accompanied by an inter

block ranking. The results of these rankings for the case of exposures within the 

deposit are presented in Table 7.7. In this table the column labeled 'intra-deposit' 

represents the importance of each feature within its environment (block). The inter

deposit ranking is the overall weight that particular feature carries in the deposit 

model. 

What is the importance of ranking the recognition features? If Block One 

received 23.7% of the total vote by inter-block ranking, it contains 23.7% of the 

information contributed to the expert when considering all of the blocks. Likewise, 

if the first feature within this block received 31.8% of the intra-block vote it 
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contributes 31.8% of the knowledge contained in Block One. This feature 

contributes 31.8 % of 23.7% (=7.5%) of the overall information content of the 

features of the system, equal to an inter-block weight of 7.5%. The ranking 

permits a statement of the contribution to knowledge each of the features makes 

during exploration. In this example, the first feature within Block One contributes 

7.5% knowledge - - when present. When all of the fifty five features are present, 

we have 100% knowledge contributed by the system. Likewise, when no features 

are present we have 0% knowledge contributed. DISCOVERY seeds features in 

various combinations when simulating the deposit generating between 0 and 100% 

knowledge to the expert during exploration. 



Table 7.7: The overall ranking of principal recognition features 

Block 1 - Hypogen = 23.67% 
chalcopyrite> 2% 
chalcopyrite < 2% 
bornite> 2% 
bomite<2% 
molybdenite> 0.05% 
molybdenite < 0.05% 

Block 2 • Supergen = 16.37% 
chrysocoUa > 1 % 
chrysocoUa < 1 % 
mallazlbrocJcup >1 % 
mallazlbrocJcup <1 % 
chalcocite >1 % 
chalcocite < 1 % 
geothitellimonite >5% 
geothitellimonite <5% 
jarosite >5% 
jarosite < 5% 
oxide capping hematite >5% 
oxide capping hematite <5% 

Block 3 • Gangue minerals 
magnetite 
hematite 
pyrite 
biotite 
K-spar 
sericite 
Kaolinite 
MontmoriUonite 
Alunite 

RCON Intra Inter Over 
Weight block block - an 

weight weight Rank 

1.59 
1.15 
0.93 
0.54 

0.4 
0.4 

31.8 7.5366 
23 5.451 

18.6 4.4082 
10.8 2.5596 

8 1.896 
8 1.896 

0.6 12.17039 1.9959 
0.31 6.288032 1.0312 
0.68 13.7931 22621 
0.357.099391 1.1643 
0.96 19.47262 3.1935 
0.46 9.330629 1.5302 
0.29 5.882353 0.9647 
0.21 4259635 0.6986 
0.31 6288032 1.0312 
0.142.839757 0.4657 

0.4 8.11359 1.3306 
0.2 4.056795 0.6653 

=17.37% 
0.234.665314 0.8118 
0.29 5.882353 1.0235 

1 2028398 3.5294 
1.04 21.09533 3.6706 
0.9 1825558 3.1765 

0.66 13.38742 2.3294 
0.387.707911 1.3412 
0.234.665314 0.8118 
0.21 4259635 0.7412 

1 
2 
3 

12 
18 
19 

17 
38 
14 
34 
6 

25 
42 
52 
37 
55 
31 
53 

48 
39 
5 
4 
7 

13 
29 
47 
51 
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Table 7.7: The overall ranking of principal recognition features (cantin 
Block 4· Lithology =14.378k 
Laramide granite 
Laramide qtz mon - granite 
Laramide tonalite 
Laramide diorite 
Tertiary porph. 
Laramide breccia 
Laramide dike swarms 
Laramide vol. flows 
Jurrasic porphyry 
Reactive country rock 
Non-reactive country rock 
PreCambrian country rock 

Block 5 • Structure =19.41·k 
Abundant mic. frac. > 0.4 cm-l 
Mic. frac. < 0.4 cm-l 
Local faults > 250m 
local faults < 250 m 
Regional faults > 2 km 
Earty Ter. fanglomerate 
Paleo.-late PreCam.rock 
Trend - Regional features 
Edge large batholiths 
Indication of uptift 
reactivated PreCam. struct. 

0.355.718954 0.8235 
1.13 18.46405 2.6588 
0.37 6.045752 0.8706 
0.42 6.862745 0.9882 
027 4.411765 0.6353 
0.93 15.19608 2.1882 
0.7 11.43791 1.6471 

0.49 8.006536 1.1529 
0.42 6.862745 0.9882 
0.579.313725 1.3412 
0.15 2.45098 0.3529 
0.335.392157 0.n65 

0.98 15.96091 3.1028 
0.58.143322 1.5831 

0.48 7.81759 1.5197 
0.45 7.32899 1.4248 
0.81 13.19218 2.5646 
0274.397394 0.8549 
0.41 6.6n524 12981 

0.9 14.65798 2.8495 
0.56 9.120521 1.n3 
027 4.397394 0.8549 
0.51 8.306189 1.6147 

Block 6 • Associated Deposi = a.aG-k 

46 
10 
43 
41 
54 
15 
22 
36 
40 
56 
30 
50 

8 
24 
26 
28 
11 
45 
32 
9 

20 
44 
23 

PolymetaUic qtz veins 0.8 13.09329 1.1561 35 
magnetite skarn 0.8513.91162 12284 33 
zinc skarn 0.99 1620295 1.4307 27 
Copper skarn 122 19.96n7 1.7631 21 
Massive polymet. replacement 1.4924.38625 2.1533 16 
Precious metal veins 0.55 9.001637 0.7948 49 
VMS 02 3273322 0.289 57 
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Table 7.7: The overall ranking of principal recognition features (continued) 

Rank OrdeNd Ust 

1 c:haIcopyrite > 2% 7.5366 
2 chalcopyrite < 2% 5.451 
3 bomitI! > 2% 4.4082 
4 biotite 3.670588 
5 pyrite 3.529412 
6 chalcocite >1 % 3.193509 
7 K-spar 3.176471 
8 Abundant mic. frac. > 0.4 em- 3.102801 
9 Trend - Regional features 2.849511 

10 Laramide qtz mon - granite 2.658824 
11 Regional faults > 2 km 2.56456 
12 bomitI! < 2% 2.5596 
13 sericite 2.329412 
14 maUazJbrocIcup >1% 2.262069 
15 Laramide breccia 2. 188235 
16 Massive fX)Iymet. replacement 2.153306 
17 ctvysoc:oIIa > 1 % 1.995943 
18 molybdenite> 0.05% 1.896 
19 molybdenite < 0.05% 1.896 
20 Edge large battIoIiths 1.773lrJf3 
21 Copper sIcam 1.76311 
22 Laramide dike swarms 1.647059 
23 ruc.tivat8d PreCam. struct 1.614723 
24 Mic. frac. < 0.4 em-1 1.583062 
25 chaIcoc:itI! < 1 % 1.530223 
26 Local faults > 250m 1.519739 
27 zinc skarn 1.43072 
28 local faults < 250 m 1.424756 
29 Kaolinite 1.341176 
30 Reactive country rock 1.341176 

31 oxide capping hematite >5% 
32 PaIeo.-Iate Precam.rock 
33 rnagnetiIII skarn 
34 maUazJbrocIcup <1 % 
35 Polymetallic qtz veins 
36 Laramide vol. flows 
37 jarosite >5% 
38 chrysoeoIIa < 1 % 
39 hematite 
40 Jurrasic porphyry 
41 Laramide diorite 
42 geoIhiteIIimonr >5% 
43 Laramide tonalite 
44 Indication of uplift 
45 Early T er. fanglomerate 
46 Laramide ~nite 
47 Montmorillonite 
48 magnetite 
49 Precious metal veins 
50 PreCambrian country rock 
51 Alunite 
52 geothiteIIimoni <5% 
53 oxide capping hematite <5% 
54 Tertiary porph. 
55 jarosite < 5% 
56 Non-reac1Mt country rock 
57 VMS 

1.330629 
1.298111 
1.228396 

1.1643 
1.156137 
1.152941 
1.031237 
1.031237 
1.023529 
0.988235 
0.988235 
0.964706 
0.870588 
0.854853 
0.854853 
0.823529 
0.811765 
0.811765 
0.794845 
0.776471 
0.741176 

0.69858 
0.665314 
0.635294 

0.46572 
0.352941 
0.289034 
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PROBABILITY FOR DETECTION 

DEFINING THE REFERENCE CASE 

Probability for halo detection 
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To elicit the probability for halo detection by survey type and sampling 

intensity, it is useful to identify familiar and well-known circumstances to which the 

expert can refer to aid his reasoning about other circumstances. Specifically, a 

reference case is used to establish a size for which the expert can calibrate his 

probability estimates. Deposit size controls the spatial distribution of many 

principal recognition criteria and in tum the detectability of the deposit. To meet 

this need the panel employed lAP group techniques to arrive at a figure of 400 

million tons of copper ore having abundant surface exposures as the reference case. 

The probabilities associated with this reference deposit are then considered to be 

'raw scores' that can be adjusted for various depths, percentages of exposure, and 

tonnages. 

For each survey and sampling intensity the experts estimate the probability 

that they would correctly identify the deposit when it is present. This probability 

estimate is for a deposit having the complete set of recognition features, giving the 

expert 100% knowledge. Various combinations of the recognition features are then 

presented to the experts and probability estimates are elicited along a curve 

representing different levels of available information. 

These individual estimates are collected using the RCON™ influence 

allocation process tool. By voting on 1) probability alternatives and 2) the expertise 

of others in the group for the survey under consideration, each participant's 

subjective opinion is combined into an estimate for the group. It is the group 

estimates that constitute the probability-for-detection curves. The resulting curves 

for regional geology, geochemistry and aeromagnetic surveys are presented in 

Figures 7.1, 7.2, and 7.3 at the end of this chapter. Each of these figures contains 

multiple curves representing that technology at it's respective sampling intensities. 
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Probability for deposit detection 

Local geology, geochemistry and induced polarization (IP) surveys are used 

to detect the deposit within the alteration halo. The search areas associated with 

these surveys are just 

marginally larger than the 

alteration halo itself (refer to 

associated search areas in 

Table 7.6 above). 

Estimating the probability for 

deposit detection is the same 

as for the halo detection 

using an RCON of individual 

probabilities to derive a 

group estimate. Figures 

7.4, 7.5, and 7.6 display the 

detection curves for these 

local surveys at their 

respective sampling intensities. 

Step 1: Define a reference deposit ca.o;e for 
calibration. 

Step 2: Provide, ll.o;ing the spatial deposit data, 
the size of the alteration and ore zones 
associated with t!le reference. 

Step 3: By survey type and sampling intensity 
elicit the probability for detection for: 
1) 100% knowledge 
2) various combinations of features contributing 
between 0-100% knowledge. 
3) generate raw probability of detection curves. 

Step 4: Elicit correction curves (or size and 
depth of the deposit. 

Steps in eliciting the probability for detection. 

Correcting Geophysical Surveys for Depth and Size of the Deposit 

Rank ordering of the principal feature blocks accommodated the distance to 

the nearest bedrock exposure. These varying weights correct the probability for 

detection for geological and geochemical surveys, ensuring that the knowledge 

contribution by features falls on the correct point on the detection curve. The 

expert panel identified a similar requirement for the geophysical surveys: correction 

for the effects of depth and size of the deposit. 

Using the 400 million ton reference deposit, occurring at the surface, the 

panel members were asked to consider the effect of increasing depth from (0 to 250 

meters) on deposit detection. Although 250 meters is well below the maximum 

allowable depth for open pit mining, it is not outside of the range for detection by 
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these surveys. Rather than ask the experts to limit their opinion to only part of 

their science, the full depth interval was elicited. The probability revision for depth 

is a multiplier on the original estimate. For example, if the original probability 

estimate is 0.63 and the depth of the deposit is 40 meters, corresponding to a 

revision of 0.75, then the revised probability is equal to (0.63 x 0.75) = 0.473. 

Figures 7.7 and 7.8 show the correction curves for aeromagnetic and IP surveys at 

their respective sampling intensities. 

Correcting geophysical surveys for the si7..e of the deposit is somewhat 

different. The reference deposit of 400 million tons falls within the spectrum of 

potential sizes, and the experts must provide multipliers for smaller and larger 

deposits. Points at 10, 200, and 600 million tons provide calibration curves for 

aeromag. and IP, as shown in Figures 7.9 and 7.10. 

THE USE OF DETECTION CURVES IN DISCOVERY 

A quadratic equation is estimated for each survey and sampling intensity. 

Equation 7.1, probability for detection using local geological mapping at 1" = 

200', is presented here as a simple example: 

Prob(xlOO) =75.2589 +0.069345 (k) +0.0011 (k)2 R2=99'''l·1) 

Here K represents the total knowledge level, the sum of knowledge contributed by 

the principal recognition feature seeded with the deposit. This level considers the 

block weights associated with the survey type and sampling intensity together with 

the distance to the nearest bedrock exposure. In this way, a correction for 

geological and geochemical surveys that are impactl:d by exposure distance has been 

performed. Knowledge level is fed to the appropriate quadratic equation and a raw 

probability of detection is estimated. If the survey under consideration is 

geophysical, then additional corrections are made for depth and size of the deposit. 

The resulting probability for detection is then passed on for use in the statistical 

decision model. 
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Figure 7.9: Detection curves for Regional Geochemistry. -:t 
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Figure 7.10: Detection curves for Local Geology. -~ 
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CHAPTER EIGHT 
ESTIMATING THE NPV OF DISCOVERY 

PERSPEcrlVE 
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An earlier section used a highly simplified demonstration of statistical 
decision theory as the appropriate conceptual framework for the value of 
exploration information. An important element in the value of information are the 
losses that result from wrong decisions. One of those losses is not initiating or not 
continuing exploration when an economic deposit is indeed present. This loss is an 
opportunity loss and its measure is the reward that would have been realized. 

Although DISCOVERY introduces many complexities not included in the 
highly simplified demonstration, it also requires a measure of reward (previously 
referred to as V). A useful and widely accepted measure of reward is net present 
value, NPV. Of course, there are discounted cash flow software, some of which 
are replete with cost models, but they are not practical for incorporation in 
DISCOVERY. What is needed in DISCOVERY is a mathematical equation which, 
though not exact, gives a good approximation of NPV, given a vector (A) of 
physical attributes of the deposit, a vector (E) of economic parameters, and a vector 
(T) of taxation parameters: 

NPV ;; f (A, E, Ti P) (8.1) 

where fl are parameters of f. 
The estimation of f is the subject of Chapter VIII. The net present value 

equation is estimated as a "response function", meaning an equation that describes 
the response of a comprehensive discounted cash flow system replete with 
algorithms to estimate capital and operating costs for porphyry copper deposits. 

The construction of this function may at first seem like an endless array of 
engineering relationships, complex and difficult to understand. But, by thinking of 
the mineral production as three major components 1) mining, 2) milling, and 3) 
processing, the calculation of reward (NPV) becomes much easier. 

We begin by defining a range of possible tonnages (t) and grades (q) that 
could occur in the next discovery. The tonnages and grades can be paired to form 
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deposits, having a known quantity of metal (m). Using the spatial deposit data of 
Singer and Mosier (1982) the size and shape of the deposit can be estimated. 
Knowing that future discoveries will most likely be 'hidden' targets, having little to 
no surface exposure, we can introduce a cover of rocks and alluvium. 

Mining of these deposits is not arbitrary. Size determines the selection of 
equipment, methods, production rates, recovery and a host of related variables 
associated with capital reinvestment, depletion, and conversion from oxide to 
sulfide ore. For each deposit a full mine, mill and mineral processing model must 
be constructed. From this model we can estimate engineering production costs that 
will be used in the cash flow calculations to estimate the reward (NPV) of 
discovering each deposit. 

Commodity prices, taxation, processing charges, time value of money 
discounting and environmental costs all impact the economic viability of the 
deposit. For each of these parameters, a suitable range of possible values must be 
defined and introduced into the model so that NPV estimates reflect economic 
reality. 

The first step in 
constructing the response function 
is to estimate the cost of mining. 

MINING CONSIDERATIONS 
DEFINING THE ORE DEPOSIT 

The porphyry copper data 
describes the tonnage and grade of 
deposits as they occur in Arizona. 
This data represents deposits that 
are either producing or have 
produced copper ore under varying 
economic conditions. In a 
statistical sense, this data includes 
the effects of truncation and 
translation, and represents the 
'ore' rather than the 'mineral' 
deposit (Harris, 1984). As we are 
trying to estimate the reward 

Sulfide (hypogene) ore 

Figure 8.1: A Schematic representation of 
porphyry copper deposits. 
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(NPV) for each deposit discovered, what is the implication of using translated and 
truncated data? 

Using the average grade to describe the metal concentration assumes a much 
greater homogeneity than might naturally occur. Whereas it is possible to optimize 
the mining rate and equipment selection, ore scheduling does not vary. Does this 
impact the estimation of reward? Yes, but only in reducing the value of production 
in some early years in favor of higher mineral production values later. Overall, the 
same quantity of ore is mined to yield the same quantity of copper. The estimated 
reward is lowered, by time discounting, by an amount equal to the quantity of 
metal transferred to later years by not optimizing. This effect, although small, 
causes the response function to err on the conservative side (lower numbers). 

The geological compendium describes for each deposit insitu copper oxide 
and a blanket of supergene enrichment. Initial ore production for each deposit 
begins with acid soluble ore. Knowing that the supergene and hypogene tonnages 
have a correlation equal to 0.9254, we can ensure that the si7.c of the sulfide ore 
body is consistent with the overlying mineralization. 

The reSUlting ore body can be schematically described as two, stacked 
elliptical cylinders, shown in Figure 8.1. The lower cylinder is sulfide ore 
overlain by a blanket of supergene enrichment indicated in the figure by heavy lines 
and cross hatching. The oxide mineral assemblage forms the top part of the ore 
body and together with the supergene blanket, constitute the acid soluble ores. 
Although simple in appearance, this schematic is not geologically naive. 
Downward ground water action leaches and concentrates shallow hypogene minerals 
into a secondary blanket at the redox interface. Anderson (1966) notes that the 
secondary mineral assemblages do not 'bleed' beyond the primary mineralized 
envelope more than a few ten's of feet. Those deposits that have since been 
faulted or deformed (Dos Pobres, San Manuel and Ray to name a few) have barren 
foot-wall/hanging-wall blocks that may be accounted for in the mining recovery 
estimates. It is the overall morphology of the deposits that is important in 
controlling pit layout. 

The first step in constructing the response function is to define the tonnage 
range of interest. Using the estimated parameters for the lognormal distribution of 
tonnage, seventeen acid soluble ore deposits are created. Simulated tonnages 
range from 10 million tons to 750 million tons, in increments of 50 million. Two 
additional small deposits (10 and 25 million tons) are added to ensure sensitivity of 



the function, where the lognormal distribution dictates that most of the deposits 
occur. 
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By conditionally sampling (p = 0.9254) from the lognormal distribution for 
sulfide ore, five hypogene ore bodies were be added to each acid soluble deposit. 
Grades for both the acid soluble and sulfide ores are assigned by sampling off their 
respective lognormal distributions. Thus 85 porphyry copper deposits are created 
for use in estimating the NPV response function. 

OPEN PIT GEOMETRY 
Each deposit is buried by some thickness of overlying rock and alluvium. 

Too much cover over the deposits may a priori make them uneconomic, solely 
because they do not lend themselves to open pit production. It is desirable to have 
some of the constructed deposits in this situation to ensure that the response 
function considers mining operations on both sides of the economic margin. 

What is a reasonable range of depths to assign to the deposits? Nilsson 
(1992) has examined the choice between surface open pit and underground 
production. Considering a copper deposit having 330' (100 m), 500' (150 m) and 
660' (200 m) of overburden, he estimated the NPV's for surface and underground 
mining and prices of S1.00 and S1.50/1b copper. The results indicate that for 
<550' (165 m) of waste rock, open pit mining is preferred when the price is 
S1.50/Ib. For S1.oo/lb copper the three depths produced negative NPV's for both 
mining methods. Nilsson (1992) generalizes that so long as the stripping ratio is < 
3.5 tons waste/1 ton ore, open pit mining is viable. 

Given that our response function is constructed with a maximum copper 
price of S1.oo/lb, it is reasonable to use these results to limit the maximum depth 
at 100 meters. 
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DEFINING THE STRIPPING RATIO 
Using the schematic of Figure 8.1 we can assign various surfaces important 

to mining. The overall pit slope is set at 45° , barring information on rock quality 
and stability. The ore body is considered to consist of: 1) acid soluble ore; and 2) 
sulfide ore. The acid soluble ore must be mined first in order to expose the 
underlying sulfide body. Mining begins as a heap leach SX/EW operation with 
conversion to sulfide production part way through the life of the deposit. 

Figure 8.2 is a 
schematic identifying the 
important surfaces used to 
estimate the stripping ratios. 
The Sl surface tops an S1 

elliptical frustum of waste rock 
surrounding the acid soluble 
ore. The axes of SI equal 
those of the ore (S2) plus 2x's 
the distance between the outer 
limit of the ore and the 
intersection of the pit slope 
with the plane across the top 
of the deposit.· As the Sl 

Figure 8.2: The delineation of important 
surfaces used in estimating the stripping ratio. 

surface is coincident with the top of the ore body and not the ground surface above, 
this waste rock does not include pre-production stripping. 

The top of the ore body, the supergene blanket, and the top of the sulfide 
ore are S2 surfaces in Figure 8.2. For clarity. only the supergene blanket is 
designated as such on the schematic. The bottom of the sulfide ore is also an S2 
surface but is labeled S4 to denote that production rarely achieves this depth. 

The S3 surface bounds a lower elliptical frustum of waste rock associated 
with mining the sulfide body. This waste is the frustum around the sulfide body 
itself. Prior to mining the sulfide body a large push-back of the pit walls is 
required to remove the volume of waste rock not mined in the upper frustum. The 
push-back tonnage is generated by extending the pit slopes from the bottom of the 
sulfide body to the plane of the SI surface. This push-back is an elliptical ring, 
barren of ore. 

Close examination of the schematic in Figure 8.2 reveals that very high 
stripping ratios are attained when the push-back and full sulfide body are mined. 



152 

Indeed in initial estimations, the volume of rock in the setback, as designed to 
capture the full sulfide body, was enormous reducing the NPV of all but the 
smallest (shallowest) of the 85 deposits. It is unreasonable that a company with a 
viable acid soluble ore body would negatively impact its feasibility by including 
high cost, deep sulfide ore. Without information on the inter-deposit grade variance, 
optimization by selectively mining portions of the deposit is not possible. There is 
however, an alternative to this problem. 

The objective is a response function that estimates the NPV for exploration 
discoveries, constructed from cash flows across the life of the deposit. Considering 
the time discount value of money, cash flows from many years in the future have a 
small present value. Thus, the production of the deepest parts of the sulfide body 
figure little in the estimation of the NPV. This allows the mining plan to be 
modified so as to minimize the detrimental effects of large volumes of waste rock 
associated with deep ore. 

Consider the 
schematic mine design in 
Figure 8.3. Here the pit 
slope used to mine the low 
cost acid soluble ore is 
extended into the sulfide 
ore. These schematics tend 
to over-emphasize the 
vertical extent of the ore 
bodies. The depth to which 
this upper pit wall extends 
into the sulfide body is 
considerable, being limited 

55 56 

Percentage of the sulfide 
ore mined. 

by a minimum working Figure 8.3: The optimization of the NPV 
surface area at tbe bottom of function on the acid soluble curve. 
the sulfide pit floor. The 
minor axis of the pit floor is set at a minimum of 100 meters to accommodate 
equipment maneuverability. When the pit floor becomes smaller than this, the final 
depth has been reached and production stops. The calculations used to estimate the 
stripping ratio reveal that generally greater than 70% of the sulfide body is still 
used in the estimation of the NPV. The surface S5 in Figure 8.3 is now replaced 
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by surface S6 in estimating the elliptical frustum of waste rock associated with 
mining. 

To this point we have 
considered only the volume of 
waste rock within the pit. As 
the deposits are covered by up to 
tOO meters of overburden we 
must still estimate the tonnage of 
pre-production stripping. To 
assist in this discussion consider 
Figure 8.4. This mining 
schematic depicts the top of the 
acid soluble ore body and the 
overlying ground surface. In 
nature neither the top of the ore 
nor the ground surface are 
horizontal planes, and this is 
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Figure 8.4: Assigning cover rock and 
alluvium to pre-production stripping. 
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purely pictorial as any reasonable topography will yield similar results. 
Removal of overburden begins by centering a frustum (floating a cone) on 

the portion of the acid soluble ore having the highest grade. For the set of 
constructed deposits this is arbitrary as the grade is an average for the ore body. 
The lower surface of the frustum, on the top of the ore, is large enough to permit 
copper mining to begin. The upper surface (S7) is estimated the same as the other 
step outs, using pit slopes of 45° . The tonnage of rock in this frustum is designated 
as pre-production stripping, all other overlying waste rock is assigned to production 
and is removed progressively as indicated by the dashed lines in Figure 8.4. 
These push-backs continue until the final outer pit limits arc reached, a point in 
time when production is deep into the acid soluble ore. 

We now have estimated tonnages of acid soluble and sulfide ore to mined 
and the quantity of waste rock that must be moved in the process. With these 
stripping ratios for our 85 deposits we can move on to cost estimation. 

MINE COST ESTIMATION 
Mine cost estimation requires that the equipment selection be optimized to 

match the mining production rate. Likewise, the mining rate should be optimized on 
the size of the ore body. 
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MINE PRODUCfION RATE AND LIFE 
We can optimize the production rate using Taylor's Rule, knowing that the 

cost estimation will be for 350 days of production in a year. As a simple example, 
the optimum mining capacity for a 400 million ton acid soluble ore body is 39,436 
tons/day: 

Mining Capacity = 4.88* (400xl0 6 ) 0.75/350 
=39,436.4tons/day 

Producing an acid soluble mine life of 28.97 years: 

Mine Life = 400xl0 6 /350*39436.4 
=28.97 years 

(8.2) 

(8.3) 

The sulfide portion of this deposit has 256 xl06 tons of ore which, at a daily 
production rate of 28,227.3 tons/day, yields a mine life of 25.92 years. Thus the 

total life of this deposit will be 54.9 years. 

MINING cosr PARAMETERS 
Mining costs for each of the 85 deposits are estimated using a commercial 

software package from Western Mine Engineering. The Sherpa™ program takes 
as inputs:l) daily production of ore and waste; 2) deposit data; 3) Materials and 
Supplies data; and 4) labor data. The Sherpa program is constructed using annual 
mine cost data collected and compiled by Western Mine Engineering as a 
commercial service to the industry. The default values for labor, supplies and 
contingencies reflect mining industry averages for 1992, the year used in this 

release of the software. The principal inputs required for our estimation are: 
Production data 

Ore 

total minable resource 
hours per shift 
shifts per day 
pre-production stripping 

daily production 

haul segment #1 distance 
gradient 

x miUion tons 
10 
2 
Y million tons 

z tons/day 

dl • 
8% 



Waste 

haul segment #2 distance 
gradient 

daily production 
haul segment #1 distance 

gradient 
haul segment #2 distance 

gradient 
Ore/waste data 

Ore 
2.35 per BCY 
55% 

d2 
4% 

• 

w million tons 
d3 
8% 
d4 
4% 

• 

• 

Waste 
2.10 per BCY 
45% 
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Density 
percent swell 
powder factor 
hole loading factor 
drill penetration rate 
bench height 

0.76 pounds/ton 
67% 

0.69 pounds/ton 
67% 

rolling resistance 

48 feet/hour 
50 feet 
3.00% 

55 feet/hour 
50 feet 
3.00% 

Supply 
unit costs variahles 

Labor 
hourly 

fuel 
electricity 
powder 
caps 
primers 
del. cord 

S1.12/gallon 
SO.064 per KWH 
SO.21 per pound 
S1.87 ea. 
S3.65 ea. 
SO. 111 per foot 

driller S13.85 
blaster SI4.23 
excavator op. S13.85 
truck driver S12.50 
heavy equip. op. S13.50 
utility op. S12.1O 
mechanic S15.42 

sales tax 5% 
powder type 2 
powd. spec. grav. 1.15 
total head loss 70 feet 
sundry items to.oo 

burden factor 33% 
operator efficiency 83% 
maintenance S13.09 
laborer S 8.87 

• indicates these entries required special consideration as discussed below 
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HAULAGE DISTANCES AND GRADE 
The length of a haulage road is difficult to quantify, being affected by local 

topography, environment, and the size and shape of the mining claims. Knowing 
the haul distances and associated ore reserves for two operating pits the following 
algorithm was estimated. 

In-pit grade is set at 8% with an out-of-pit grade averaged to 4%. The in
pit distance begins at 2000' for a small 50 million ton deposit and climbs by an 
increment of 500' for each 50 million ton addition to reserves. The out-of -pit for 
the same 50 million ton deposit begins at 4000' and increments by 1000' for each 
50 million ton addition. The following example demonstrates the haulage distance 
for a 250 and 500 million ton deposit: 

250 million tons 
in-pit 4000' @ 8% 
out-of-pit 8000' @4% 

500 million tons 
6500' @8% in-pit 

out-of-pit 13,000' @4% 

A different algorithm is required for the haul roads associated with the 
sulfide production as much of the existing transportation network is constructed for 
the acid soluble ore. For sulfide production the additional haul road needs are 
based on the original construction and on the percentage of the sulfide deposit being 
mined. For example, if the original in pit haul road is 4000' and the out of pit road 
is 6000', then for a sulfide deposit where 50% of the total reserves are being 
mined; the additional haul road lengths will be 0.50 • 4000' = 2000' and 0.50 • 
8000' = 4000'. The total sulfide production haulage road requirements are 6000' 
in pit and 12,000' out of pit, bringing to a total of (6,000 + 4,000' = 10,000') in 
pit and (12,000' + 6,000' = 16,000') out of pit. 

COST ESTIMATION 
Each of the 85 deposits is submitted to the Sherpa program to estimate the 

cost of mining both the acid soluble and sulfide ore. For each ore type, Sherpa 
selects an optimal equipment, infrastructure and labor configuration compatible with 
the physical parameters of that deposit. 

Comparison of mining costs 
The Sherpa results can be compared to actual mining cost data for various 

sizes of deposits. Using proprietary data for eight producing mines in Arizona and 
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New Mexico, estimated and actual data for similar tonnages suggest estimated 
values are moderately calibrated for deposits in the range of 100 million to 500 
million tons. Two data points at 650 million (Sl.39 + S0.47 G&A actual) and 
750 million tons (S1.36 & SO.68 G&A actual) correspond to Sherpa estimated 
values of S3.29 and S3.05 respectively. At higher tonnages Sherpa estimates are 
S1.00 Iton higher and fail to capture the economies of scale from these largest of 
deposits. 

MILLING COSTS 
Estimated costs for a solvent extraction-electro-winning mill (acid soluble 

ore) and a one product flotation mill (sulfide ore) come from Camm (1991). For 
each model X is capacity of the mill in short tons per day. 

The solvent extraction-electro-winning (SX-EW) model, which is valid for 
capacities of 6,000 to 70,000 stlday and assume a 0.4% Cu grade with 50% 
recovery, is based upon a typical configuration of heap leach pads, two extraction 
stages, and one strip stage. The equations for the cost estimation are: 

Total Captial Cost = 14,600 (X) 0.596 + 665 (X) (8.4) 

estimated in S, with the operating cost defined as: 

Operating Cost = 3.00 (X) -0.145 (8.5) 

in S/st. Results from these estimations are converted to S/ton. 
The flotation mill model is estimated for a molybdenum concentrate and has 

been adjusted for lower reagent costs associated with copper production. The 
model is valid for feed rates of 500 to 40,000 stld with 90% recovery. The cost 
equations for the flotation mill are: 

Total Captial Costs = 92,600 (X) 0.667 (8.6) 

and 

Operating Cost =121 (X) -0.335 (8.7) 
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Comparison of Milling Costs 
Again using proprietary information, the mill cost estimates may be 

compared to six operating facilities in Arizona and New Mexico. For three small 
operations of less than 2000 tons/day the mill estimates average to those of the 
data, beyond feed capacities of 15,000 tons/day the estimated values are elevated by 
an average of 35% over the actual operations. This difference may result from 
mining only part of the sulfide pit, in order to optimize mining costs, however the 
impact of this optimization is not clear. 

The cost estimates for the SX-EW have no comparison data. 

SMELTER COSTS 
Smelter cost estimates come from a proprietary source. For an average 

concentrate of 35% copper, the pay range is 85-98%. Smelting charges range 
between 68.06 - 108.89 $/ton with refining at 0.095 - 0.10 $/Ib Cu. Concentrates 
over 40% contained copper pay higher treatment but lower refining charges. For 
concentrates below 30% there is a 1.0 unit deduction. 

For the 85 deposits to be used in the cost estimation, ranges across the 
above schedules are adopted for the sulfide portion of the ore body. To avoid 
penalties the recovery is set at 92% for a 35% copper concentrate with no 
deleterious by products. 

CAPITAL REINVESTMENT SCHEDULE 
All equipment has a finite life and must eventually be replaced. Vehicles, 

trucks, shovels, bull dozers etc. all have estimable lives based on their hours of 
use. Mine facilities, mills, power plants and other large structures generally can 
provide service for the life of the mine with proper maintenance. 

The U.S. Bureau of Mines estimates that for Arizona, equipment life 
estimates by Fourie and Dohm (1992) should be modified to (Porter, pers. 
comm.): 
• lighting plants, pumps, pickup trucks 3 years 
• dozers, loaders, haul trucks 5-7 years 
• shovels 20 years 

Using these estimates the capital for mining is reinvested at the appropriate 
times. As mining of the acid soluble ore ends, new equipment suited to mining the 
sulfide body will be phased in using the retirement schedule. This conversion from 
acid soluble to sulfide ore requires a switch-over year for each deposit. If a large 
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capital reinvestment for trucks falls less than three years before conversion, then the 
new fleet is based on equipment selection for sulfide ore. Fortunately, 
reinvestment in pit shovels generally coincides with conversion periods. 

The time line for capital reinvestment begins with pre-production stripping. 
Six years are allotted for exploration, detailed drilling, and feasibility studies as 
described in Chapter Seven. Accordingly, pre-production stripping begins in year 7 
(period 1) and ore production begins in year 8 (period 2). The periods of 
equipment replacement and depreciation are referenced to period 1. As an 
example, the first set of ancillary equipment is replaced in year 10 after one year of 
pre-production and two years of production. 

At conversion to sulfide mining the shop, change-house, office, warehouse, 
and powder magazine are refurbished with a $500,000 one time capital outlay. 
The operating costs during acid soluble mining account for upkeep of these 
facilities. 



ECONOMIC PARAMETERS OF THE MODEL 
PRICE 
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The price of copper for each deposit was randomly selected from a uniform 
distribution across the range SO.85 - S1.oo. 

DISCOUNT RATE 
Net present values are estimated for each of the deposits using discount 

rates of 8, to, 12, 14, 16 and 18 percent. In total 5to NPV estimates are 
generated for the 85 deposits. 

COPPER RECOVERIES 
Copper is determined by random sampling from a uniform distribution 

across the following ranges: 
Acid soluble ore leach and processing recovery: 65 - 85% 
Sulfide ore processing recoveries: 85 - 95% 

Acid soluble and sulfide mining recoveries are fixed at 90% to account for to% 
barren blocks within the ore body. 

EXPLORATION AND FEASIBILITY 
As discussed in Chapter VII, exploration expenditures for the four stages of 

exploration are determined by randomly sampling of four independent lognormal 
distributions. These expenditures are allocated over six years. 

ENVIRONMENTAL RECLAMATION 
Currently the U.S.B.M., for cash flow analysis, takes environmental costs as 

equal to 3 months of working capital expended in the last year of operation (W. 
Jackson, pers. comm.). That practice is adopted in this analysis. 

TAXES AND ROYALTIES 
Taxes 

Taxation information is provided by the U.S. Bureau of Mines Denver Field 
Office. There is a problem with feeding the current rates of taxation into the cash 
flow estimation. It is unlikely that state and local tax rates will remain fixed. To 
ensure that the response function is not made obsolete by changing tax rates, 
analysis was performed for various rates .. 
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The federal income tax rate currently stands at 34%. The range tested is 
from 32-36%. State income tax in Arizona currently stands at a rate of 9.3% and a 
range from 5 - 12 % is employed. 

Gross proceeds tax in Arizona stands at 2.5% of the net severance base, and 
is tested across the range of 2-6 %. 

Property tax is assessed by the county in which the operation falls. The 
range is large as evidenced by the following three deposits: 

Bagdad: $9.36 I $100 assessed value 
Pima: $14.68 I $100 assessed value 
Gila: $11.80 I $100 assessed value 

In each case 30% of the gross value is taken. The range employed in the cash flow 
estimations is from $9-$15 I $100 of assessed value. 

The tax treatment in the cash flow is for a stand alone operation. 

Royalties 
Royalty information is supplied by the Arizona State Land Department. The 

current production royalty scheme uses a sliding-scale based on an appraisal of the 
property prior to the mining lease. The production royalty considers the estimated 
break even cost for the deposit and compares this to the current price of copper. 
The sliding-scale royalty begins with a 2% base and varies by a 0.05% factor with 
each $0.01 difference between the current and break-even prices. 

This algorithm requires that a break-even price be calculated for each 
deposit and compared to current price. But, in this model for each estimated break 
even price there is no fixed current price. Each estimation would require 1) setting 
the copper price, 2) performing the break even calculation, 3) calculating the 
royalty, and 4) varying the price and re-estimating the royalty. What results is a 
small sensitivity analysis feeding the principal function. For simplicity, the royalty 
has been randomly sampled across the range of 2-8%. Although the royalties are 
not tied exactly to each deposit the overall effect of this variable is captured. 

Arizona mining leases are based on the appraised value of other uses 
foregone by the mining activity. For public land the competing land use is 
generally a cattle grazing value. Range leases are currently $0.75 I acre and above, 
and are not expected to change appreciably. An informal survey of mining 
operations suggested that an average mine lease covers a 10 x 10 lcm2 (24,710 
acres) area. This fixed cost has been added to the cash flow under a lease 
expenses. 
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Some explanation on leasing is required. The option generally employed is 
for the landowner to request a low primary royalty on the sale of the mineral in 
conjunction with a fixed lease. This allows the land owner (the state in the above 
discussion) to retain title and ensure that reclamation at the close of mining returns 
the land to the original condition. Within this option buy-outs on leases provide for 
the developer to purchase the remaining term of the lease and assume title after 
some threshold of payments is met. In comparison, a second lease option is the 
outright purchase of the property with the seller retaining only a production royalty. 
This is an early, high cost expense item in the cash flow that negatively impacts the 
NPVestimate. Given that state lands are being considered in the cash flow 
scenario the former option is preferred and employed. 

DEPRECIATION 
The MACRS (modified accelerated cost recovery system) is employed for 

depreciable assets. The cost of eligible property is recovered over a 3, 5, 7, 10, 
15, 20, 27.5, or 31.5 year period. The class life of the asset determines the 
recovery period. For 3, 5, 7, and 10 year classes a 200% declining balance 
applies; a 150% declining balance applies to longer periods. 

DEPLETION 
Expenses incurred in determining the location and quality of mineral 

deposits are capitalized and recovered through depletion. The cash flow 
calculations employ six years of exploration and feasi.bility studies for each deposit, 
discussed above .and in Chapter Seven. These costs have a 70% current 
deductibility limitation with the remaining balance deducted over a 60 month period 
beginning with the month in which the costs are incurred. Development 
expenditures must be reduced by 30% for alJowable depletion with the remainder 
amortized over a 60 month period. 

Percentage depletion is calculated in three steps: 1) take the lesser of gross 
income or 50% of net income; 2) compare this lessor value to the unit depletion 
estimate; 3) the greater value in this comparison is taken as the allowable depletion 
for that year. 
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ESTIMATION OF THE NET PRESENT VALUE 
Apex TM, a commercial mining cash flow program sold by Western Mine 

Engineering, is used to estimate the net present value (NPV) for the 85 deposits for 
each of the six discount rates. Each of the 510 cash flows (85 x 6) produces a 
summary statement of the net sum of the cash flow, net present value, internal rate 
of return, and payback period. 

The Apex program is complex, having over 100 entries when all of the 
deposit data is entered. The reader is referred to Western Mine Engineering for 
complete details on the calculations performed by Apex in estimating the cash flow. 
A set of summary data used to estimate the NPV of a porphyry copper deposit 
having 400 million tons of acid soluble ore and 256,124,608 tons of sulfide ore is 
included in Appendix IV . 

The following general categories are fed into the cash flow routine: 
1) Capital 

This includes the exploration, acquisition, and development costs. 
Equipment, plant and building estimates come directly from the Sherpa mine model 
and the Camm (1992) mill models. The salvage values account for book values of 
plant and equipment at the completion of mining. The data entry in this section is 
complicated by the intricate capital re-investment program in every year of 
production. Apex considers a maximum of 50 years of production on the time line, 
any years beyond this have near zero value after discounting . 
2) Royal ties 

These include the annual payment and production royalties together with 
escalation factors and one time expenses. 
3) Taxes 

These include all federal, state, gross and net proceeds, severance, and 
property taxes, with cost escalation factors. 
4) Production 

Grade, production and processing data sets are set in this category. The 
important reserve, recovery, and production rates are defined here for each period 
of production. This set also defines the mining cost estimates generated using the 
Sherpa mine cost program. 
S) Grades 

In this study grades are for copper ore only. The average grade is used 
across the ore body with wall rock concentrations set at zero to represent barren 
zones. 
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6) Processing 
These include milling and smelter recoveries, deductions, and charges. The 

price is entered here in $ lIb of refined copper. 
7) Commodities 

The type of each commodity is entered together with its depletion rate, 
currently 15% for primary copper production. 

A WORKING EXAMPLE OF NPV 
The NPV program can be run to observe the seeding of values as they enter 

the response function. Using a representative deposit having 400 million tons of 
acid soluble ore the following results are generated from four test iterations: 
t2 - tonnage of sulfide ore in tons 
conditional upon the Monte Carlo sampling for t1 (set to 400 million tons) using a 
correlation coefficient of 0.9254. 
Run 1 Run 2 
4.18644 108 3.0034 108 

q1 - grade of acid soluble ore in % 
Run 1 Run 2 
0.4292 0.5849 

q2 - grade of sulfide ore in % 
Run 1 Run 2 
2.0791 0.7333 

d - depth in meters 
Run 1 
99 

Run 2 
86 

r - time value of money discount rate in % 

Run 3 
6.52825 108 

Run 3 
0.6364 

Run 3 
0.3892 

Run 3 
68 

Run 1 Run 2 Run 3 
9 11 9 

p - price of copper in cents 
Run 1 Run 2 
87.99 92.2176 

Run 3 
91.4176 

Run 4 
1.2800 lOll 

Run 4 
0.5791 

Run 4 
1.0744 

Run 4 
87 

Run 4 
14 

Run 4 
91.9355 



tf - federal tax rate in % 

Run 1 Run 2 Run 3 
32.5578 35.1024 32.854 

ts - state tax rate in % 

Run 1 Run 2 Run 3 
7.2427 5.9601 8.9899 

tp - property tax in dollars I 1000 dollars 
Run 1 Run 2 Run 3 
141 136 96 

s - smelter charge in $/ton 

Run 1 Run 2 Run 3 
0.92765 0.7279 0.6965 

ref - refinery charge for sulfide ore in $/lb concentrate 
Run 1 Run 2 Run 3 
0.0993 0.0963 0.0999 

recl - recovery for acid soluble processing recovery in % 

Run 1 Run 2 Run 3 
0.7762 0.8021 0.8167 

rec2 - recovery for sulfide ore processing in % 

Run 1 Run 2 Run 3 
0.8772 0.8901 0.9317 

NPV = 
1.2983 108 1.04994 108 

THE NPV RESPONSE FUNcrION 

2.23757 108 

Run 4 
33.794 

Run 4 
8.6180 

Run 4 
123 

Run 4 
0.7966 

Run 4 
0.096 

Run 4 
0.8491 

~ 
0.8577 

-1.89204 107 
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Apex™ produces 510 estimates of NPV, one for each deposit at one of six 
discount rates. For each deposit the NPV is reported at discount rates of 8, 10, 
12, 14, 16, and 18 percent. The net sum of cash flows, payback period, and 
internal rate of return are also provided. The most meaningful of these latter three 
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is the internal rate of return (lROR), the discount rate that sets the sum of the cash 
flows to zero when capital expenditures are included in the cash flows. Figure 8.5, 
a frequency distribution of the IROR across the deposits, exhibits a right hand 
skew. The large number of deposits in the zero IROR class includes those having a 
negative IROR, resulting in a visually misleading bi-modal plot. Interestingly, the 
distribution of IROR has a modal class of 15 percent. Likewise, Figure 8.6 is a 
frequency plot of the payback period for each of the deposits and suggests a strong 
skew to the right. This plot has a peak in the right hand tail that is due to the 
reporting methods employed by the Apex™ program ( > 50 years) and is not 
indicative of a bi-modal sample. Long payback periods coupled with the lower 
internal rates of return suggest an investment risk for these undiscovered deposits. 

Both acid soluble and sulfide ore tonnages exhibit correlation to the net 
present value estimates, trending to larger values of NPV with increasing tonnage 
(Figures 8.7 and 8.8 respectively). In these two figures the cloud of data points 
(n=512) increases in dispersion to the right of the origin. In comparing the two 
ore types, the distribution of points for the sulfide ore is slightly more disperse 
than that for acid soluble ore, perhaps indicating a greater sensitivity of the function 
to this ore type. The sulfide ore also contains a greater percentage of negative 
NPVestimates, and by virtue of its increased mining depth, may suggest higher 
mining costs in the later stages of production have a significant impact on the cash 
flow analysis. Traditionally, mining of the deepest sulfide ore is considered to be 
far enough in the future that its impact on the net present value estimate is 
negligible, across a range of reasonable discount rates. 

Naturally, there is a very strong correlation of the discount rate (r) to net 
present value estimates, the smaller value estimates being associated with larger 
discount rates (Figure 8.9). Interestingly, this plot exhibits a tighter dispersion of 
npv at higher discount rates. Although this trend may result from other factors in 
the multi-variate equation, larger discount rates weight more heavily early 
production years, in-tum reflecting a greater variance in start-up costs across 
deposits. 
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Figure 8.5: Summary of Internal Rate of Return for 85 created porphyry copper deposits. 



Figure 8.6: Summary of Payback Period required for 85 created porphyry copper deposits. 
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Having net present value estimates associated with eighty five vectors of 
geological and economic data we now have everything needed to estimate the 
response function. One alternative is to feed these results into a large multivariate 
regression package and, through brute computing force, estimate an equation of net 
present value as a function of over 100 shift variables. Although computable, the 
resulting function would be cumbersome and lack utility. Instead, a subset of the 
shift variables is selected that consists of those variables that are conceptually the 
most important in explaining the variation in NPV. Using this subset, 
transformations arc selected to express obvious accounting relations, ego grade x 
tonnage x recovery, and to reflect non-linearities in the relations of these variables 
to NPV. 

The most important variables arc: 
ql = acid soluble grade 
tl = acid soluble tonnage 
d = depth of overburden to the top of the deposit 
p = price of copper 
ts = state tax rate 
s = smelter charge 
recl = processing recovery of acid soluble ore 
rec2 = processing recovery of sulfide ore 

The following transformations were selected: 
a) using grades, tonnages, price, and recoveries, 
Xl = (ql/lOO)(tl)(p) + (q21100)(t2)(p) 
X2 = Ln{ (qlll00)(tl)(p) + (q2/l00)(t2)(p) } 
X3 = (ql/lOO)(tl)(p)(rec1) + (q2/l00)(t2)(p)(rec2) 

q2 = sulfide grade 
t2 = sulfide tonnage 
r = discount rate 
tf = federal tax rate 
tp = property tax rate 
ref = refining charge 

X4 = Ln{ (qlll00)(tl)(p)(recl) + (q2/l00)(t2)(p)(rec2) } 

b) using grades, tonnages, and recoveries, 
XS = (ql x tl) + (q2 x t2) X6 = Ln { (ql x tl) + (q2 x t2) } 
X7 = (ql x tl)recl + (q2 x t2)rec2 X8 = Ln {(ql x tl)recl + (q2 x t2)rec2} 

c) using tonnages and depth, 
X9 = tl 
XU = t2 
X13 = ( tl + t2 ) 

XIO = Ln (tl) 
X12 = Ln (t2) 
X14 = Ln { ( tl + t2 ) } 



XI5 = tl x d 
XI7 = Ln { (tl + t2) } x d 

d) using economic parameters, 
XI8 = ref 
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XI6 = ( Ln tI) x d 

XI9 = Ln (ref) 
X20 and X21 contained tonnage estimates in conflict with a [P/A,r,n] expression 
and were removed. 
X22 and X23 included the exploration parameter and were removed from the data 
set prior to the step-wise estimation. 
X24 = ( X4 ) ( tf + 15) X25 = Ln X4 ( tf + 15 ) 

X26 = ( X2 ) ( tp) ( 0.0003 ) X27 = Ln (Xl) ( tp ) ( 0.0003 ) 
X28 = Ln{ ( tl + 4 12 + ( 121 ( 0.35 I q I 100») x smelt + ref} 

The foregoing variables were used to define some additional complex variables. 
The following substitutions help to keep the notation simple: 

YI = ( qI I 100 ) ( tl) ( p ) 
Y3 = ( ql I 100 ) ( t1) ( P ) reel 
Y5 = ( qI ) ( tl) 

Y2 = ( q2 I 100 ) ( t2 ) ( p ) 
Y 4 = ( q2 /100 ) ( t2 ) ( P ) rec2 
Y6 = (q2) ( t2) 

The following complex and simple variables were added after initial step-wise 
estimations to capture non-Iinearities: 
X29 = ( X20 ) ( X 23 ) 
X31 = ( r ) ( t1 ) 
X33 = ( Y3 ) ( Y 4 ) I r 
X35 = X231 P 
X37 = pI r 
X39 = « X26 ) ( X4 »2 
X42 = (r p)2 
X45 = (Y4)2 
X51 = (q2)2 

X30 = ( X22 I d )2 
X32 = r I ( tf + 15 ) 

X34 = ( X22 I X24 )2 
X36 = ( tl ) ( 12 ) 
X38 = ( tl ) ( t2 ) 
X40 = (X26 X4)2 
X43 = (x3)2 

X47 = (Y6)2 
X52= (tl + t2)o.s 

Prior to estimating the response function by step-wise linear regression, the 
variables must be tested for unwanted relationships. The error terms from an 
initial step-wise estimation were plotted against each of the variables to identify 
correlations. Transformations { X22, Y5, X3, X4, X7, X20 } exhibited classic 
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heteroscedasticity and no appropriate substitute transfonnations could be identified 
to replace this set. As the contained variables occur elsewhere, the heteroscedastic 
set was removed from the regression process. The source of the correlation lies in 
the variable t1; thus, transfonnations { XlO, X6 }, having log values of tl, were 
also removed. 

The remaining set of transformations were submitted to step-wise linear 
regression to yield the following response function ( t-stats in parentheses): 
NPV = -178,684,687 + (4.03(X)1xlO-8

) (X33) + (7952974.82 )(X37) + 
(-7.257) (14.323) (4.141) 

(8077915.45) (X51) + (-0.001541) (XIS) + (-0.008049) (X3I) + 
(4.462) (-8.946) (-3.075) 

(2.164919) (Y3) + (8.260956) (X42) + (-1.34877xlO-9
) (X43) + 

(25.072) (1.450) (-11.411) 

(-0.579411) (tl) + (1.255xlO-9 
) (X4S) + (3598564) (X32) + 

(-11.940) (8.987) (3.743) 

(5413.369) (XS2) + (73509.622) (X40) + i 
(6.499) (1.917) 

Multiple R = 0.92, R2 = 0.85, Adjusted R2 = 0.84, 

Standard error = 41463724.8 

This function, the twenty fourth of twenty seven estimations, has the highest 
R2 value for the fewest number of variables. Figure 8.10, a histogram plot of the 
regression standardized residuals indicates that the error tenns are normally 
distributed with a mean of 0.0 and a standard deviation of 0.99 for a sample of n 
= 510_ Figure 8.11 is a scatter plot of the estimates of NPV, from the cash flow 
analysis, and the predicted values of NPV using the response function. The 
diagonal line trending at 45° slope from the origin represents a correlation of 1 
between the cash flow estimates and the predicted values. Using this line as 
goodness-of-fit guide, the scatter of points about this line suggests that the response 
function estimates NPV well. The greater number of points below but close to the 
line are off-set by fewer but more distant points above. This dispersion results in 
an apparent shift of the line to higher estimates of predicted NPV. The fit of the 
function at higher values of NPV is poor, suggesting that the function does not fully 
capture the economy of scale associated with the largest of deposits. 



Figure 8.11: Estimated versus predicted values of NPV using the response function. 
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Histogram of Residuals (r): r = NPV - NPV 
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CHAPTER NINE 
THE DRILLING SUB-MODEL 

PERSPECfIVE 

In Grayson's (1960) petroleum model the expected value of information is 

derived from a comparison to the minimum expected loss between drilling without 

information and doing nothing. The 'do nothing' alternative represents the common 

strategy of evaluating the search area and deciding whether to abandon the region in 

favor of searching anew, more prospective looking area. But, the minimum 

expected loss from drilling without information is not a common exploration 

strategy. Exploration drilling is an expensive search tool, usually target-specific 

and seldom applied prior to the acquisition of field information. In specifying 

drilling as an alternative to performing the survey, the Grayson model requires that 

drilling initially be void of strategy, reflecting no local knowledge prior to surveys. 

To be consistent with exploration practice, rather than treating drilling as a terminal 

action it should become part of the overall exploration strategy. 

Figure 9.1 depicts drilling as following some set of exploration programs. 

This specification requires a probability that one or two of the holes would detect 

the target (either the halo or deposit). When the spacing between holes is very 

small the probability of deposit detection approaches one, indicating that the target 

will be intersected. The value of such a drilling program would be the reward 

derived from the discovery minus the drilling cost: 

value = reward- cost (9.1) 

For any drill spacing having an associated detection probability less than one, the 

value of the drilling program may be modified to: 
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value == reward. (Pe) - cost (9.2) 

where Pe is the associated probability of detection for that spacing. 

When the estimated net gain of the next survey is less than the value derived from 

drilling, the latter strategy is preferred. This is denoted in Figure 9.1 by the 

dashed horizontal line leading from the survey column over to drilling. 

But, exploration drilling, as presented so far, is too simplistic to be of much 

abandon 
prospect 

Regional Exploration 

.. - - - - - - - - survey? - - - - - - - - -. 
no no 

I 
I yes 
I 

... 

regional surveys 
followed by drilling 

I 

I 

I 

halo target 4- - - - - - - - - - - - - - - - -

Local Exploration 
abandon 4 ________ survey ? ________________ • local 
prospect no drilling 

no I 

I 

• 

yes 

deposit target I 
4- - - - - - - - - - - - - - - - -

Figure 9.1: The exploration strategy for action at; where drilling follows the 
implementation of field surveys. 

practical use in exploration planning. Consideration must be given to defining a 

reasonable area to be drilled, determining the optimum drill spacing, estimating the 
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expected reward of a discovery across many deposit sizes, and specifying the per 

hole cost of testing the region to some depth. This chapter develops these concepts, 

leading to an optimal drilling strategy for use in DISCOVERY. We begin by 

defining the probability for deposit detection. 

THE GEOMETRIC PROBABILITY OF DETECI'ION 

DeGeoffry and Wignall (1985) in their evaluation of exploration activities 

provide a table of geometric probabilities for single detections of a target drilled on 

grids of various line spacings. These 'geometric' probabilities consider only the 

surface projection of the deposit and the probability of intersecting that projection 

by vertical drill holes on square or rectangular grids. Figure 9.2 depicts the 

geometry of drilling for a randomly oriented, elliptical deposit from a grid having a 

fixed line spacing (a). The holes are located at the grid vertices (solid lines), the 

spacing and configuration being adjusted by changing (a). Using DeGeoffry and 

Wignall's (1985) data, generalized equations for detection of a randomly oriented 

elliptical target by drilling can be estimated. 

Let A = L/2S, where S is the grid spacing and L is the length of the major 

horizontal axis of the target. The geometric probability (Pe) for a single 

intersection of a deposit is: 

Pe= -0 .14696 + (1.14146 *A) (9.3) 

Single intersections may not be useful exploration pathfinders when the search area 

is very large, requiring a great many holes. In these situations the intersecting hole 

would have to be recognized as being significantly different in mineralization and 

alteration from maybe 50 other holes drilled in the same region. Furthermore, even 

if the intersecting hole is correctly identified no information is provided on the 

orientation of the deposit and where to drill next. Thus, the geometric probability 



for a single intersection is replaced by the more robust estimate, a confirmed 

probability of detection (Pe '): 
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Pe'= -0.818844 + (1. 5188*A) (9.4) 

Confirmed detection is indicated in Figure 9.2 by the dashed lines at spacing (a '). 

The confirmed (Pe ') detection is desirable as two contiguous holes must contain 

mineralization/alteration in order to define the prospect. This requirement filters 

many isolated holes containing prospective looking mineralization As weU, the 

line joining the two intersecting holes defines the overall trend of the randomly 

oriented target. 

The estimation of Pe' requires the major axis of the expected discovery: 

Two relationships estimated from our spatial data set (Singer and Mosier, 1982) 

are used for this measure. As an example, consider a reference deposit containing 

400 million tons of acid soluble ore. The corresponding surface area for this 

reference is: 

Surfacearea = -1.1xl06 + 0.02461. (tonnage) 
=-1.lxl06 + 0.02461* (400X10 6 ) 

= 8,744,000 m2 

(9.5) 

And employing axial relationships, the b-axis for the surface area is estimated to be 

2861.0 m: 

b-axis length:; (surfacearea/ (1. 36 *3.142) ) 0.5*2 
= (8744000/4 .273) 0.5 *2 9.6 
=2861. a m 

Lastly, the major axis = (1.36*b-axis) and the long dimension in the horizontal 

plane is 3890 m. 

In comparison to the halo, the surface area of the ore zone is estimated to be 

676,235 m2: 
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surfacearea=508235 + (0. 00042* tonnage) 
=676,235 m2 (9.7) 

and the minor axis is estimated at 646.7 m2
: 

b-axis:::; (676,235/ (2.0587 *3.142) ) o.s *2 
=646.7 m2 (9.8) 

Lastly, knowing the a-axis=(2.0587*b-axis) yields a major length of 1331.3 

meters. 

Recalling that the acid soluble and sulfide ore tonnages are lognormally 

distributed, there is a wide range of target sizes possible. Assuming that the acid 

soluble ore overlies sulfide, the model is simplified somewhat by restricting our 

attention to the areal distribution of the upper mineralization. Even so, the 

probability for detection (Pe) or confirmed detection (Pe') is not independent of 

the distribution of acid soluble ore tonnages and estimating an optimal drilling 

pattern must consider the lognormal distribution of acid soluble ore tonnage. 

Let us return to the simple equation introduced at the beginning of the 

chapter: 

value = reward*Pe-cost (9.9) 

This equation is no longer relevant, as reward is now a vector of possible sizes of 

discovery - each of which leads to a different probability of detection (Pe) and 

measure of value. 

A COMPREHENSIVE MEASURE OF VALUE 

We require a more comprehensive measure of value in which Reward 

accounts for the natural distribution of deposit sizes that may be discovered. 

Likewise, we should also consider the distribution for grades (q) that may occur 

with each potential discovery. For simplicity, we can define tonnage/grade classes 
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and assign the distribution of ore accordingly. First however. we need to review 

some theory presented previously. and determine if small uneconomic tonnages 

should be considered when trying to define an optimum drilling strategy. 

THE ECONOMIC TONNAGE THRESHOLD 

In Chapter Three we specified that tonnages of discoveries be at least as 

great as t*. the minimum tonnage that can be economically exploited when q is the 

model grade. We can empirically test for t*. beyond which larger tonnages. on 

average. result in economically viable deposits. To make this estimation we must 

construct a program that yields values for economic deposits using various tonnage 

classes and the modal values for grades. Fonunately. we already have constructed 

a function to perform this calculation. By submitting simulated deposits (using the 

DISCOVERY deposit simulator) to the NPV response function. we can define an 

economic threshold (t*) beyond which larger tonnages should result in economically 

viable deposits. We have been careful to use the terms "on average" and "should 

result in" when referring to economic tonnages beyond t*. The reason is simple. 

everything else being equal ie. fix prices. depth. discount rate etc .• we could define 

t* to within a small range of possible values. But. everything else is not equal. 

these parameters vary to consider all possible scenarios that might occur using 

simulated deposits within DISCOVERY. As such. the precise value of t* is not 

estimable. Rather. we can define a general threshold of t* using the NPV response 

function and an equation parameteri7..ed on tonnage and grade: 

where 

E[NPV] 

lit lit 

~ 1: NPV( ti, qj) .p( til 'P(qj) 
f:1.: r1 

lit lit 

~ ~ P( til 'P(qj) 

P(ti) = P(t/ :s; T :s; t;"). i = I •...• m 

P(qi) = P(q;' :s; Q :s; <J;"). j = I •...• m 

(9.10) 



[ti' , t;"] and ['Ii' , q/'] are the ith tonnage and jth grade classes. 

k is the index for which tt ~ t* 

ti and 'Ii are midpoints of class intervals. 
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Perfonning 1000 iterations using this program defines a general threshold for t* to 

occur at 80 x 106 tons of acid soluble ore, or 150 x 106 tons of total ore. Upon 

first inspection this number seems alarmingly high. Certainly there are viable 

deposits producing today at a fraction of this total tonnage. Whereas this is true, it 

is important to recognize that t* is based on an expectation for NPV, considering all 

feasible ranges of price, grade, depth, recovery, etc. 

CONSTRUCTION OF TONNAGE CLASSES 

We can employ basic probability relations to compute the prior probabilities 

for combinations of acid soluble ore tli and sulfide ore t2j to give P(tJ. If acid 

soluble and sulfide tonnages are not correlated then the joint probability for 

combined tonnages is: 

(9011) 

where the last term is the joint probability for tl and t2• Considering lognonnal 

probability density functions for tonnage (PDF's): 

lntu lnt.j 

P(t10J+t;j) = f f(lnt1iPl)dlnt1 + f f(lnt2 iP2)dlnt2 
lnt.. lnt., ( 9 0 12 ) 
lntu1nt., 

- f f f(lntlilnt2'f2 (lnt2)1) dlnt2dlnt1 
lntu1nt., 

where f(ln t2, In tl; ).) is the joint pdf for tl and t2; ). is a vector of parameters; to Ii' 

to 2j are midpoints of class intervals [t'li' t\i] and [t' 2j' t\]. 

A table with the following headings can be constructed: 



i i efilJ ~ f!h;l ~ .:...L!1i"l PCli) 4 = Iii" + 12; 

and fUli") + PCI2j"> - PCt?j" ! tl.:.Lefil;") = P(t;;,> 
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If originally there were 20 potential tonnage classes, then we might prefer to use a 

smaller number in the overall value function. Simply classify tij into n, new and 

useful tonnage classes and sum associated probabilities Pij giving initial priors P(tk), 

k = 1,2, ... ,n,. . 

The new tonnage class midpoints (in tons) are: 

{225 x 106
, 375 X 106

, 525 X 106
, 675 X 106

, 825 X 106
, 975 X 106

, 1125 X 106
, 

1275 X 106
, 1425 x 106

} 

Again, these interval midpoints are for total combined tonnage of acid soluble and 

sulfide ore, above our economic threshold 1" = 150 X 106 tons. 

CONSTRUCTION OF GRADE CLASSES 

The prior probability distribution for grade is determined the same as for 

tonnage with on~ exception, acid soluble grade ql is not correlated to sulfide grade 

'b. Thus from basic probability axioms we obtain equation 9.13 where now P(qli 

n ~) = o. 

(9.13) 

Again a table with the following headings is constructed: 

and classify 'Ii; into n, new and useful grade classes, summing the associated 

probabilities Pij' to give initial priors P(tJ, k = 1,2, ... ,n,. 
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DETERMINING DRILLING COST 

The cost of drilling requires some special considerations - how deep should 

each hole go? We have from Nilsson (1992) that if the porphyry deposit contains 

less that 550' (165 m) of waste then it is viable for evaluation as an open pit 

operation. Thus, the drilling should have a minimum length of 165 meters. 

Likewise, from the geological review in Chapter Five , the oxide body is not 

modelled to continue below 1000' (304.3 m). If oxide mineralization is not 

intersected within the first 1000', it is not an economically viable target and we 

have defined the recommended maximum length of the holes. Using these 

constraints an expert from Discovery's panel selected an average length of 822' 

(250 m) and drilling cost estimates of between $40-50/foot including labor, 

infrastructure, and core analysis. Using an average of $45/foot the per hole cost is 

$37,440. 

DEFINING THE OPTIMAL DRILLING DENSITY 

We now have the values needed to estimate the function: 

Value = NPV' * Pe' - Cost, (9.14) 

where NPV' and Pe' are vectors based upon various size and grade classes. Until 

now the cost parameter has been fixed, implying that the optimal drilling density is 

for a fixed area. Varying the area will loosen this constraint, but not before 

examining some very interesting characteristics of the current system. 
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The Geometric Detection Probabilities 

The geometric probability for detection can now parameterized across all of 

the feasible tonnage classes (tJ and drill spacings (Sj): 

m n 

Pe = 1: 1: P(detect: Sit til *P( til 
)-1 ~-1 

(9.15) 

where P(detect : Sj and til is the geometric probability of detection for grid spacing 

j, j = 1, ... , m and P(tJ is the ith tonnage class, i = I, ... ,n 

Using equation 9.15 an estimated response function for confirmed detection 

of the halo is: 

Pe = 0.10727 - 1.25317X10-9 ·C1 + 0.0001176·C;/2 - 0.0010144·5j + 9.! 

(9.16) 

where Sj is the grid spacing in meters. 

Likewise, using equation 9.15 we can estimate a response function for 

confirmed detection of the deposit: 

For any area having size (a), the resulting geometric probabilities of a single 

detection of the alteration halo using tonnage classes ti are presented in Figure 9.3. 

Inspection of this figure suggests that for a 0.50 probability of a single drill 

intersection, the optimal grid spacing is 4600 meters. Stated differently, for a 

drilling program on a 4600 meter square grid, the probability of one DOH 

intersecting the randomly oriented target is 0.50. Suppose the search area (a) is 

arbitrarily set to be 20 x 20 km's, then this program requires 19 drill holes at a cost 

of 19 x $37, 500 = $712500. Now, if the explorationist requires a 0.60 

probability of intersection, the spacing must be tightened to 2700 meters. For the 

same area (a), a drilling intensity of 2700 meters requires 55 holes at a total cost of 



$ 2,057,613. It is impressive that the net gain in detection probability for this 

additional $1.34 million expenditure increases by only 10%. 
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Figure 9.4 depicts the geometric probability for a confirmed detection of 

the halo, in which two adjacent drill holes will pierce the target. Simple inspection 

reveals the appreciable tightening of the grid spacing for a confirmed detection. 

Using a search area of 20 x 20 Ion now requires 110 holes on a 1900 meter grid for 

a 50% probability of two halo intersections. The cost of this program is 

$4.125,000. When the explorationist requires a 60% probability of confirmed 

detection, the number of holes is 127, at a total cost of $4,762,500. Again, for a 

10% increase in probability the additional outlay is now only $637,500. Closer 

inspection reveals that the single detection curve in Figure 9.3 falls coincident with 

the confirmed curve for higher detection probabilities (note: discrepancies above 

0.70 result from plouing inaccuracies at two different scales). This is intuitively 

appealing, when the grid spacing approaches the size of the halo-axes length, single 

detections become confirmed detections because of the proximity of adjacent holes. 



Figure 9.3: Probability of a single driU·hoJe detection of the halo at various grid spacings. 
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Figure 9.4: Probability of a confirmed drill-hole detection of the halo at various grid 
spacings. 
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Optimal Grid Spacings 

Employing function 9.14 we can estimate the optimal grid spacing for both a 

single and confirmed detection. Initially, DISCOVERY was designed to employ 

grid drilling across a region equal in area to that covered by the other exploration 

surveys. Although not practical from a cost perspective, there is an optimal grid 

spacing for an area as large as 100 x 100 km. Figure 9.5 depicts the curve for a 

single detection across this area, indicating an optimal spacing of 4050 meters. The 

negative ponion of the curve represents grid spacings for which the drilling cost is 

far in excess of the expected net present value of reward. The corresponding 

probability of a single detection when drilled on 4050 m centers is 0.45. Most 

explorationists' however, should be unwilling to spend the required $22.8 million 

(610 holes) when there is only a 0.45 probability that one hole will even intersect 

the alteration halo. 

Perhaps some explorationists will be willing to consider the proposition of 

drilling the area if they are guaranteed a confirmed detection, one in which two 

holes intersect the halo. Figure 9.6 reveals that there is no optimal grid spacing for 

confirmed detection when drilling an area so large. Indeed, even when the 

probability of confirmed detection is 0.0001, the expected reward does not justify 

the drilling expenditure. 



Figure 9.5: Optimal drilling grid spacing for a single DOH halo intersection. 
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Figure 9.6: Optimal drilling grid spacing for a confirmed DDH halo intersection. 
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Figure 9.7: Optimal regional grid spacing for a confirmed DDH halo intersection. 
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Optimal Search Area Sizes 

Equation 9.14 can be tested using progressively smaller search areas to 

define a region of size (a') where grid drilling is feasible. That is, 'feasible' when 

reward is the expectation for NPV; conditional on the distribution of deposit sizes 

(tl+tJ and grades (ql+q2). Figure 9.7 is a three-dimensional bar chart where 

each row represents a different search area size. This figure is quite revealing; 

when the search area is smaller than 63 x 63 kIn the expected NPV justifies the cost 

of drilling (confirmed detection). The grid spacings for which this is feasible range 

from 1100 to 1500 meters. The optimum spacing is represented by the highest 

block, at 1200 meters. The probability of confirmed detection for a 1200 meter 

spacing, using Figure 9.4, is 1.0. In going to progressively smaller areas the 

optimum spacing trends towards 1000 meters. Of course, as Pe already stands at 

1.0, the additional cost from drilling on a tighter spacing is not justified and the 

spacing would remain at 1200 meters. 

If the area to be considered for drilling varies, then so does the probability 

that a deposit is within the sub-region selected. If we state that for a 100 x 100 kIn 

region the probability for a deposit to occur is 1.0, then for some arbitrary 50 x 50 

kIn area the corresponding probability is less than 1.0. This is commonly referred 

to as the "area of reduction model", as the search area is reduced the probability 

for a deposit to occur remain in the selected ground is less. Wary explorationists 

avoid selecting too small a search area, for fear that the probability for a deposit to 

occur is small. 

A more robust definition of our value equation 9.14, is to adjust the 

expected reward by the sub-area selected for drilling. The rationale for area

adjustment is that there should exist some optimum drilling intensity (Sj) and area 

(a') for which the value measure is a maximum. We re-define equation 9.14 as: 

Value = NPV' * Pe' * ak - Cost (9.18) 

where ak is the search area to be drilled. 
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Figure 9.8 depicts the area-adjusted measure of value. The set of blocks 

enclosed by the solid line define the drilling intensities (Sj) and areas (aJ for which 

Value is positive. The permissible search region is now smaller, a' = 17 x 17 kIn 

and Sj = 2200 is the first non-negative block. The corresponding probability of 

confirmed detection equal to 20%. Should the explorationist require the probability 

of confirmed detection to equal 1.0, the corresponding area a' = 10 x 10 kIn at a 

grid spacing of 1400 meters. 

Figure 9.8 is at first somewhat misleading. Although the probability for a 

confirmed detection of the halo is 1.0 for a spacing of 1400 meters, it is important 

to recognize that this is an optimum using the expected NPV. Even in a 10 x 10 

km area, the explorationist faces the risk of drilling a deposit whose NPV is far less 

than the expectation for npv - a value that is estimated across all tonnage and grade 

classes. 

In using the area-adjusted equation 9.18 for local drilling programs, in 

which the target is the deposit mineralization, the optimum drilling density is 900 

meters for all areas tested (Figure 9.9). Selecting 900 meters is somewhat 

subjective as the value surface is nearly a flat plane. For scaling purposes, the 

vertical axis in this figure is divided by 1 x 106
• The flatness of this plane may 

suggest that any search region smaller than a' = 10 x 10 km is favorable, as the 

mineralization search area is not appreciably smaller. The probability of confirmed 

detection Pe is 0.70, when Sj = 900 meters. If the explorationist should require a 

probability of 1.0, the spacing decreases to 700 meters. As there is an insensitivity 

of equation 9.18 to area, many of the concerns expressed for the regional model are 

not relevant. 



Figure 9.8 Optimal grid spacing with area-adjusted measures of value, regional exploration. 
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Figure 9.9: Optimal grid spacing with area-adjusted measures of value, local exploration. 
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DRILLING AS PART OF THE SEARCH STRATEGY 

We now have all of the information necessary to include drilling as part of 

the terminal action a1 -- following a set of field surveys. But, what drill spacing SI 

and area ak should be used? To be sure that no discovery 'slipped through our 

fingers' we could set the spacing so small that the vertices always fall on our 

randomly oriented deposit. This approach may ensure discovery, but it is 

prohibitively expensive. Conversely setting the grid to far apart saves money, but 

reduces the probability of detection to near zero. 

Figures 9.8 and 9.9 portray drilling as having two levels of intensity: 1) 

regional programs targeted to discovering alteration halos; and 2) local programs 

targeted to defining the zone of economic mineralization. The regional drilling 

program can be employed on an area as large as 10 x 10 km when spacing Sj = 
900 meters. The cost of this program is $4.62963 x 106 and the probability for 

confirmed detection is 1.0. Local drilling is considered for an area a' = 6 x 6 km, 

Sj = 700 meters, Pe = 0.9984, and cost = $2.7551 x 106
• These are the values 

entered into DISCOVERY's payoff table for action a1• 
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CHAPTER TEN 
DISCOVERY SYSTEM ARCHITECTURE 

OVERVIEW 

The DISCOVERY system may be conceptualized as four large blocks of 

programs linked via a central controller. Each block, consisting of three or four 

files each, represents a sub-model performing specific tasks. Within each file are 

functions that are accessible to both the controller and other files. There are two 

types of functions: 1) Main functions that pass and receive values from the central 

controller; and 2) Delayed functions that execute routines when prompted by the 

main function. Figure 10.1 depicts the overall morphology of Discovery showing 

the system of blocks and packages. In this figure the various files are denoted by 

.m suffixes. 

To better understand how these various pieces fit together we begin with the 

four building blocks of the system: 

1) the creation sub-model simulates a geologic environment consistent with 

porphyry copper exploration in Arizona; 

2) the net present value sub-model provides a time-discount dollar value of the 

potential discovery; 

3) the detection sub-module provides, by survey type and sampling density, the 

probability that the explorationist will detect and correctly identify the features of 

the deposit; and 

4) the Bayesian statistical sub-model estimates the value of information generated by 

each survey. 
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Figure 10.1: Overview of DISCOVERY system Architecture 
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Examining each block separately clarifies the overa]) morphology of the 

system. The foJJowing overview describes general attributes of the sub-models. 

System architecture is presented after the key components have been described. 

THE CREATION SUB-MODEL 

Perspective 
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The creation sub-model simulates the geological environment associated with 

porphyry copper mineralization. Geostate, a state of nature, is created to seed 

various key features into the model. These features come from the list of fifty five 

principal recognition criteria defined in the descriptive deposit model. The prior 

probability for each feature to occur in both the alteration halo and the ore zone of 

the deposit comes from expert opinion. These recognition criteria are sensitive to 

the host rock lithology requiring prior probabilities be provided for reactive and 

non-reactive rock types. 

The Seeding of Recognition Criteria 

A random variate is drawn from a uniform probability distribution defined 

on the interval [0,1]. If the prior probability for a principal recognition feature 

exceeds the value of the random variate that feature enters into geostate. All fifty 

five recognition criteria are tested against independent, random variates for 

inclusion in geostate on each iteration of the Monte Carlo model. 

This first step is performed in the file Creation.m through a call from the 

controller. Creation calls delayed functions within the file returning Geostate, a 2 x 

55 matrix of zeros and ones, the latter value (1) indicating that the feature has been 

seeded into the model. The first column corresponds to features in the halo and the 

second the ore zone. The contribution of each feature to the overall level of 

knowledge is estimated by the Environment file (lower left of Figure 10.1). 

Environ.m is a set of functions that estimate the knowledge each feature 

contributes to the overall system. From Chapter Seven we know the features 

seeded in geostate have a discriminating power in discerning the deposit during 



202 

exploration, by both survey type and sampling density. Each feature comes from 

one of six blocks representing the geological environment. Environ.m is the 

package that estimates the knowledge contribution of each feature by considering: 

1) the host rock type; 2) the rank weight of each feature within its block; and 3) the 

rank weight of the block, based upon survey type and sampling intensity. Klevel, an 

estimate of the knowledge level contributed by the collective features of geostate, is 

returned to the controller. 

THE NET PRESENT VALUE SUB-MODEL 

The net present value (NPV) sub-model is a single, large file containing 

functions that estimate the parameters of the economic deposit model and the value 

of discovery (refer to NPV.m in the lower central portion of Figure 10.1). The 

NPV function is constructed from engineering cost relationships requiring the 

physical parameters of the ore, the mining and processing recoveries, and a set of 

economic variables to capture the cost and revenue sides of production. The NPV 

sub-model estimates these parameters and passes them to a large array of variable 

transformations, where they are input to the response function. The result is an 

estimate of the net present value of each deposit generated by the creation sub

model. 

THE PROBABILITY OF DETECfION SUB-MODEL 

Estimating the probability for deposit detection by a particular survey and 

sampling intensity is a two step process performed in the file Detect.m (lower 

central block in Figure 10.1). Initial raw probabilities of detection are generated 

from simple regression equations that consider only survey type and scale. These 

raw scores must then be corrected for depth, size and distance of the nearest 

bedrock exposure to the deposit. Chapter Seven details the information needed to 

estimate these probabilities within the detection sub-model. Detect.m requires: 1) 

kIevel estimated in Environ.m; 2) the tonnages of acid soluble and sulfide ore; 3) 

the survey type and sampling intensity; and 4) the distance to the nearest bedrock 
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exposure. The latter three variables are all estimated and passed by the controller. 

For each survey and sampling intensity, a quadratic function relating probability to 

klevel and kleveF is evaluated for a probability. The raw probabilities for 

geophysical surveys are corrected for the effects of depth and size of the deposit, 

whereas geological and geochemical surveys are corrected for the distance to the 

nearest bedrock exposure. These corrected probabilities are returned to the 

controller for use in the Bayesian routine of the statistical decision sub-model. 

THE STATISTICAL DECISION SUB-MODEL 

This is the reasoning strategy sub-model consisting of the files Decision.m 

and Process.m, located in the lower right comer of Figure 10.1. Decision.m 

provides initial (static) estimates of net gain. As discussed in Chapter Three, the 

static estimates are made using the initial estimates for 01 and probability 

distribution for tonnage pet), determining the expected loss when the action taken is 

to abandon the prospect. This loss is then used to estimate the expected value of 

information and net gain for each survey. Once estimated, the static net gain is 

output to a file for later processing using the statistics programs. The regional and 

local surveys are run through the Decision.m - Bayesian model separately, and the 

results are stored as a Jist for use in the file Process.m. 

The Process.m file begins by sorting the list of results passed from 

Decision.m. This is a descending sort using the column entries for net gain of 

information. The survey having the largest net gain is selected and stored in a 

permanent file. This survey is then used to simulate exploration across the search 

area by testing its probability of detection with random numbers assigned to each of 

the geological features associated with the deposit. When the probability for 

detection is greater than the random number for a feature, that feature is said to be 

'discovered'. All features associated with the deposit are tested for discovery. 

It is at this point that DISCOVERY begins an iterative process of revising 

the estimates for 01 , O2 and P(t) based upon the features discovered. Chapter Three 

describes the Bayesian revision, and thus it will not be repeated here. Having 
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revised estimates for () and P(t) the marginal and conditional probabilities for all of 

the remaining surveys must be re-estimated. Accordingly, the value of information 

and net gain estimates for each of these surveys are re-estimated for all of the 

remaining surveys. The list passed from Decision.m has now be revised in two 

very important ways: 1) the survey having the highest static estimate of net gain has 

been moved to a permanent file; and 2) the estimated net gain for the remaining 

surveys has been revised through a revision of () and P(t). The list is now 

returned to the stan of Process.m for another sort. 

This process of simulating exploration using the top survey and revising the 

remaining estimates of net gain proceeds so long as two conditions are met: 1) the 

net gain is positive; and 2) the net gain from the top survey is greater than the 

drilling option. The first condition is a mechanism to prevent the system from 

conducting surveys that are not warranted, Le. the information gain is exceeded by 

the survey cost. The second condition permits the system to opt for drilling when 

the information gain from that program exceeds that of the next field survey. As 

discussed in Chapter Nine, the drilling option is a strength of the system, ensuring 

that only the surveys having high net gain are employed. So long as the two stated 

conditions are met, the program will continue to select the top survey, revise () and 

P(t), and revise the net gain estimates for all remaining surveys. 

SYSTEM ARCHITECTURE 

OVERVIEW 

DISCOVERY is written in Mathematica™, a C-based symbolic language 

preferred when large algebraic manipulations are required. Each file is a package 

of routines having a formal structure of identifiable components. The most 

important routine in each package is called directly from Controller.m. This 

routine is analogous to main ( ) in standard C programming, able to receive 

arguments passed from the calling function and return values. Like C, 

Mathematica passes-by-value sending a copy of the variable passed to the local 

function. Passing by value allows for the use of global variables in sub-routines 
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without the original value being changed. The copy is said to have a "local 

context" meaning it has a value only while the package is active. These variables 

are often labeled with aliases to denote their local scope. Within each package the 

main function calls delayed routines, passing and receiving values with them. 

Many routines use recursion, a technique applied to lists of data. Given this 

structure the best way to describe system components is with block diagrams, 

depicting the arrangement of the packages and routines. The following figures 

present each package using the block diagram convention. If a particular sub-model 

has two or more packages, then a diagram for each is presented. These diagrams 

begin with a header block indicating the name of the routine. Often this header 

name coincides with the name of the "main" function. Under each header block is 

a series of branches representing operations within the package. The order of 

execution is obtained from reading the blocks left to right. These blocks reveal the 

function call syntax, for example, Probtypell = [typeII] indicates that a local 

variable (ProbtypeII) is being set equal to the results of function typell. 

THE SYSTEM CONTROLLER 

The Controller, a Monte Carlo simulator, serves three functions: 1) to 

estimate global variables to be passed to sub-routines; 2) to simulate the attributes 

of the porphyry copper deposit using the creation sub-model; and 3) to call the 

other sub-models to determine the value of information provided by each of the 

surveys. Figure 10.2 depicts the overall architecture of DISCOVERY, showing 

how all other packages are called from within Contro1.m. This figure is also very 

good for presenting the overall flow of DISCOVERY, beginning with the creation 

of global variables (tl,t2, depth, etc.) leading to the simulation of regional 

exploraticn. Local exploration always follows regional, making use of revised 

probability parameters and expectation for reward (NPV). Figure 10.3 is a cross

section of figure 10.2 through regional exploration. In this figure we can see how 

Contro1.m calls the various routines that make up the system. The order of 

execution is important, where creation of the geological deposit is followed by the 
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CONTROL.m 

t1, t2, dePth,l·u -- - - - - u -- - - - - h - -- - - - - - - - - - -- --I CREATION 1 

ne.,est e,por: _______________________________ ~:' --O-R-I-L-L--'h 

E[npv). oPt~um drill spacing r i NPV ~ 
REGIONAL ~ 
EXPLORATION 
surveys 1-7 

I carry forward: _---------..J 
Revised prob. parameters 
Revised drill spacing 
Revised E[npv) 

I • LOCAL 
EXPLORATION 
surveys 8-16 

I Clear parameters +1 -------~ 

J 
II 

ORILL 

NPV 

Figure 10.2: The overall architecture of DISCOVERY, showing how all other 
packages are called from within the main package Control.m. 

construction of global variables; followed in-tum by calls to each of the major 

packages (environ, detect, etc.). The package Decision.m is where the static 

estimate of net gain is made, being revised through exploration simulated in 

Process.m. 

I 

.~ 

We can better understand Contro1.m by proceeding through the code in 

pieces, according to tasks being performed. The package begins by estimating tl 
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CREATION.m DRILL.m 
r- - d* J drillcost - geostate 

-! J 

NPV 
- E[npv] 

ENVIRON.m 
- klevel 

1 
DETECT.m 
- probdetection 

1 
DECISION.m 
- raw net gain 

1 
PROCESS.m :--

- net gain 

Figure 10.3: A cross-section of figure 10.2 through regional exploration. In this 
figure we can see how Contro1.m calls the various routines that make up the 
system. 

and 12, global variables (tonnages of oxide and sulfide ore) needed by the various 

sub-models. 

tl = Random[LND[ 17.52525, 1.764891]]; 
x = hrtl]; 
t2 = Ran(Jom[LND[ x, 0.6201376]]; 



208 

This Function estimates mu for use in t2, given the correlation between t1 and t2. 

Depth is a global variable seeded by a ca)) to the Random [] function across a 

uniform distribution defined on the range 0 and 100 m. 

Next is a ca)) to the creation sub-model to seed the various principal 

recognition features associated with the deposit. Returned to the contro))er is 

Geostate, a 2x55 presence/absence array for features in the halo and deposit. 

The spatial routine within the contro))er seeds the co-ordinates of the 

porphyry deposit and the population of local bedrock exposures. A nearest 

neighbor routine is employed to determine the distance to the closest exposure from 

the deposit. 

spatial = Blockr {}, 
num = RoundmndOm[LND[2. 767 0.S7S16~]; 
points. = Table able[R.8ndom[Reai, U. 100 ; {2}], {num}]; 
aeppoant = Ta lerRandom[Real, {1100}l, { 'J; 
(* accountin~ for lhe surface area 01 the lIaro, using 1/2 of the 

lengtlf of the b-axis *) 
(* fulldist IS the distance from the center of the deposit, from 

the outer limit of the halo *) 
surfacearea = -1.1 10"6 + 0.02461 * n· 
halfb = ( (surfacearea / (1.36 • 3.142»Xo.S) / 1000; 

The variable num is the value of a random variate from a lognormal 

distribution (LND) for number of inselbergs in the search area. Points and 

deppoint seeds co-ordinates of the exposures and deposit. Lastly. distlist calculates 

the distance from the outer limit of the halo (halfb) to each of the seeded exposures. 

distlist = Table[!rAbS[(POints[[illll- del!~intI[I]])]"2 + 
Abs[(points i~l.- clep'pointLlZ]])]"2 1, {i, , 

Len~ l~ants]}J; 
distance = MinralStllSfi; 
spatial~ult = Which[{aistal!ce < S), I, (distance < 10 && 

dIStance> = S), 2, (dIStance > = 10), 3]; 

The minimum distance (MinfdistlistJ) corresponds to the nearest exposure 

and this distance is then classified into one of three categories « 5. 5 < dist < = 

10, 10 < dist) using the function spatial result. 

DISCOVERY begins with an initial estimate of 81 and through revision in 

Process.m trends towards a value that is consistent with the features that are the 

block discovered in the area. This initial estimate is used to set the beginning value 

for AI' A2, and 82: 



thetal = theta; 
thetal = I • thetal' 
laml = thetal • 0.97329; 
lam2 = thetal • 0.02666 + theta2; 
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The core of controller is made up of two embedded For loops, each calling 

the knowledge level, probability, Bayesian, and process routines. The first loop 

runs through seven iterations, one for each regional survey, and is followed by a 

second run of nine iterations representing the local surveys. These loops cycle 

within process.m (calling f30[ ] ) continually selecting the survey having the highest 

net gain and performing the area of reduction drilling model. 

For[survey = 1, survey < = 7, survey + +, 
program = 1; 
k1evel = knowledl!ersurvey, spatial, geostate, p'rojtraml; 
probability = pro"bdetection[survey, tonnage, Clepaeptfi, 

klevel~ bay = Ba}'e5 ~'pv! survey, program, iternum, klevel, 
proba .fity]; 

Jf[survey = = 1, 
fJOvar = Tatile[{bay}1 
AppendTo[fJOvar, tiayl 

]]; 

f30[f30var]; 
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THE NPV SUB-MODEL 

Figure 10.4 corresponds to the net present value sub-model. Discovery 

value is estimated in two pans: 1) estimating the economic and mining parameters 

of the model; and 2) using these parameters in the estimation of NPV. The 

construction of variables and their transformations for the response function is 

represented by the two blocks in the lower left portion of the figure. The macro

variable list includes estimates for price (p), discount rate (r) and taxes (tf - federal, 

ts - state, and tp - property). The geological variables listed in the lower right box 

are physical and technical features that impact the mining of the deposits but not 

their discoverability. Collectively these variables are passed to the block on the far 

right of the diagram, f[NPV), where the response function generates a dollar value 

for each deposit. 

In Chapter Nine NPV is described as an expectation, across the range of 

possible tonnage and grade classes. The NPV program performs the expectation 

calculation, beginning with two For[] loops across the range of tonnage and grade 

classes: 

ti = {225 10"'!»..l 375 10"'~" 525 1~6" 675 10"'6, 825 10"'6, 975 10"'6, 
1125 1,,-6,1275 1,,-6 1425 lu"'6}; 

qj = {0.2, 0.6, 1.0, 1.4, 1.8, 2.2}; 

The npv for each combination of tonnage and grade is estimated and stored in a list 

together with the probabilities P(t;} and P('I;)' As the values for P(ti) are revised, 

so is the expected npv. Knowing the optimum drilling density, dstar, the 

probability for confirmed detection Pe can be estimated and the expected npv 

(E[ npv]) becomes: 
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E[npv] (10.1) 

where i = k is the index of the tonnage class that contains the minimum 

economically feasible tonnages of ore. This value of E[npv] is then returned to 

control for use in Process.m 

There is. utility in having a separate package for the net present value sub· 

model. If an analysis of the sensitivity of survey selection to npv is desired, the 

package could be modified by fixing a subset of variable values. Changes within 

the NPV.m package will not affect overall system operation - the controller only 

expects to receive an estimate of NPV, paying no attention to the way in which the 

estimation is made. If desired, the NPV estimate can be fixed by inserting a 

constant for the return value. 
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Figure 10.4 Net Present Value submodel "" .... 
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THE CREATION SUB-MODEL 

Figure 10.5 describes the creation sub-model, beginning with the 

determination of host rock lithology in the lower left block. Host rock-type affects 

the set of a priori probabilities, used to seed the various principal recognition 

criteria. Two states are created: 1) halo_state seeds features within the deposit 

halo; whereas 2) deposit_state seeds features within the ore zone itself. Both states 

are estimated by a separate routine as indicated by the pair of boxes in the lower 

center of the diagram. The following code fragment describes seeding features 

into the halo: 

halostate = Tablerhalofi, hosth {i, 1, SSll; 
halo[i_i hostJ : ='1'[ Ra:ndomllnteger, {O',lOO}] < = host[[i,3]], 

, 0]; 

The first line is contained within the mainO routine, calling on the delayed function 

halo[) to perform the seeding. Note that this is an example of recursion 

programming - halostate calls halo[] 55 times {i, 1, SS}. once for every possible 

principal recognition criteria. But, halostate and depositstate are considered to be 

'raw' vectors, needing revision to account for dependencies in some of the features 

seeded. As a simple example, consider that the random seeding indicates that> 

2% cpy will occur in the deposit. Knowing that> 2% cpyoccurs, it is 

reasonable that < 2% cpy will also occur. Indeed, any of the 55 geological 

features having quantity descriptors need to be corrected in this way. The 

correction is quite simple: 

revise[stat~ ] := Block£{newstate = {} }., 
For[ffi = 1 H m < 18, m + = Z, Block£{}, 
A'ppendTo newstate, staterrm]J ]; 
IrLstatd[m = = I,AppeniITo newstate,l], 

AppendTo[newslate, 0] ; 
]; 

~or[m=I9, m<S6, m++, AppendTo[newstate, state[[m]]]]; 
newstate]; 

For each of the first 18 features, the revision on function Revise[]checks to see if 

the > quantity occurs, if so then the < quantity is forced into the state. The 

remainder of the seeded features are then appended to this new state. To each of 

these states is appended a column of index numbers, for use in the modelling of 
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exploration. When a feature is discovered in Process.m the index number is read 

and the corresponding klevel contributed by that feature is known. 

Collectively the halostate, depositstate, and index number form Geostate, a 

55 x 3 array representing the geological environment associated with the deposit. 

The Joinlist£] function in the lower right of the diagram pairs each entry in 

halo_state with its corresponding member in deposit_state. 

state = JoinList[halostate, depositstate, index]; 

Controller sets the global variable Geostate equal to the value returned from 

creation - state. The first two columns of Geostate consist of 1 's and O's, the 

former indicating the presence of that feature for the current iteration. 
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THE DETECfION SUB-MODEL PART I: DETERMINING THE KNOWLEDGE 

CONTRIBUTION 

This sub-model begins with a selection of block weights to be used with 

each survey (refer to Figure 10.6). This is the environment portion of the 

detection sub-model. The lower left box in the figure denotes a call to f15[], a 

routine that provides a list of block weights for all distances to the nearest bedrock 

exposure. 

ns[surve~ := Switch[survey, 
1, {.112, .092, .082}, {.14~.09, .07U, { .178, .118, .096}, 
{.I , .16, .19S}, {.26, .318, .",62}, {.128, ."219, .198}} ), ••• ] 

This code fragment says that if the survey is = 1 (regional geology @1:64,OOO), 

then use this sub-list of block weights. The complete Switch[] statement contains 

sixteen sub-lists. Each sub-list has six entries of three values each, one for each 

class of distance to the nearest bedrock exposure. Environ.m receives the distance 

to the nearest bedrock exposure (the spatial routine in controller) and selects those 

weights that are appropriate: 

blkweight = Table[weights[[i,spatial]], {i, 6}]; 

Here spatial is a class number ranging between 1, and 3, depending on the distance 

of the exposure. These three values correspond to distances of (dist. < 5 km, 5 

km < dist. < 10 km, 10 km < dist.). The function then builds a table with the 

appropriate weights. As an example, when spatial = 2 the function selects the 

second column from the first entry (0.092), the second column from the second 

entry (0.09), ... etc. This function call is represented by the block in the center of 

Figure 10.6. 

Having the set of block weights allows for the estimation of the knowledge 

contributed by each recognition feature seeded. The block on the lower right side 

of the diagram, labeled Knowledge = [contribs], represents a complex routine. 

For each principal recognition feature the function multiplies the block weight by 

the variable weight. This value is then multiplied by the en~ry in geostate for that 

variable: 
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6}]; ••• ] 
~~:;'~!b~v-f~61e[~~.;'U~h~blf:~\;~f[tni~~:Jt~[h!:~:JJ~i], {i, 1, 

In this fragment we consider those recognition features coming from Block One 

(local variable setone), the supergene minerals. This block contains six minerals, 

iterating across each {i, 1, 6}. Since geostate consists of l's and O's indicating 

presence and absence, if the feature has been seeded into the deposit, multiplication 

will result in a positive value, else multiplication by zero results in zero knowledge 

contribution. The sum of these values across all six blocks (setone to setsix) 

constitutes the total knowledge contribution used in the detection equations: 

contrib = Join[setone, settwo, setthree, setfour, setfive, setsix]; 

Contrib is returned to controller where it is assigned to global variable kleve!. 

THE DETECfION SUB-MODEL PART II: THE DETECfION ROUTINES 

The second half of the Detection sub-model estimates the probability for 

detection (Figure 10.7). Klever is used to estimate the probability for detection by 

survey type. The following code fragment shows how the quadratic equations 

estimated from the probability of detection graphs (in Chapter Seven) are integrated 

into the system. In this example the Switch[] statement says that if the survey is 

equal to 1 (regional geological mapping @1:64,OOO) then use the following function 

to estimate the raw probability of detection: 

n[surv~_, kJevel.J := Block[{}, 
S-wltchr survey 
1, 0.4734 • (0.4557 • k1evel) + (0.8958 • k1evel"2), ••• J 

The full statement has 16 equations, one for each survey. The box in the lower left 

comer of Figure to.7 depicts the estimation of a raw probability using the f1 

function. This estimate is then revised for depth and size of the deposit. Note that 

only the geophysical surveys undergo these corrections, although all pass through 

the routine. Simple Switch[] statements embedded in these correction functions 

discern the geophysical surveys and act on them accordingly. These correction 

functions are more complex than the simple quadratic function above. The first 
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example describes a piece-wise linear fit to the data for aeromagnetic surveys @ 1 

mile line spacings: 

whf2 = Which[ depdepth < 75, 1", 75 < = depdepth < 100, 
.96:.100 < de~epth < = 15u,.90, ••• ] 

Where, for depths of < 15 meters, the raw probability score is not adjusted (whf2 

= 1). 

The correction for size of the deposit is more complex, having to consider 

deposit tonnage expressed in size classes. The following example is for 

aeromagnetic surveys @ 112 mile line spacings (survey 5) and a tonnage between 

200 and 400 million tons (class 2): 

f8[survel' class, tons 1 : = BlockH}, 
••• SwitcltTsurvey-&& crass, 5 &&"2, «0.00325 • tons) - 0.3), ••• ] 

This time the full statement contains 48 equations, one for each survey and spacing 

(16), and each tonnage class (x3). 
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THE BAYESIAN SUB-MODEL - PART I: STATIC ESTIMATES OF NET GAIN 

It is in package Decision.m where the static estimates of net gain are 

estimated. As discussed in Chapter Three, the probability for type II errors is 

limited to detection of deposits having sizes in the smallest tonnage class. These 

probabilities form the lower arm of the Bayesian decision tree and are necessary for 

estimating the marginal probabilities of abandoning/continuing the exploration 

programs. Thus, Decision.m begins with a call to the package Detect.m to 

df!termine the probability of detecting the smallest tonnage class by surveYi: 

(* estimating P(Gd : i, 8J where 10 10"6 tons is the tonnage of 
the la~est cre~sit for wlilch type II errors occur *) 
refpro6 = 1 • Appll'[Plus, Ptiflietal1; 
Ptref = (probdelecfion[survey, 10 10"6, depdepth, k1evel]) * 

rerprob; 

where refprob is the probability for the smallest tonnage class to occur. This 

probability for detection multiplied by the probability for this tonnage class to occur 

is carried throughout the system as the probability for Type II errors (Ptref). 

A second call to Detect.m provides the probability for detection of the 

geological features, across all other tonnage classes: 

detections = Ta~le[(pro~ete~tionrsurve'y/. .tilIi]], depdepth, k1evel]) 
Ptlthetalf[I]], {I, I, Lengtfiltl]fJ; 

probdetecl = Apply[Pfus, detections]; 

Where instead of passing a single tonnage estimate, we now pass (ti[[i))), the 

remaining distribution of tonnage classes above t". This necessitates that the vector 

of probabilities for detection be multiplied by the corresponding probabilities for 

each tonnage class to occur (Ptithetal[[i))). 

The following code fragments provide estimates for the marginal 

probabilities: 

Oddl = probdetect* (laml) + Ptrer * (lam2); 
fldd2 = (1 - probdetect) * (laml) + (1 - Ptrel') * (lam2); 

Here ftddl denotes the action of continuing exploration (ft) when the deposit is 

present in the search area (ddt). These are followed by estimates for the 

conditional probabilities. The following example is when the survey has indicated 



a detection of the deposit when the deposit is indeed present, denoted by the 

variable name psi 11 : 

psill = (probdetect * lamt)! (nddt); 
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The block labeled Bayesian Model in Figure 10.9 represents three function 

calls - [risk], levi], and [net gain]. Collectively these functions perform the 

Bayesian probability estimation described algebraically in Chapter Three. The 

function [risk] uses estimates of: 1) the conditional risk of continuing to explore the 

search are when the deposit is not present (PI); 2) abandoning the search area when 

the deposit is present (P2) ; and 3) the marginal probabilities (flddl/f2dd2) to 

estimate the unconditional risk p3. This value is assigned the local variable name 

rh03 in the code. 

rhol = ~11 * PSillj; rho2 = 13 * psi2t ; 
rhoJ = rhol * n dt) + (rho2 * f2dd2); 

where 11 = (ml - npv) and 13 = (ml - 0) when ml = Max[npv. 0]. The latter 

expression for m 1 comes from the payoff matrix when abandonment/continue are 

the actions available to the explorationist in the search area. 

The estimation of evi comes from subtracting rh03 from the minimum 

expected loss of the [abandonment/continue] action: 

evi = exploss - rho3; 

and knowing the survey cost we an estimate the net gain: 

gain[evi_, surveycost..,] : = (evi - surveycost); 

The array of variables (holder) returned to controller for use in the dynamic 

model contains either the first seven regional surveys or nine local surveys when 

passed to the processing package. The variable list holder contains: 

holder = Table [ {{Pl'9gram, surv~y, netgain, .probability, 
survey-cost, kfevel, npv1 Ifemum, dnDcost}); 

Survey cost. the fifth entry in holder, is determmed from a look-up table embedded 

in Decision.m. The values in this table are explained in Chapter Seven and can 

easily be modified to reflect changes in exploration costs. 
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THE BAYESIAN SUB-MODEL - PART II: DYNAMIC ESTIMATES OF NET 

GAIN 

The dynamic model is wholly contained in Process.m, the largest and most 

complicated package in DISCOVERY. Overall, this model is very similar to the 

estimation of static net gain made in Decision.m, employing the minimum expected 

loss from the alternative action to estimate the net gain derived from employing the 

survey. The significant change is the introduction of cxploration modelling, 

allowing the system to search for features associatcd with the deposit by using the 

surveys available. Rather than repeat the algorithm for estimating net gain, this 

section will focus on the exploration modelling routine and how discoveries lead to 

the revision of the probability distributions for tonnage and OJ - the probability for 

the deposit to occur in the search region. 

The static estimates of net gain are passed to Process.m from Decision.m as 

a list called holder. Holder is sorted in descending order to move the survey 

having the highest net gain to the top of the list. 

holder = Revers~Map[RotateRight[H,2]&,Sort@Map[RotateLen[H,2]&, 
So 1 h hoi. er:]]J; .. 1· ·11 b d d H Id . ong as t e top net gam IS posillve - exp oratton WI e con ucte. 0 er IS 

passed to function f31, a routine that removes the top survey, ( the row contains 

{program, survey, klevel, npv, iternum}) and writes it to a permanent file. If the 

program is regional, then the top entry is written to Regional, else it is written to 

Local. This survey is then used to simulate exploration for the features associated 

with the deposit. Exploration begins by testing the probability for detectiun 

associated with this survey against random numbers generated for each of the 

associated features. 

explore[triplet , probability 1:= IflRandom[Real, {O,I}] < = 
probabilitY, triplet, lU,O O} J;_ 

Those features having random numbers fess than the detection probability are said 

to be "discovered", entered into the triplet as a 1. When the feature is not 

discovered then 0 is entered into the triplet. The first column is for features 

discovered during regional exploration, the second for local and the third column is 

for the index number associated with the feature. 
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When features are discovered in explore then the probability distribution for 

tonnage P(ti : 8 I) and P(8J must be revised, to reflect the increase in knowledge. 

With a revision in these probabilities comes a revision in E[npv] and the optimal 

drilling density. All of these revisions are made in frevise. a long and complex 

function that is called from f31. 

The first step in frevise is to estimate the k1evel associated with the features 

discovered: 

For[i=l,. i < =Lengt~[discovers~tl i+ +, Block[{}, 
Daslndex = Clascoverset[[Il!\ 
WeightlistPos = Position e~htInd~~, Dislndexl[[l~ln; 
AppendTo[weightset, SU weightlist[L neightlistYos,IJf] 

]; 

~isklevel = Apply[Plus, weightset]; 

Here two lists are used: 1) weightlist - a vector passed in to frevise from the 

environ.m package containing the klevel of each feature seeded with the deposit; 

and 2) discoverset - the list of discoveries passed to frevise by f31. Summing the 

individual klevels associated with discovered features leads to disklevel. the amount 

of knowledge gained from employing the survey under consideration. Knowing the 

value for disklevel. we can now re-estimate the Bayesian equations: 

(10.2) 

where i = 1 •... , 10. and 

PCGj'lC,Ot) -prElOt ) -P(02 ) 
PCC,02: Gj) = ----------------~--~~~.--~----~-------------

PCGf'le, eti 'P(elOt ) -P(O;!) + 1: P(Gjl ti,Ot) °pC ti l 6t ) -PCOt ) 
~·1 

(10.3) 



225 

The reader is reminded that (10.2) and (10.3) are unconditional Bayesian relations, 

as they have been especially constructed to conform to the particular needs of 

DISCOVERY, specifically the compound state of nature [0) -- > deposit presence 

and tonnage greater than T (minimum acceptable tonnage)]. The probability of 

detecting the geological features using survey i ( P(Gj
D : ti, 0) ) is estimated with a 

call to the probability of detection function (probdetection), passing it the range of 

tonnage classes above to: 

PGdti = Table[(probdetection[survex, ti[ri]], deP-depth, diskievel]) 
Ptithetal[[i]] , {I, I, Ungtli[tiH); 

The term P(ti : 0) ) is represented in the function by the variable Ptitheta1 and is 

the probability for each of the tonnage classes to occur. The numerator of function 

10.3 is represented by: 

Ptref = (probdetection[survey, 10 UY'6, depdepth, diskievel]); 

Here just a single tonnage 10 x 106 is passed to the probdetection function. The 

numerators in both functions 10.2 and 10.3 include a multiplication by the term 

P(O), the probability for the deposit to occur in the search area. Thus the full 

numerator for Bayes1 is: 

numerl = Table[(PGdti[[i]] • tbetal), {i, I, Lengtb[PGdti]}]; 

and Bayes2 is: 

numer2 = Ptref· 1.0 • tbeta2; 

The denominator for both equations is: 

denoml = (Apply[plus, numerl] + (Ptref· 1.0 • tbeta2»; 

and we now have all of the components necessary to estimate both Bayesian 

probabilities: 

bayesl = Table[(numerl[[fll I denomlhii, I, Length[numerlH ]; 
bayes2 = numer2 I (numer'l + Apply[plus, numerl]); 

Bayes! is a list of values, one estimate for each tonnage class. Each value in the 

list is the probability for that class size to occur, given the discovery of the 

features. This is a revision of the original probability distribution for tonnage: 

newPtitbetal = bayesl; 

Summing the values provides the revision of 8): 



newthetal = Apply[Plus, bayesl]; 

The new value for il2 is equal to the estimate of bayes2: 

newtheta2 = bayes2; 
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With a new probability distribution for tonnage, the expectation for npv must also 

be re-estimated: 

npv = f22[newPtithetal, depdepth, dstar, program]; 

Having revised estimates of npv, 9" and 92 all of the remaining surveys in holder 

must now be adjusted to reflect a change in the minimum expected loss from the 

alternative action - abandonment. For each survey, changing the marginal and 

conditional probabilities requires that the probabilities for detection be revised to 

reflect the new probability distribution for tonnage classes. Thus, the revision 

model begins with calls to probdetection in the package Detect.m: 

detections = Table[(probdetection[surv~\ ti[[il]' depdep.th\ 
disklevjtl)) ·newPtithetalWJh{t, ,Lengtli[ti]r]; 

probdetect = Apply[PIus, detections]; 

With these new detection probabilities the marginal and conditional probabilities are 

revised: 

Odd 1 = probdetect· (newlaml) + Ptref· (newlam2); 
f2dd2 = (1 - probdetect) • (newlaml) + (1 - PtreO (newlam2); 
psill = rrotidetect • newl8ml)1 (Odd 1); 
psi12 = reO· newlam2 I(Oddl • 
psi2l = l· ~ro;Jetect) • ~newlaml\t (f2dd2); 
psi22 = l· PtreO • (newl8m2) I (addl); 

With a new minimum expected loss the unconditional risk of performing the survey 

(Q3) must be re-estimated, leading to a revised estimate of net gain: 

rho3 = (rhol • Oddl) + (rho2 • f2dd2); 
evi = exploss - rho3; 
netgain = evi • revisedholder[[i,5]]; 

where revisedholder[[i,5]] is the cost of performing the ith survey. 

Now the revised estimates of net gain and npv for all of the remaining 

surveys must be entered into holder to be used in the next iteration of the loop, ie. 

for the i +Jth survey. We begin by pulling the row of data that corresponds to the 

ith survey and assigning it to the local variable name entry: 



entry = revisedholder[[i)]; 

The old estimate of net gain (at position 3) is replaced with the revised estimate 

using the Drop and Insert commands: 

dropone = Drop[entry, {3,3}]; 
entry = Insert[aropone, netgam, 3]; 
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The same operation of Drop and Insert is used to enter the revised estimates of npv. 

droptwo = Drop(entry, {S,S}]-
entry = Insert[droptwo, npv, 5] 

Lastly, the original ith row of data is replaced by the new values contained in entry: 

temp-holder = Drop[revisedholder, {i,i}]-
modholder = Insen[tempholder, entry, i']; 
revised holder = U; 
revised holder = mOd holder 

Revisedholder now contains revised estimates of newthetal, newtheta2, 

newPtithetal, npv, new lam 1, newlam2, and net gain; the latter being an individual 

estimate for each of the surveys. Lastly, program execution is returned to function 

f30 to begin the next exploration iteration. 



CHAPTER ELEVEN 

PRESENTATION OF RESULTS, INTERPRETATION AND 

RECOMMENDATIONS 

THE STATIC MODEL 
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DISCOVERY was run through 10,000 iterations on a SPARC lOTMcomputer. 

The program takes 6.5 hours of cpu time to complete the iterations and 4.5 hours of 

cpu time for processing of the results. The payoff matrix contained value and cost 

measures as defined in Chapters Three and Seven. The system is started using an 

initial value of 01 =0.5, resulting in a )..1 of 0.48. 

DISCOVERY outputs the results of each iteration to an ASCII file for 

processing by two statistical summary programs. Stat.m is a Mathematica™ program 

written to read the results of each iteration and rank the relative magnitude of the net 

gain associated with each survey. The program then plots histograms of the number 

of times a particular survey ranks first, second, third, etc. relative to the net gain of 
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the other surveys. These summary plots have the title "Frequency of placings for 

survey X". A second series of plots are then generated to depict the survey having 

the overall highest net gain, second highest, etc. These plots are informative in 

describing visually that survey which would be employed first, second, and onwards 

to the least powerful exploration technology. Similar in appearance to the "frequency 

of placings" plots, these histograms are labeled "X highest net gain, Regional 

Exploration" . 

It is important to recognize that DISCOVERY consists of two models: static 

and dynamic: accordingly outputs of DISCOVERY include static and dynamic 

measures of net gain. As such, the summary plots have slightly different 

interpretations, depending upon the model being employed. For the static estimates 

the relative ranking of surveys by net gain should not be misinterpreted as the 

optimum search sequence, as exploration has not been simulated. Although these 

plots do indicate the relative strength of each survey, the overall sequence might be 

expected to change as exploration proceeds. The static model is effective however in 

describing in a monetary sense the net gain of employing anyone survey over the 

terminal actions specified in the payoff table. 

A second program, Stat2.m, processes files generated by Stat.m to yield 

relative frequency histograms and relative cumulative frequency plots. For each 

survey these plots are accompanied by estimates of the mean, median and mode of 

the distribution together with the 25th, 50th, and 75th quantiles. 
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The summary plots that foHow are for DISCOVERY's static estimates of net 

gain. The plots identify the technology using numbers that correspond to the 

following surveys: 

Regional Surveys 

Geological mapping 1:64,000 scale survey 1 

1 :24,000 scale survey 2 

Geochemical sampling 1:64,000 scale survey 3 

1:24,000 scale survey 4 

Aeromagnetic surveying 1 mile flight line spacing survey 5 

112 mile flight line spacing survey 6 

114 mile flight line spacing survey 7 

Local Surveys 

Geological mapping 1" = 1000' survey 8 

1" = 500' survey 9 

1" = 200' survey 10 

Geochemical sampling 1" = 1000' survey 11 

1" = 500' survey 12 

1" = 200' survey 13 

Induced Polarization 2500' line spacing survey 14 

1000' line spacing survey 15 

500' line spacing survey 16 



REGIONAL EXPLORATION 

RANKING BY NET GAIN 
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Figure Set 11.1 that follows presents a summary of how each survey ranked 

relative to the other regional surveys across 10,000 iterations. The vertical bars of 

the histograms represent how often that particular survey ranked second, third, etc. It 

takes only a cursory examination to note that most surveys are contained within a 

very tight distribution, falling in only two or three rank classes. 

A corresponding set of figures presented in Figure Set 11.2 summarizes the 

overalJ first place finisher, second, etc. Each figure considers all seven regional 

surveys, comparing the number of times each of them occupied a particular rank. 

The following discussion of regional exploration utiJi7.eS Figure Sets 11.1 and 11.2. 

Perhaps more can be gained by folJowing along in Figure Set 11.2 and referring to 

11.1 only when necessary. 

First 

Aeromagnetics at a flight line spacing of 114 mile (survey 7) has the honor of 

being the top ranked regional survey. There is a very slight competition from 

aeromagnetic surveys at flight line spacings of 1 mile and their respective "frequency 

of placings" plots indicate that both surveys have little dispersion, not competing with 

any of the geological or geochemical technologies. 
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Second 

Aeromagnetic surveys at a 1 mile line spacing (survey 5) holds second place. 

competing slightly with aeromagnetic surveys at a 1/2 mile line spacing. The latter 

survey finished second on fewer than 5% of the runs. 

Third 

The "frequency of placings" plots for aeromagnetic surveys at 112 mile line 

spacing (survey 6) has a wider dispersion and although dominantly in 3rd place has 

competition from geochemical surveys as scales of 1 :64,000. The geochemistry 

1 :64,000 bettered the aeromagnetic 112 mile spacing in greater than 10% of the runs. 

Fourth 

Geochemistry 1 :64,000 (survey 3) does not have competition from the other 

geochemical or either of the geological surveys. This is evidenced in the fourth 

highest net gain plot where it shared the slot only with aeromagnetic 112 mile - a 

survey that overall finished well ahead of it. 

Fifth 

Fifth place is where the closer competition between surveys really begins. 

Refer to the plot "5th highest net gain" where although geochemistry 1:24,000 is 

dominant in the 5th place rank, it does yield to geology 1 :64,000 on 15% of the 
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runs. Likewise, geology 1:24,000 begins to exert some presence, occupying the 5th 

place slot on 5% of the runs. 

Sixth and Seventh 

These ranks arc split between geology 1 :64,000 and 1 :24,000 with the latter 

holding a 2:1 edge. Refer to the plots "frequency of placings for surveys 1 & 2" to 

appreciate the greater dispersion of the relative rank. 
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Figure Set 11.1: Frequency of placing for regional exploration surveys. 
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Figure Set 11.2: Ranking of surveys by netgain. regional exploration. 
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LOCAL EXPLORATION 

RANKING BY NET GAIN 
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The local exploration surveys show a much stronger differentiation with 

respect to relative ranking. Again a survey by survey summary describes how it 

ranked relative to the other regional surveys across 10,000 iterations (refer to Figure 

Set 11.3). Even more than in the regional exploration, most surveys are contained 

within a very tight distribution across one or two rank classes. 

The corresponding set of figures presented in Figure Set 11.4 summarizes the 

overall first place finisher, second, etc. Each figure considers all seven regional 

surveys comparing the number of times each of them occupied a particular rank. 

The following discussion of local exploration utilizes Figure Sets 11.3 and 11.4. As 

was suggested for regional exploration, more can be gained by following along in 

Figure Set 11.4,. referring to 11.3 when necessary. 

First 

Geology 1" to 500' (survey 9) ranks first amongst the local surveys. 

Geochemistry 1" to 1000' competes very slightly for the position but in those 

instances Geology 1" to 500' falls solidly into second place. 
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Second 

As mentioned Geochemistry 1" to lOoo' occupies second place, rarely 

attaining first and with slight competition (10%) from geology 1" to 1000' (survey 

8). 

Third 

Consistently in third place is Geology 1" to lOoo' with virtually no 

competition from 

below (see "3rd highest net gain"). As mentioned on 10% of the runs it betters the 

If}. finisher - geochemistry 1" to 1000'. 

The Remaining Surveys 

The remaining surveys do not vary in their relative rankings, as follows: 

fourth - IP 2500' line spacings (survey 14) 

fifth - Geochemistry 1" to 500' (survey 12) 

sixth - Geology 1" to 200' (survey 10) 

seventh - IP 1000' line spacing (survey 15) 

eighth - Geochemistry 1" to 200' (survey 13) 

ninth - IP 500' line spacings (survey 16) 



Figure Set 11.3: Frequency of placing for local exploration surveys. 
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Figure Set 11.4: Ranking of surveys by netgain, local exploration. 
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RELATIVE FREQUENCY AND CUMULATIVE RELATIVE FREQUENCY 

PLOTS 
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Figure Set 11.5 that follows presents relative frequency histograms and 

cumulative relative frequency plots for all regional and local surveys. Table 11.1 

contains the summary statistics for these curves, reporting the mean, median, 

geometric mean and quartile estimates. For curves having a large negative 

component the geometric mean is not estimable. The following discussion 

summarizes the information contained in the cumulative plots. 

Regional Exploration 

Geology and Geochemistry surveys exhibit nice smooth Sand truncated-S 

curves in their cumulative relative frequency plots. Their corresponding relative 

frequency plots are histograms with strongly skewed right-hand tails. Geochemistry 

at 1:64,000 is the most fully developed curve in terms of exhibiting a bell-shaped 

distribution. 

Aeromagnetic surveys have very unusual plots. Although dominant over the 

geological and geochemical surveys in terms of their relative ranking, they have very 

irregular, multi-modal histograms. For all three line spacings the relative frequency 

plots appear to represent two mixed populations. The corresponding cumulative 

relative frequency curves contain abrupt changes in slope, again suggestive of two 

populations. More will be said on this in the interpretation section that follows. 
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Local Exploration 

Again, the relative frequency histograms for geological and geochemical 

surveys are nicely formed, bell-shaped distributions. The corresponding cumulative 

relative frequency curves are smooth S-shapcd distributions. Interestingly, as was 

true for the regional geophysical surveys, the local IP surveys are characterized by 

multi-modal relative frequency histograms. These plots appear to suggest two 

distinct populations of net gain estimates are generated by DISCOVERY. 

Geological Mapping 1:64,000 

mean 669592, median 660280, geometric mean 669052 

percentiles: 25th -- > 648156, 50th -- > 660280, 75th -- > 682278 

Geological mapping 1 :24,000 

mean 6901744, median 674294, geometric mean 688261 

percentiles: 25th -- > 650812, 50th -- > 674294, 75th -- > 713588 

Geochemical sampling 1:64,000 

mean 690174, median 674294, geometric mean 943175 

percentiles: 25th -- > 867279, 50th -- > 928521, 75th -- > 1.01518 106 

Geochemical sampling 1:24,000 

mean 762143, median 733820, geometric mean 758285 

percentiles: 25th -- > 702602, 50th -- > 733820, 75th -- > 797430 



Aeromagnetics 1 mile line spacing 

mean 1.45681 106
, median 1.46486 106

, geometric mean 1.45648 106 

percentiles:25th -- > 1.44597 106
, 50th -- > 1.46486 10\ 

75th -- > 1.47533 106 

Aeromagnetics 112 mile line spacing 

mean 1.11928 106
, median 1.11085 106

, geometric mean 1.11835 106 

percentiles: 25th -- > 1.09425 106
, 50th -- > 1.11085 106

, 

75th -- > 1.14454 106 

Aeromagnetics 114 mile line spacing 

mean 1.55591 106, median 1.55394 106
, geometric mean 1.55514 106 

percentiles: 25th -- > 1.54246 106
, 50th -- > 1.55394 106

, 

75th -- > 1.55514 106 

Geological mapping 1 inch : 2000 feet 

mean 220312, median 219732, geometric mean 220278 

percentiles: 25th -- > 217468, 50th -- > 219732, 75th -- > 222537 

Geological mapping 1 inch : 1000 feet 

mean 229461, median 229000, geometric mean 229442 

percentiles: 25th -- > 227296, 50th -- > 229000, 75th -- > 231134 

Geological mapping 1 inch : 500 feet 

mean 804, median 477, geometric mean ---

percentiles: 25th -- > -1241.39, 50th -- > 477.07, 75th -- > 2512.24 
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Geochemical sampling 1 inch : 2000 feet 

mean 223346, median 222131, geometric mean 223328 

percentiles: 25th -- > 221432, 50th -- > 222131, 75th -- > 224071 

Geochemical sampling 1 inch : 1000 feet 

mean 46271, median 45656, geometric mean 46064 

percentiles: 25th -- > 42933, 50th -- > 45656, 75th -- > 49018 

Geochemical sampling inch : 500 feet 

mean -291953, median -292752, geometric mean ----

percentiles: 25th -- > -295066, 50th -- > -292752, 75th -- > -289646 

IP 2500' line spacing 

mean 87095, median 82974, geometric mean 81268 

percentiles: 25th -- > 57287, 50th -- > 82974, 75th -- > 117452 

IP 1000' line spacing 

mean -98107, median -104394, geometric mean ---

percentiles: 25th -- > -124928, 50th -- > -104394, 75th -- > -70615 

IP 500' line spacing 

mean -698795, median -697898, geometric mean ---

percentiles: 25th -- > -721858, 50th -- > -697898, 75th -- > -677040 
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Figure Set 11.5: Relative frequency histograms and cumulative 
relative frequency plots for regional and local surveys. 
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Regional Exploration 
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Not surprisingly, aeromagnetic surveys are the dominant regional 

technology, continually placing ahead of both geological and geochemical 

prospecting. These results are consistent with Chapter Seven where aeromagnetic 

surveys have detection curves that are elevated relative to the other two technologies. 

The strength of geochemical prospecting over geological surveys was not expected. 

At first this seems counter to standard exploration practice where regional programs 

begin with a geological prospecting of the area. However combined with the strong 

showing of aeromagnetics, the power of the geochemical surveys come from the 

morphological nature of the search region as consisting of extensive layers of gravel 

with few bedrock exposures. In light of this fact, the lower information value 

provided by geology is consistent with a region in which little more can be gained 

from regional surface prospecting. 

Smooth curves for geological and geochemical surveys suggests that as the 

major attributes seeded with the deposit change, the exploration power of these 

surveys responds in very predictable and progressive fashion. There appears to be 

no subset of features that strongly determines the effectiveness of the surveys. This 

is not true of aeromagnetic surveys. Here the exploration of the porphyry system is 

being strongly impacted by the presence/absence of select recognition features. 
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When these features are present one population of net gain occurs, when absent - a 

very different measure of net gain occurs. 

The overall placing of aeromagnetic surveys is not affected by these features 

as the ranking is relative to the other surveys - for that particular iteration of the 

system. Re-inspection of the "frequency of placings" plots confirms that although the 

aeromagnetic survey's net gain value will be greatly impacted, it does not surrender 

its ranking to any of the other surveys. 

Local Exploration 

Perhaps the most unexpected result of the static model occurs in local 

exploration. In examining the relative ranking of the surveys there is no single 

dominant technology. The geological, geochemical and geophysical surveys are 

inter-leaved, being separated within each technology type based upon their sampling 

intensity. Subtle changes in the intensity of anyone survey impacts its relative 

ranking against the others in the group. 

There may be a sensitivity to the size of the local search region that is not 

being honored by the default 10 x 10 kIn area. This is suggested by the negative 

distribution of values for IP at line spacings of 1000' and 500'. The cost estimates 

provided by the experts for these surveys were for smaller 5x5 km and 3x3 km 

regions. Most certainly these surveys could not justify their cost over the much 

larger lOxIO km region. Support for this interpretation can be found in re-examining 
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the probability of detection curves in Chapter Seven, where IP is shown to have very 

high probability for detection curves. The poor showing of IP can be attributed to 

the greatly increased search area for which it is not suited. The IP is somewhat 

unusual in this respect as it is suited to much smaller regions than either the local 

geochemistry or geology. As, such there needs to be a mechanism to account for 

surveys that are relevant for much different search area sizes. This is discussed in 

the recommendations section that follows. 

Again, the relative frequency histograms for geological and geochemical 

surveys are nicely formed, bell-shaped distributions. Interestingly, as was true for 

the regional geophysical survey, the local IP surveys are characterized by multi

modal relative frequency histograms suggesting mixed populations of net gain 

estimates. The. cumulative relative frequency curves do not change slope nearly so 

abruptly as in the case for aeromagnetic surveys but do retain the "choppy" look. 

The likely interpretation is that, as was suggested for the regional surveys, these 

peaks indicate a sensitivity to the presence of features that are decidedly geophysical 

in nature. This subset of geophysical-oriented recognition features carry a great deal 

of weight in the estimate klevel. This in tum impacts the estimated probability for 

detection, leading to a large variance in the net gain. If the relative frequency plots 

are viewed as containing two or more mixed populations, then it is suggested that at 

least one (the population having the smallest modal value of net gain) represents the 

underlying ambient population when the highly discriminant feature is not present. 
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THE DYNAMIC MODEL 

Currently, the dynamic model is poor at simulating exploration, proceeding 

through one or two iterations before selecting a terminal action. Much of this 

research has been spent trying to adjust the model, so that many exploration surveys 

might be simulated for both regional and local exploration. Alternative strategies for 

improvement have been exhausted. As such, the following results are presented 

more as a support for discussion of the current model, rather than as an optimal 

sequence of surveys to employ. 

The deficiencies of the current dynamic model are at first rather difficult to 

identify. As discussed in Chapters Three and Nine, the payoff table has undergone 

many changes in order to capture both economic and exploration reasoning. These 

changes result from various attempts to improve the dynamic simulation model. Early 

specifications of the payoff table included simple entries for terminal action paths: a1 

- drill; and ~ abandon. As an example, drilling was considered over the entire 

search region, operating on the rationale that if field surveys were not conducted then 

the drilling program must compensate, testing all possible targets in the region. The 

entry for action a2 - abandon was similar, being the net present value (NPV) of the 

deposit foregone in leaving the search region. An early version of the payoff table 

looked like: 
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fl, fb 

action a, - drill NPV -drill cost 

action a2 - abandon 0 o 

Although this table honors the simple Grayson (1960) model, it lacks credibility in 

the eyes of the explorationist. Certainly few if any firms have the money or risk 

indifference to consider drilling the entire search region in lieu of performing a field 

survey. The research on optimal drilling patterns, presented in Chapter Nine, result 

from the desire for a more realistic drill cost. However, optimal drilling patterns 

lead to area-of-reduction models, where information gain permits the selection of 

sub-regions for continued exploration. Attempts to model area-of-reduction have not 

been successful. A dilemma results in which the regional surveys search an area 100 

x 100 km whereas the optimal drilling program is for a much smaller 10 x 10 km 

region. 

How docs area-of-reduction impact the dynamic model? We must model the 

probability that the sub-region selected for drilling contains the deposit. Or, stated 

differently, that the explorationist would incorrectly interpret the survey information 

available and erroneously select a sub-region that did not contain the deposit. We 

really have gone full circle where area-of-reduction leads back to the discussion of 

type II errors presented in Chapters Three and Seven. 

Another concern of the simple payoff table is the disparity between the cost of 

action a, - an optimal drilling program and action a2 - abandonment = NPV. 
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Certainly, the NPV estimate will be an order of magnitude greater than drilling and a 

priori the minimum expected loss will come from the drilling option. The estimation 

of opportunity cost presented in Chapter Seven, stems form the desire to reduce the 

disparity with drilling costs. 

In light of the ::~tention given to the payoff table, can its entries be further 

adjusted, leading to an improved dynamic simulation model? DISCOVERY was run 

through two iterations, once using the standard payoff table entries used to estimate 

the static model and once using entries that are modified. But, how should these 

entries be modified to improve the simulation model? Consider the following four 

strategies: 

Strategy I • hold opportunity cost constant and incrementally increase the 

expected exploration cost; 

Strategy II - incrementally decrease the opportunity cost and incrementally 

increase the expected exploration cost; 

Strategy III - scale (upwardly) both the opportunity cost and expected drilling 

cost; and 

Strategy IV - scale the two costs and then incrementally change their values 

as described in Strategy II. 

The set of costs which produced the greatest number of exploration iterations 

was selected for use: expected exploration cost = $1.0 x107 and opportunity cost = 

3.0 xl07. Interestingly, none of the four strategies produced results superior to the 



275 

dynamic model using the standard payoff table (that used in the static model as 

described in Chapter Seven). The following results describing a run using the 

modified entries and show how quickly the estimates of net gain become negative: 

The top three surveys in the static model are: 

• survey seven (aeromagnetics 1/4 mi. spacing) - net gain = 3.86137 x106
; 

• survey five (aeromagnetics 1 mi. spacing) - net gain = 3.22405 x106
; 

• survey six (aeromagnetics 112 mi. spacing) - net gain = 2.73897 X 106
. 

In entering the dynamic model survey seven is output to a permanent file and used to 

simulate exploration: 

• 2 features are discovered out of a possible 8; 

• survey five's net gain is revised to 96623.6; 

• survey six's net gain is revised to -379311. 

on the second iteration survey five is output to the permanent file and used to 

simulate exploration: 

• 3 features are discovered out of a possible 8 

• survey six's net gain (already negative) is revised to -1.61185 x108 

A rather remarkable change in net gain estimates for the discovery of 3 recognition 

features! Equally interesting is the change in 81: 

• initial value = 0.35 

• after exploration iteration 1 = 0.666802 

• after exploration iteration 2 = 0.702619 



Certainly, this is a rapid shift in the probability for the deposit to occur given the 

discovery of just 5 features using two surveys. 
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Experimentation with the payoff table entries suggests that the shortcoming of 

the dynamic model is not in these values but in the revision of 9. and 9z. This can be 

demonstrated by returning to the original payoff table as used in the static model, and 

constraining the change in 9. and 92, to see the impact on the dynamic model. 

Consider the following run of the model when 9. and 92 are not constrained but 

revised according to the modified Bayesian structure: 

• the table contains the standard entries as specified in the static model 

(expected exploration cost on action a. = $4.7699 x106 and expected opportunity 

cost of abandonment on action a2 = $1.4243 xl07); 

• initial estimate of 9. = 0.35; 

the top three surveys from the static model are: 

... aeromagnetics at 1/4 mile spacing, net gain = 1.55859 x106 

... aeromagnetics at 1 mile spacing, net gain = 1.47163 x106
; 

... aeromagnetics at 1/2 mile spacing, net gain = 1.10682 x106
• 

On the first dynamic iteration, aeromagnetics 1/4 mile spacing is output to the 

permanent file and used to simulate exploration: 

• 6 features are discovered out of a poSSible 14; 

... aeromagnetics 1 mile spacing revised net gain = -2361 

• revised 9. = 0.667. 



277 

The dynamic model stops its exploration simulations as the top survey has a negative 

net gain value. 

Now consider the same payoff table but this time we control the revision of 01 

and O2, allowing it to increase by some arbitrary maximum value, say 10 % of its 

original value on anyone iteration: 

the four top surveys from the static model are 

A aeromagnetics at 114 mile spacing, net gain = 1.56537 xl06 

A aeromagnetics at 1 mile spacing, net gain = 1.4669 x106 

A aeromagnetics at 112 mile spacing, net gain = 1.12161 xl06 

• geology at 1 :24,000, net gain = 896094. 

on the first iteration aeromagnetics at 114 mile spacing is written to the permanent 

file "Regional" and used to simulate exploration: 

• 3 out of a possible 12 features are discovered; 

A aeromagnetics 1 mile spacing revised net gain = 933530; 

A aeromagnetics 112 mile spacing revised net gain = 723477; 

A geology 1:24,000 revised net gain = 436985; and 

• revised 81 = 0.4235. 

on the second round of exploration aeromagnetics at 1 mile line spacing is written to 

the permanent file and used to simulate exploration: 

• again 3 out of a possible 12 features are discovered; 

A aeromagnetics 112 mile spacing revised net gain = -1.73861 x108 
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and the dynamic model stops after two iterations. 

Why control the value of (J in this demonstration? Recall that the current 

dynamic model has no area-of-adjustment mechanism. The value of (Jl is the 

probability for the deposit to occur within the search region. If (Jl climbs towards 

1.0 rapidly from some initial value, say 0.35, there is an implied rapid increase in 

the knowledge being contributed by the surveys employed. But, the current increase 

in (Jl is in excess of the number of features being discovered and the klevel being 

made available to the explorationist. Why? The model is not sufficiently 

incorporating the probability that an error in interpretation might occur. All features 

discovered confirm that the deposit is present. They must as they come from the set 

of powerful recognition features. Every simulation of exploration is moving (Jl closer 

to 1.0, the probability that the region contains the deposit. 

There are two alternative modifications that might be employed. The entries 

in the payoff table can be scaled and adjusted so that many iterations of exploration 

are simulated before the system opts for a terminal action. The shortcoming of this 

modification is obvious, if the payoff table contains arbitrary entries what do the 

results mean? In this scenario even the static estimates lose their meaning. 

The second alternative is to control the rate of increase of (Jl' keeping it 

within some arbitrary bounds. The draw-back to this alternative is equally obvious, 

what do the results imply when the Bayesian revision is constrained? 
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Rather than nullify the static model, by scaling the payoff table entries, the 

second alternative has been selected for a demonstration of the dynamic model. An 

arbitrary limit of 10% growth in 81 has been employed and the regional exploration 

model run through 1000 iterations. The results are not intended to comment on the 

optimal exploration strategy, only to demonstrate that across many iterations there is 

a set of dominant surveys for the geological environment simulated. Although 

aeromagnetics at 1/4 mile line spacing generally finishes first, second place can 

change according to the number of features discovered and their ldevel contribution. 

Unfortunately, even with this "constraint" placed on 81, exploration rarely proceeds 

past the second survey. 

The relative cumulative frequency graphs are not presented, the values of net 

gain lose their meaning when the modified Bayesian is constrained. Furthermore, 

with exploration proceeding only two iterations the results are extremely choppy. All 

but the first survey take on an almost binary state of negative values (and not being 

used) and positive values. Certainly, some of the positive values are just slightly 

greater than the negative values being discounted. 
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Figure Set 11. 6: The relative fequency placing of each regional survey in the constrained 
dynamic model. 
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Figure Set 11.7: The surveys to be selected first, second, third, etc. in regional exploration 
using the constrained dynamic model. 
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SUMMARY AND RECOMMENDATIONS 

SUMMARY 
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The overall hypothesis that exploration surveys yield quantifiable information 

value is accepted. DISCOVERY's static model is credible for describing the value 

of information produced by exploration surveys in the search for porphyry copper 

deposits. This model has overcome many of the shortcomings that have historically 

prevented the estimation of information value. Some of the more notable 

contributions are briefly described in the following paragraphs. 

Most notably, DISCOVERY is the integration of geological modelling and 

mineral economic theory into a single comprehensive model. The model simulates 

the deposit and host geological environment using principal recognition features. 

Many of these gross morphological features are in tum used in the derivation of 

expected economic value for discovery. Thus, DISCOVERY explicitly links the 

physical features of the geological environment and the expected value for reward. 

The estimation of the expectation for discovery value evolved as the research 

progressed. It replaced a simple measure of the value of each simulated deposit 

estimated using the npv response function. The expectation for npv across all 

physical and economic parameters of the model is a powerful measure not previously 

reported. This measure of value is what exploration companies try to approximate 

when they choose to search a region. Undoubtedly, this is one of the most 

important variables to be produced by the system. 



289 

An important and useful contribution by this study is the use of new 

information technology to capture the expert opinion of a group of experienced 

explorationisL". This is the first known application of lAP technology in the field of 

mineral exploration modelling and has permitted the construction of probability of 

detection curves based upon the various combinations of geological attributes. Given 

this preliminary success in demonstrating the applicability of lAP, there are many 

potential geoscience applications of this technology can be applied. Furthermore, the 

detection curves themselves hold a large potential for use outside of the main 

DISCOVERY system. 

Knowledge level (klevel) associated with the principal recognition features, a 

measure of the information available to the explorationist, is a powerful construct. 

Running only the geological simulation model demonstrates that a majority of the 

deposits have few of the powerful pathfinders associated with them. Under the 

current scenario, the klevel available to the explorationist can be quite low, strongly 

impacting deposit detectability by the survey. 

This research has given rigorous attention to the entries within the payoff 

table. Countless model constructs were tried before arriving at the payoff table 

described in Chapter Three. Indeed, much of Chapter Three and all of Chapters' 

Seven, Eight and Nine are dedicated to defining table entries that honor economic 

and exploration theory. The information that has been produced on optimum drilling 

programs is interesting and valuable. 
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In summary DISCOVERY has shown that: 

• the static model produces estimates of net gain that are consistent for each survey 

technology across many thousands of iterations. 

• across many survey technologies and sampling intensities the individual estimates 

of net gain display a high level of internal consistency. 

• the estimated values of net gain appear to be reasonable and credible with respect 

to industry experience and practice. 

RECOMMENDATIONS 

First and foremost the dynamic model must be improved. The next stage of 

DISCOVERY's development needs to focus on the elicitation of type II errors for use 

in the modified Bayesian model. The current treatment of these errors, as being 

restricted to the smallest tonnage class, is too simplistic and not satisfying. 

Undoubtedly many of the problems that have plagued the dynamic model result from 

these errors being understated in the model. The remedy however is not simple. 

In order to simulate information that leads to type II errors, commonly 

described as 'red herrings', the geological model needs to be expanded. Rather than 

seeding only powerful recognition features with the deposit there should also be 

information seeded that is not indicative of potential mineralization. The seeding of 

ubiquitous features is a first step toward permitting type II errors. The expert panel 

has to be reconvened to develop a new deposit model using both recognition and 



ubiquitous features. The probability of detection curves will then have to be 

modified to account for new combinations of features that may occur. 
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Discussion of type II errors introduces another complexity to the model that 

has been intentionally suppressed throughout this document. A great deal of time 

and effort was spent on various land selection algorithms, seeking to incorporate a 

routine that would reduce the search area with continued exploration. The problem 

noted for IP surveys (too large of a search area being considered) results from the 

inability to define an area-of-reduction algorithm. Land selection requires that there 

be a probability that the reduced search area does not contain the deposit. This 

probability enhances the robustness of the type II error within the Bayesian theory. 

As discussed for the dynamic model above, improving these errors will help to 

constrain the rapid increase in the value of 8 .. 

Interestingly, there is an exploration practice that is not being captured by 

DISCOVERY. Using the panel of experts, rules can be defined to restrict the order 

in which surveys can be selected in the dynamic model. Currently, a geological 

survey at 1:24,000 can be followed by a geological survey at 1:64,000. Although 

the inner-workings of the model prevents this from happening on most iterations, 

formal rules should be employed to better honor exploration practice. 

There are two potential modifications that require changing the overall 

morphology of DISCOVERY. At the outset of this research, it was intended that the 

model would interface with a geographic information system, as all of the recognition 
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features seeded have a spatial component. Indeed, the concepts of depth, distance to 

the nearest bedrock exposure, and size of the target halo all reflect the desire to 

incorporate spatial relationships. Early in the research, complexities encountered in 

designing and testing the model itself superseded the implementation of a GIS. As a 

result, the proto-type DISCOVERY system is often described as a bureau with one of 

the drawers pulled out. Consideration has been given to the spatial aspects of the 

problem (correcting for distance, size, etc.) but the implementation under-whelms the 

rest of the system. Undoubtedly, a GIS framework would go a long way towards 

improving the credibility of the model and recognizing the strong spatial component 

to mineral exploration. 

Lastly, on several occasions there was a desire for utility measures of what an 

explorationist would be willing to risk on a venture. The unsettling feeling that the 

selection of terminal actions could be better defined using utility theory persists. 

This is really the crux of exploration, "how much am I willing to risk before I 

abandon this prospect?". In retrospect, even the best designed exploration program 

passes through that final filter -- our level of comfort with risk and reward. 
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CHAPTER TWO COMPENDIUM 

VALUE OF RESOURCE INFORMATION STUDIES 
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A literature review of this magnitude has no intuitively appealing beginning. 

Rather, the presentation tends to follow a general time line starting in 1971 with each 

group arranged chronologically. These works are arranged in the following order: 

• The largest and oldest group of studies, Social Cost/Benefit and the Public Good, 

focus on the central issue of public welfare and stewardship of the stock of mineral 

resources. 

• Cost/Benefit Analysis of Survey Information, is a refinement on the above studies 

where the information collecting process is subdivided into its respective survey 

types. These studies address the issue of optimum survey density for general 

geologic mapping. Like the other categories however, the value of the information is 

determined after reviewing the survey results and from a perspective of social 

welfare. 

• Budget Planning considers the impact of the desire for more information in 

reducing uncertainty leading to the discovery of additional reserves. This group 
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disaggregates the exploration process into a sequence of planned stages. Although 

this appears to represent a further refinement of the second category, it is not. These 

studies address the issue of how much to spend on collecting information but do not 

differentiate between survey types. Included in this section is a related study of 

geostatistics and information theory, formalized stopping rules, and how much 

information to purchase at any stage. This paper has direct application to budget 

planning . 

• The effects of government policy on the resource industry and corresponding 

industry discussion papers comprise an overwhelming volume of work. The Value 

of Information in Mineral Policy Development, examines three papers that deal 

specifically with information science and the minerals industry. These papers 

represent an evolution of thought from the earlier consideration of optimal strategy 

for resource exploration and exploitation to longer term goals of setting a policy 

environment that is conducive to deriving full benefit from the information obtained. 

DEFINITIONS OF COMMONLY USED TERMS 

Recorded knowledge includes bibliographic records of facts and data which 

become information, or misinformation, after analysis and interpretation have set 

them into the context of a particular situation. Thus, all raw data generated in a 

geoscience survey does not become scientific information until the agent has made 

either a quantitative or qualitative estimation of its relevance to the problem at hand. 
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Value of information is defined as a monetary equivalent which can be either 

positive or negative. By this definition value must have associated with it a 

benefactor, taken as either the agent who procured the information or the members of 

the society that will be affected by its interpretation. Harris (1984) suggests that 

value as defined by a benefit/cost criteria is deficient as it is difficult to compute for 

some geoscientific surveys. Often the survey program is at a disadvantage as the 

estimated cost to society is not counter-balanced by an estimated social benefit. As 

Gilbert (1981) notes, the knowledge of the resource has a social value that differs 

from the value of the resource output, just as the knowledge of sustaining a fusion 

reaction differs from the value of the energy produced. 

The value of information requires the introduction of risk and decision theory 

to determine whether to continue to develop the prospect, abandon it, or to defer the 

decision and invest in additional exploration information. The initiation of 

exploration is the purchase of information that a priori is expected to reduce the 

uncertainty represented by a probability distribution of possible net present values of 

the next discovery (Harris, 1990). Value of information in this sense is based upon 

the decrease in the spread of the probability distribution as the agent progresses 

through the stage of exploration. Thus the value of the decrease in expected loss of 

a terminal action is the value of the information for that exploration stage. 

An information packet defines associated pieces of information that 

collectively make inferences as to a possible state of nature. Feltham (1968), and 
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Seigert (1983) characterize the information packet as having: 

1. impact - there is only value if the information recorded-knowledge packet relates 

to a decision situation. The value is changed if it causes a change in the decision 

path. One may infer from this definition that collecting recorded knowledge in the 

absence of a defined objective does not contribute to the information pool. 

2. topicality - the maximum value is obtained when the resulting change of direction 

in the decision path can be made to the best advantage. 

3. comprehension - if the level of significance of the information is missed due to an 

incomplete understanding of the level of the information passed then the value has 

been inadvertently diminished. 

With expectations, the agent may display preferences to particular outcomes 

from which he will derive maximum satisfaction. Utility describes the general idea 

of introducing subjective values of dollars into expectation calculations, rather than 

dollars themselves (Grayson, 1960). By responding to hypothetical situations the 

agent will make decisions unique to him and thus defines his utility function. With 

utilities explicitly stated the ventures can be selected in accordance with the agents 

true preferences thus achieving consistency in action. Although simple in concept the 

implementation is compounded by difficulties in identifying the appropriate utility 

function and the treatment of risk as homogeneous ( Harris, 1990). 

Zwillenberg (1986), suggests that it is futile to define the utility of geoscience 

information because it involves assessment with hindsight. The need has been set 
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before the information is passed, particularly at a stage where future events, changes 

in the decision path, are still unknown and when it is not certain that the recorded 

knowledge to be passed constitutes information. Perhaps the opposite view may 

taken. For the knowledge to have become information it is deemed to have merit to 

the problem at hand. If merit can be used as a measure of value then the translation 

of this value to utility is but a simple transformation. 

SOCIAL COST/BENEFIT AND THE PUBLIC GOOD 

The authors Hirshleifer (1971), Barzel (1977), Gilbert (1979a, 1979b, 1981), 

Dodds and Bishop (1983), Issac (1987), Swierzbinski and Mendelsohn (1989), and 

Hendricks and Kovenock (1989), have examined the efficiency in the market in 

providing incentives for resource exploration. These papers consider the actions of 

exploration agents under conditions of market and technological uncertainty, access 

to personal gain through speculation, and public provisions for the equal distribution 

of information. In these studies the value of geoscience information is determined 

with the public as benefactor. This requires the measure of value to be a ratio of 

acquisition cost of the information to social benefit. The programs used to generate 

the information are taken as a single entity that are not divisible into their component 

surveys. Thus, the value of the information is an aggregation across the entire 

exploration program. 
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HlRSHLEIFER (1971) 

Hirshleifer (1971), has examined the private and social value of information 

and the potential incentives that exist for the collection of mineral resource 

information. He suggests that there is a distributive aspect of access to superior 

information. Thus, there is a motivation for the private acquisition and 

dissemination of technical information in the absence of social usefulness of that 

information. Consider two types of information 1) foreknowledge and 2) discovery. 

In foreknowledge an individual has the ability to predict a possible state of nature. 

Discovery is the simple recognition of something that already exists but is hidden 

from view. 

As information is only of value if it can affect an action, making 

foreknowledge into public information is valueless to the community, for there is no 

speculation advantage. But, a private individual holding what they believe to be 

superior information has an incentive to publicize that information after making a 

speculative commitment. If you are the holder of a particular resource stock you 

may not want the risk of having the information released to the public, good or bad. 

You will spend funds trying to suppress new geoscience information whereas the 

speculator spends excessive funds to generate resources information. Whatever the 

result it is unlikely to be the optimal expenditure for the information received. 

Discovery information is analogous expect for the perception that any news is 

deemed to be 'good news', causing a shift in wealth due to price re-evaluations. The 



299 

speculator may examine the probabilities for the possible states of the information 

and speculate accordingly. This may encourage an over investment in the generation 

of resource information without regard to expectations on the undiscovered deposits. 

BARZEL (1977) 

BarzeJ (1977), considers a variation on the above model where wasteful 

information is generated through 1.) speculative activities and 2.) signaling. Both the 

market and the resource owner will value information at the same amount. The 

"true" value is subject to variance that can only be reduced at a cost. It is to the 

advantage of the resource owner to spend money to demonstrate the correctness of 

his valuation. As the resource owner incurs expense generating new information his 

net gain is smaller than the losses he imposes on others. The difference is a mis

allocation of funds used to generate new geoscience information. To off-set this 

activity the losers can use funds intended for the collection of resource information to 

offer to the gainer to dissuade him from entering into transactions based on the costly 

information. Signaling is simply the advantage that experts in the field of mineral 

exploration have over the general public in allocating funds to the generation of 

resource information. Their actions are a "signal" that there is personal gain to be 

made in a particular area or time through superior information. 
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GILBERT (1979A, 1979B, 1981) 

Gilbert (1979a, 1979b, 1981), views the value of exploration information as 

being the difference between the expected value and the certainty equivalent value of 

the resource endowment. This difference is the cost of risk-bearing and ,if 

exploration is feasible, the information has a positive value. However, information 

only has value to the extent that it can alter the planned actions of an agent. If the 

new exploration information does not alter a previous decision or plan of action then 

it is considered to have no value. 

In Gilbert (1981), exploration produces three different kinds of information 

along with the output of a resource. They are information about: 1) the amount of 

the total mineral stock available for exploitation; 2) consideration of the physical 

characteristics of the ore in estimating the cost of extraction; and 3) the geographic 

location of the deposits in helping to reduce the error of drilling in mineral barren 

zones. The amount of total mineral stock available for exploitation allows for 

adjustment of the consumption rate to strike a balance between unexpected shortfalls 

and over supply in future periods. It is instructive to elaborate on the these three 

different kinds of information. 

THE VALUE OF INFORMATION ABOUfTHE SIZE OF THE STOCK. 

GILBERT (1981) 

Gilbert (1981), demonstrates that the value derived from extracting a stock 
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whose size is uncertain is less than value derived when information about its size is 

available. The implication being that the uncertainty of the size distribution imparts 

a cost of "not knowing" the adequacy of the resource before extraction begins. To 

compensate future generations for the risk that they will be left with nothing the 

present society produces at a rate lower than is justified by current market 

conditions. The optimal timing of exploration is to invest as close as possible to the 

extraction date to minimize the discounted cost of the information. 

As a simple example Gilbert (1981), defines 51 as proven reserves and the 

potential state of 52 - 51 if another reserve exists. If A represents the investment in 

information to determine whether the reserve is 52 or 51 then delaying future 

exploration to the depletion point of 51 does not maximize the social benefits derived 

from the resource. If exhaustion occurs at time T then exploration is desirable if: 

(A.1 ) 

where the benefits exceed the costs. If exploration is advanced to time T' = T - d 

then the cost of the time change is rdA which represent the loss of interest. Let dq' T 

represent the amount of resource remaining in the proven reserves. With the 

discovery of a new deposit the total stock available becomes ( 52 - 51 + dq'T)' 

Using these simple relationships Gilbert (1981), demonstrates that an increase in the 

cost of exploration delays the optimal exploration date as follows. If exploration is 

planned at time T then the social value of the stock is: 
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where the exponential term represents the value of the new information minus its 

acquisition cost. If the value, V'(O), is sufficiently large then the optimal S in 

equation (A.2) will not exceed S. when T is chosen optimally. If we let S(T) be the 

solution to equation (A.2) then at S(T): 

! V[S{T) I TJ =e-rT{n; ! V[S2-S{T)] 

+(l-n;) ! V[Sl-S{T) ]}=Q 
(A. 3) 

This implies that: 

(A. 4) 

where P(T) is the spot price of the resource at time T, P 2(T) is the spot price at T 

conditional on the discovery that the new deposit is equal to S2 and that p.(T) is the 

spot price should the stock remain at S •. 

An increaSe in T increases the left hand side of equation (2.7) and decreases 

the right hand side. Gilbert (1981), defines the optimal exploration date to be at dldl 

W(T) = 0, or: 

From equation (A.S) any increase in the cost of exploration delays the optimal 

exploration date. 



In extending the theory to the case of constant but uncertain costs of 

extraction Gilbert (1981). must impose the following conditions: 
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• let { CE j}' j= 1. .... n. denote the marginal extraction costs assumed to be constant 

with CEI < CE2 < ........ < CED • 

• within each basin. indexed i = 1, ...... ,m, the probability distribution is assumed 

equal for all tracts. 

• each deposit having extraction cost CEj is a negligible proportion of the total 

amount of the resource with extraction cost CEj in basin i. 

• there is no intermediate technology for the production of information about the 

characteristics of tracts. This implies that exploration is simply the decision to drill in 

an area where the return at each location is uncertain. This condition is of necessity 

for the search for deposits better than CE .. i being < the cost of the search. This 

seemingly simple assumption has a much greater implication than readily meets the 

eye and requires some further discussion. 

The requirement of the Gilbert (1981). model that the marginal discovery cost 

in basin i, CO i equal to a constant, does not allow for the change in information 

technology. If a general cutoff grade is defined as CE .. , then the extraction from 

deposits with CEj > CE .. should be postponed. This is to define a marginal 

condition where if a deposit CEj < CE .. i is discovered, the expected saving from 

continued search is less than the cost of search and the deposit should be extracted. 

Only for CEj > CE .. i is there a positive net benefit from continued search and the 



304 

extraction from the deposit should be postponed. It is not certain how this model 

will behave under the condition of changing information technology. The marginal 

conditions may be greatly weakened under learning, changing exploration costs and 

expectations on deposit size. As Gilbert (1981), states fl .. the preceding results 

depend upon the assumption that exploration is only a means of search and docs not 

change subjective estimates of the size or cost distribution of reserves in a particular 

basin. nl The value of information about the size of the stock was considered earlier 

in the timing of exploration but is not incorporated into this model. 

Gilbert (1981), goes on to consider the socially optimal pattern of exploration 

by examining market incentives. He notes that although the value of information 

from one well can be small, the benefit of aggregating information across many wells 

can be very large. This could result in a negative effect where some companies sit 

back and wait for information from other companies to accumulate. This flfree-

rider" problem can be compounded by public access to information thus reducing the 

cost of waiting and delaying exploration. Finally, Gilbert (1981), notes the difficulty 

in determining whether the total expenditure on exploration is too little or too great 

as the public good and speculative value of information work in opposite directions. 

DODDS AND BISHOP (1983), ISSAC (1987), HENDRICKS AND KOVENOCK 

I Richard J. Gilbert (1981), The Social And Private Value Of Exploration lDformation. The Economics of 
Exploration for Energy Resources (J.B.Ramsey, cd.) Contemporary Studies in Economic and Financial 
Analysis, vol. 26, JAl Press IDe., Greenwich, CoDDecticut, p.18S. 
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(1989) AND PETERSON (1975;1978) 

This issue of public versus private information has been the focus of studies 

by Dodds and Bishop (1983). Issac (1987), and Hendricks and Kovenock (1989). It 

was Peterson (1975;1978), who first defined the "exploration spill over extemality,,2 

as being the effect of exploration on one land parcel generating information about the 

promise of others. The relationship is conditional where the probability density 

distribution of deposit size for an unexplored parcel is dependent on the results of 

exploration on another parcel. It is suggested by Peterson (1975;1978). that when 

exploration information becomes public some value is transferred to other firms and 

the original firm fails to capture the full benefit of the information that it generated. 

Exploration is thus slower than if it were on an efficient path. Stiglitz (1975), 

suggested that the effect is much stronger as agents will wait for others to expend 

resources generating information that may be of value to all. This can in tum affect 

the order in which land parcels arc explored in non-optimum ways. Dodds and 

Bishop (1983), present a theoretical discussion of the subject suggesting that there 

remains full efficiency regarding a firms ability to make information either fully 

public or private. They do not find a defensible stand for private companies to keep 

exploration information proprietary. They suggest that if under-motivation for 

Z Peterson, Frederick M. (1975), "Two Externalities in Petroleum Exploration." In Studies in 
Energy Tax Policy. ed. Gerald M. Brannon. Cambridge, Mass.:Ballinger 

(1978). "A Model of Mining and Exploration for Exhaustible Resources." Journal of 
Environmental Economics and Management 4 (Sept.):236-51. 
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exploration did become a serious problem then one solution might be to subsidize 

exploration on prospects that are informative, combined with public release of the 

results. 

Issac (1987), examined the public/private provision of information from the 

viewpoint that mineral exploration over-provides information. This model considers 

exploration as a variation on the familiar prisoners dilemma. In a typical scenario a 

refusal by two prisoners to confess to a crime results in a one year sentence. A 

double confession results in ten years for both. One who confesses when the other 

doesn't goes free and the other receives 15 years. The dominant strategy is for each 

one to desire a sole confession but this action is difficult, and risky, to obtain as the 

prisoners don't know the action of the other. Issac (1987), suggests that in mineral 

exploration all firms would be better off by foregoing the redundant purchase of 

private information but there is a differential advantage to being a better informed 

firm in a world of the under-informed. 

In this model publicly provided information creates incentives for the over 

provision of private information by the following example (Issac, 1987): 

i.) if probability = 0.5 that information will reveal that the true state is a member of 

set A = [ 0, 0.45] 

ii.) and probability = 0.5 that it will be in set B = [ 6, 0.65]. 

iii.) and Xl = 0 tons of ore present, X2 = 0.45 tons of ore present, 

tons of ore present, x" = 0.65 tons of ore present 
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Consider the cell for Firm I (buy, don't buy) and the purchase of information. 

iv.) If A is revealed Firm I now calculates the expected value of his half of the tract 

as: 

0.45(0.5) + 0(0.5) =0.225 and for half interest in the tract 0.225/2 = 0.1125. 

v.) If B is revealed then the expected value is: 

0.65(0.5) + 0.6(0.5) = 0.625 and for a half interest in the tract the expected 

value is 0.3125. 

vL) Since half the "naive" expected value is $0.2125 the firm would se)) its share if 

A is revealed and buyout if state B is revealed (income = $ 0.625 - $ 0.2125 

= $ 0.4125). The overa)) expected gross income for Firm I, the only 

privately informed firm, is: 0.5(0.2125) + 0.5(0.4125) = $ 0.3125 

vii.) Now since information costs $0.12 to purchase the expected net income for 

purchasing the information is: $0.3125 - $0.12 = $0.1925 

Should the government provide some information now the firms are faced with 

a prisoners dilemma. Each firm finds it to be a dominant strategy to buy 

information which is Pareto suboptimal. Thus over investment occurs because 

in this case the government has provided the additional public information. To 

prevent this over provision it is unlikely to assume that the publicly provided 

information leaves nothing to be learned from any purchase of private 

information. As we)), information provided to two firms wiU generate the 

purchase of additional information by a third firm as the expected net value of 
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being the only firm not to receive information is greater than the expected net 

value of the others. Thus. public provision of information may worsen the 

situation of information over provision. 

In contrast to previous studies. Hendricks and Kovenock (1989). assume that 

exploration firms know each others valuations of information and they can bargain to 

an efficient allocation. With each having a private. informative signal about the 

value of a land parcel the firm may stage exploration. The opportunity cost of 

waiting is the discounting of the profits being deferred. The benefit is the acquisition 

of yet more information upon which they can make an informed decision. This is 

most often done by observing the activity of rivals nearby and drawing inferences. 

Hendricks and Kovenock (1989). found that firms tend to under invest in areas that 

they believe are marginally inferior and overinvest in areas deemed to be favorable. 3 

These inefficiencies are not resolved through bargaining because of the presence of 

the private and proprietary information. They suggest that only by changing the 

prevailing regulations governing exploration and disclosure can there be a more 

efficient allocation of funds to the generation of information. 

Swierzbinski and Mendelsohn (1989). have developed an interesting 

continuous-time model of investment in information about a parameter related to the 

value of an exhaustible resource. They utilize Bayes rule to describe how 

J For a mmplete discussion of the heuristic rules used by experts in providing subjective opinion 
probabilities the reader is referred to: Tversky, A. and Kahneman, D. (1974); Judgement Under Uncertainty: 
Heuristic and Biases. Science 185(4157), 1124-1131. 
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expectations on the size of the resource are continuously revised in response to the 

flow of geologic information. In this model the flow of information has two 

principle effects: 

• causing a revision in expectations which cannot be anticipated using only the 

information available to resource owners; 

• information reduces uncertainty in a way that does not alter the Hotelling rule. The 

forecasted mean rate of change in the resource price is given by the deterministic 

Hotelling rule. However, the true mean rate of change differs from this due to the 

unanticipated changes in expectations caused by the arrival of information. 

The simple model assumes a risk neutral planner who controls both the stock 

of an exhaustible resource and its substitute. In this model both the number and size 

of the deposits included in initial reserves are assumed to be fixed. 

Consider the normal density function, f(s: t), to describe the agents 

expectations on the size distribution of a deposit type to be described by the mean 

u(t) and the precision Yet). With Bayesian updating the above assumptions imply that 

f(s: t + ~t), the posterior density after the measurement, is also a normal density 

(DeGroot, 1970). The planner can increase the rate at which the uncertainty about s 

is reduced by increasing the level of information. If jet) is the level of information 

chosen by the planner for a period of investment and x is the level of production for 

that period, then the instantaneous flow of net benefits is given by: 

Using dynamic programming the greatest flow value of the resource, 61, is obtained 



Benefit=G(x)-XC(x)-b(i) 
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(A. 6) 

when x and i are chosen in each time period to maximize the sum of instantaneous 

net benefits and expected capital gains. In this example that flow benefit is the 

current value at I of the discounted net benefits obtained from the resource stock as 

follows: 

(A. 7) 

The second tenn on the right hand side represents the mean rate of change in the 

resource given x and i. From this model Swierzbinski and Mendelsohn (1989), 

found that the optimal policy for producing geoscience infonnation tends to equate 

the present value of expected marginal benefits across periods. However, the 

uncertainty in the infonnation flow introduces a bias in favor of the earlier 

production of infonnation. 

COST/BENEFIT ANALYSIS OF SURVEY INFORMATION 

A U.S.G.S. PERSPECfIVE 

The cost/benefit analysis of generating geologic infonnation has been of 

concern to government agencies for the last ten years (U.S. Geological Survey, 1980; 

Watson, Shapiro and Bemkoopf, 1984; Bemkoopf, et aI., 1988; and U.S. Geological 

Survey, 1991). These studies address the "hard" costs associated with producing 
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geologic maps at various scales for all regions of the United States. The following 

excerpt depicts the current concern of the administration to ensure that the value of 

the information generated justifies the cost. "As a requisite for the National 

Topographic Mapping Program of the U.S. Geological Survey in the fiscal year 1991 

budget passback, the Office of Management and Budget requested that an economic 

analysis "be developed to show the social value of geologic maps". ,,4 This type of 

study examines whether general purpose geologic map information has public good 

attributes. They are unique investigations in that rarely does an institution put a cost 

to the mapping program. They are also the only studies of their type to test the 

value of the information contained on the map in the decision making process. 

Geologic maps produced by the Geological Survey are considered to contain 

three kinds of information essential for evaluating resource strategy (U .S. Geological 

Survey, 1991): 

• they identify the distribution of geologic materials that are hosts for various 

mineral commodities. 

• they identify geologic terrains that hold a greater potential for the occurrence of a 

mineral commodity of a particular type and grade. 

• they provide a basis for defining exploration and development strategies and for 

projecting operational costs that depend upon the complexity and scale of the 

·Benefit Cost Analysis of the Social Application of Geologic Map Information. National Geologic Mapping 
Program. United States Geological Survey. Unpublished Report December. 1990. 
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geologic setting. 

In comparing the costs of a conventional exploration process with that of a 

systematic grid drilling Watson et al. (1984) point out that this work does not 

attempt to address the value of information. From their perspective the value of 

information studies determine the level of information acquisition to maximize the 

NPV for some constraint of a level of risk. The method of information acquisition is 

assumed impliCitly to be the most cost effective procedure. The emphasis centers on 

the endowment uncertainty and optimal stopping rules. The addition of information 

is expected to reduce the uncertainty without addressing the cost effectiveness of this 

information. The Watson et al. (1984), study addresses only the issue of cost 

effectiveness to answer the charge by Griffiths (1966), that systematic grid drilling is 

the optimal strategy for locating undiscovered mineral deposits. In this sense the 

value of the information can only be inferred from the costlbenefit analysis. 

The study modeled area reduction associated with the five stages of 

exploration listed above under two simulated approaches: 

• conventional geologic assessment stages 1-4 

• systematic grid drilling 

The conventional geologic assessment tested the information available at the 

three scales of 1:1,000,000, 1: 250,000, and 1:24,000. A total of thirty areas were 

selected for study with ten known to contain porphyry copper reserves, ten known to 

be barren and ten known to lay adjacent to areas of known mineral reserves. Survey 
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geologists studied and input the maps into the PROSPECfOR expert system. 

PROSPECfOR is a computer system designed to calculate the probability for various 

mineral deposit types based upon a set of geological associations, and an inference 

network.. In this study PROSPECfOR determines the proh1bility for the porphyry 

copper deposit type at each level of information and coUectively for different 

combinations. A level of certainty of porphyry copper minerali7.ation was estimated 

on the range ·5 to +5 for each map set provided. A probability of ·5 indicated a 

state of negative information where no copper was thought to exist. The probability 

of + 5 indicated fun certainty of copper mineralization through evaluation of positive 

information. A probability of zero represents no new information was added. 

Each of the thirty areas was ranked according to the probability for copper 

mineralization. Tabulating the rank order suggests both the order in which additional 

assessment work would be done and the number of areas to be driUed to identify 

prospects for evaluation is stage five. 

The Griffiths (1966), model was tested over aU thirty areas using a negative 

hypergeometric distribution to represent the expected outcomes from systematic grid 

driUing. The functional form of this distribution is: 

(~) .(~) 
Frob (x=k) = a-I k-a .x-a+1 

N N-k+1 
( k-I) 

CA. 8) 

where ( ask S N • x + a) 



and N - # of areas of which x contain copper deposits 

k - cumulative number of areas searched 

a - # of favorable prospects that are required to be identified. 
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If ten out of twenty areas contained copper mineralization and all ten are 

being sought then the above equation gives the probability for finding all ten on or 

before the 10th area sampled, 11th area sampled etc. For comparison of the two 

models each are was assumed to contain 35,200 acres at a drilling cost of $878/acre 

for a total per acre cost of $31 million. The following costs are reported by the 

survey for general geological mapping over 7.5 minute quadrangles. 



315 

Scale Mapping Costs Coverage 

1 :24,000 scale $175,000 each - one 7.5' quad. 

1 :250,000 scale $700,000 each - 100, 7.5'quads. 

By 7.S' Quadrangles 

1:24,000 scale $175,000/7.5'quad. 

1 :250,000 scale $7,000 /7.5' quad. 

Table A.l: The cost of generating general geologic maps for the U.S. Geological 
Survey. From Watson, Shapiro and Beroknopf (1984), Costs of Geologic Information 
in the Exploration for Minerals: A case Study of Porphyry Copper. The Journal of 
Resource Management and Technology. Vol 13 Number 2, pp. 97-110. 

The study found that fewer areas have to be drilled under the conventional 

process to identify the same number of areas for passage to stage five assessment. 

The average savings for the 10 in 20 case is 3.7 areas or $114 million. This dollar 

savings divided by 20 areas equals $5.7 million per area to be mapped at an 

additional mapping cost of $182,000. Thus the savings to cost ratio is 31:1 in favor 

of mapping. 

The Spearman rank correlation coefficient (r.) estimates how aceurately the 
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PROSPECfOR rank predictions estimate the true rankings. This measure allows for 

the determination of how different combinations of mapping scales display a 

statistically significant relationship with the actual ranking. The measure r. is 

estimated as follows: 

CA. 9) 

where d i is the difference between the rank order determined form PROSPECfOR 

and the true rank order; and n is the number of paired comparisons (n = 30). It is 

necessary to assume that the ten areas known to contain copper mineralization are all 

ranked as though they tied for first, the areas that lay adjacent to known reserves are 

assumed to tie for second etc. 

Application of this statistical measure found that information at 1:250,000 or 

1: 1,000,000 when used alone or in combination do not exhibit a statistically 

significant positive relationship with the actual ranking. For information at the 

1 :24,000 scale the correlation coefficient is r. = 0.571. Using the two larger scales 

together with the 1 :24,000 creates statistically significant information sets. It is 

interesting that the information has a greater influence on the probability that copper 

does not exist than in establishing that it does exist in a given area. The 1:24,000 

scale map was found to be the most cost effective whereas the 1 :250,000 scale maps 

are a detriment as they contain only a less detailed version of the former at an 
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additional survey cost. The 1:1,000,000 scale map does not suffer from this effect 

as it displays regional information not contained in the 1 :24,000 scale map (Watson, 

Shapiro and Bernknopf,1984). 

The study went on to examine the extension of this model where the ten 

discoveries in twenty search areas was extrapolated to a ten in N case. The cost 

saving per area mapped was almost the same application of the model over large 

numbers of search areas. 

A final qualification noted in the study was that grid drilling, the Griffiths 

(1966) model, was taken as the next best alternative to mapping for a savings of 

31: 1. Using an alternative to drilling could greatly change the perceived desirability 

of mapping (Watson, Shapiro and Bernknopf, 1984). 

In 1991 a study of the Benefit-Cost Analysis of the Social Application of 

Geologic Map Information for the National Geologic Mapping Program was 

completed by the Geological Survey. The results in this yet unpublished document 

are similar to those of the previous study above. In a test of two case studies 

involving the use of geologic maps in land-planning issues it was found that cost 

savings of 5-10% could be obtained from introducing geologic information. The 

perception of risk from environmental dangers was aIJeviated by the information 

effecting a change in the prevention decision. Although this study addresses land use 

issues it is informative with regard to the positive effect of geologic information on 

the decision making process. 
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The acquisition of geoscience information is not arbitral}. The probability 

for a particular outcome of a surveyor program of surveys reflects the initial 

selection of geologic environment and area. Engineering the search for discoveries 

considers the optimum survey density for the expected physical parameters of the 

mineral deposits. In an ideal world the survey density would be unconstrained by 

economic considerations. We would merely define our expectation for deposit size 

and grade. for that particular region, and design the program so that detection of the 

mineralized zone was assured. Reality however, forces the exp)orationist to strive 

for the optimum search strategy under a budget constraint. This reduces the overall 

number of potential targets that will be delineated by the program and in tum affects 

the probability of discovery of a deposit. 

SNOW AND MACKENZIE (1981) 

If we temporarily define a survey as being one venture in an overall staged 

search program then the optimum number of ventures can be estimated (Snow and 

MacKenzie,1981). One necessary simplification is that the area of coverage and cost 

of each survey remains constant. Snow and MacKenzie (1981), defined the 
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expectation of discovery at $27 x106 for a survey cost of $145,000. Determining the 

optimum number of surveys now requires the maximization of the expected net 

present value with consideration to probability for success (Harris, 1990). If the 

historical probability for discovery of an economic deposit is 0.018 then the objective 

function is: 

E[V:e] = [1- (0 .982)n] (27X10 6 ) -145, OOOn (A.IO) 

Taking the derivative with respect to n and setting equal to 0 yields the required 

number of surveys equal to 67 a required budget of 67(145,000)= $9,715,000. 

Harris (1990), demonstrates that the maximization of expected monetary reward is 

not an optimum solution for a risk averse individual. If the histogram of reward is 

highly skewed then the expectation of the distribution does not adequately reflect the 

possible extremes in discovery size. If we let u(x) represent the individuals utility 

function then the expected utility of reward is: 

(400 
E[u(z) :e] ;')0 u(z) f(z;e) dz (A.II) 

Where the distribution is truncated at $400 x106
• The simplified equation for the 

expected utility of value is: 

E[U(v):e] =[1-(0.982)n]E[U{Z):e] +u(x) (A.12) 

In this example x = -0.145 representing an outlay of $145,000 per survey. With 

this example Harris (1990), demonstrates that maximization of the net present value 
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increases expected value over that for utility maximization but associated with this is 

an increase in exposcd financial risk. 

ANDERSON (1981) 

Anderson (1981), has used historical geologic information to define a major 

gold exploration program leading to the discovery of the Homestake deposit. A 

demonstration of the concept is presented in Harris (1990), together with an explicit 

account of risk through Cozzolino's (1979), Risk Adjusted Value. For brevity only 

the relevance to the value of geologic information is discussed here and the reader is 

referred to the above reference for a full demonstration of the model. 

This model uses interrelations between deposit size, risk, and budget to 

achieve the probability for success. This approach is referred to as the "conceptual 

approach" to stress that a population of deposits takes the place of a specific region. 

All information is presented by stage numbers having associated probabilities of 

success. The probabilities are generated from historical data on the number of targets 

examined at each of four stages of exploration from reconnaissance through to 

deposit delineation. These probabilities then can be used to define the required 

number of programs as follows (Harris, 1990): 

if P 01>1 ,the overall probability of success, = (0.00389) PI P2 PJ and the probability 

for success of each stage is: PI = 0.1245, P2 = 0.1562, PJ = 0.200 



then n lo = l/Po(J), n lo = 257 and 

n20 = nl PI = 257(0.1245) = 32 

nJO = n2 P2 = 32(0.1562) = 5 

n40 = nJ PJ = 5(0.2000) = 1 

Thus, historical information has a value in designing the strategy to acquire new 

information and previous success ratt's in particular are a powerful decision tool. 

JANKOWSKI, BROWN, KOCHANSKI AND SPARROW (1985) 
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Jankowski, Brown, Kochanski and Sparrow (1985), consider the budgeting 

problem of a firm as an attempt to determine some minimum net value for which 

search ceases and exploitation commences. Assume that an individual can spend an 

amount c at a typical exploration site. If x represents the net present value of any 

discovered mineralization and X the NPV for the province then: 

• x2!.. e implies stop search and; 

• x < e implies continue 

where e represents the reservation value. 

The gain to search is (x-e) with the expected gain to search as: 

T(e)=f:(x-e)f(x)dx (A.13 ) 

where b is the greatest possible value observable. In this model the cost is assumed 

to be constant because the NPV of each site is fully revealed to the prospector. This 
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design is a long-run model where a fraction of variables nc are irrecoverable and 

considered to be a sunk cost. Optimality is achieved when marginal benefit equals 

marginal cost as seen below: 

(A.14) 

and the reservation value, e, is the only unknown. If cost of search at a particular 

site decreases then the reservation value increases with a longer search period. 

Having a finite budget implies a finite number of sites can be searched. In this 

model the searching firm must pick the maximum number of sites to be searched. Let 

G" = the expected net return after searching n sites. If a searched site has a net 

return at least as high as e, it is accepted. Otherwise the largest of n sites is chosen 

by equation 2.13 where the term h,,(x) is the probability density function of the 

largest order statistic XII. For a finite budget the value of n' can be determined by 

F(x) and c as follows: 

n 
Gn= r ehn (x) (x-nc) dx+ r [F( e) ] k-l 

Jo t:'! 
(A.1S) 

J(X-kC)f(X)dx 
e 

where equation A.16 is the mean value of X. 

h n (x) =n [F(x) ] n-l f (x) (A.16 ) 
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A finite budget exists if n' can be found such that 

(A. I? ) 

where 

(A. IS ) 

and 

J".= Jxf(x) dx (A.19) 
o 

is the mean value of X 

GEOSTATISTICS AND INFORMATION THEORY 

PESCHEL AND MOKOSCH (1991) 

In an examination of the interrelations between geostatistics and information 

theory Peschel and Mokosch (1991), have produced a general solution to the 
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determination of the optimal levels of exploration information to be obtained. They 

consider the amount of information generated by an exploration process relative to 

the amount of knowledge necessary for a decision with an acceptable risk. Consider 

the exploration degree of a deposit to be determined by the ratio: 

(A.20) 

where I. represents the existing information quantity obtained by the preceding 

exploration work and Ir is the level of information necessary to make a decision for 

some acceptable risk. Let entropy H represent a general measure of the state of 

knowledge on a deposit. The level of existing information I. is equal to the 

difference between the primary entropy Ho ( a priori) and the actually existing 

entropy H. remaining after the preceding exploration activities. In comparison the 

required information I, is the difference between the primary entropy Ho and H, the 

desired entropy for the stage of exploration dependent on some level of risk. The 

exploration degree is then described as: 

(A.21) 

Peschel and Mokosch (1991). use the entropy of a property M to deduce the 

exploration degree from a geostatistical variance. If the entropy of Mis H(M) then 

the general expectation formula is: 
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H(M) =-f p(M) ld p(M) elM (A. 22) 
-.. 

where p(M) is the probability distribution of M, and no explanation is given for the 

term P(M)ld. By defining the estimated values of M = M' and the values of the 

estimation error as Z = M' - M then the existing information quantity of the 

geostatistical model Ie can be expressed by the conditional entropy of the estimation 

error (Peschel and Mckosch, 1991): 

... 
(A.23) 

If the geological parameter under study is normally distributed then the entropy H, 

can be determined by: 

(A.24) 

Where the state X represents the actual random function of a deposit parameter and Y 
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represents the random error. If the assumption is made that the random function is 

centered then the basic assumptions of the best linear unbiased estimator model 

(BLUE) have been met (Kelejian and Oates, 1988), and independence is assumed 

between X and Y. Thus the required amount of information becomes (Peschel and 

Mokosch. 1991): 

+-

I=Ho 1 ofo[1n 1 -..r:..]-exp[-..r:..]dY (A025) 
e 0 r::;=::;! r;;=:;:t 2 2 

1n2y21tOe -_ y21tO e 20e 20c 

Setting the primary entropy Ho to the constant 1 the final term becomes: 

2 
Ie= 1-------

1n2 02J21tO; 
~ 

of 0[1n_1_-£] -exp[-£] dz 
2 2 2 

o 21toe 20e 20c 

(A. 26) 

This integration includes strictly positive values determined by the precision of the 

computation. As the amount of required information depends strictly on the 

parameter u/ large amounts of information variance are associated with small 

information gain quantified by the amount I,. 

As a simple working example Peschel and Mokosch (1991). describe an 

exploration venture aiming for a ± reliability of 30% corresponding to an estimated 

variance of u/= 0.09. The corresponding amount of required information is 1,= 

2.13 from the above procedure. Assume an experimental variogram on the geologic 
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parameter yields a nugget effect Cjer= 0.4 and a range of 300 m. Using a relation 

of alh = 3.0 between variogram range a and elementary exploration step h 

corresponds to an estimated variance of err = 0.1159. This estimates an optimum 

exploration grid of 100 x 100 m. The existing information amount has a value of Ir 

= 1.96 as compared to the required amount of If = 2.13 estimated above. 

Therefore the exploration degree e = 1.96/2.13 = 92% and the expense of 

exploration should be increased to guarantee the required reliability of possible I(C1) 

reserves (Peschel and Mokosch, 1991). 
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VALUE OF INFORMATION IN MINERAL POLICY DEVELOPMENT 

PRICE (1986) 

It is Price (1986), who in reference to defining a framework for implementing 

mineral policies, stated " .. to govern, governments require information. Geoscience 

information plays two roles. It is required by governments for the formulation of 

sound policies on issues such as resource development and public safety; and, when 

provided as a public good, it is used by governments as an instrument for the 

implementation of policies. lIS The geoscience information that Price (1986), is 

referring to is termed "derivative" as it represents the quantitative mineral potential 

rather than the knowledge base from which it is derived. He places emphasis upon 

the collection and interpretation of large data sets for use in mineral resource 

assessment noting that subjective estimates have associated with them a level of 

uncertainty that, as the level of objective data increases, tends to decrease. 

This point requires some consideration. More data may not necessarily 

reduce uncertainty if its value is to low to affect the decision at hand. In this 

instance the value of the additional information has not been realized to its fullest 

potential either through mis-interpretation or the wrong selection of survey. The 

latter is mitigated by examining the value of information prior to initiating a 

program. 

~ Raymond A. Price (1986), Geoscience Information - A Framework for Formulating and 
Implementing Policies on Resource Development. in Proceedings of the 3rd International Conference 
on Geoscience Information, Adelaide, S. Australia, 1-6. Vol. 2 p. 1. 
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MASON (1989, 1986) 

Mason (1989, 1986), has conducted an interesting study on the mineral 

policies of the Atomic Energy Commissions. The central issue was whether the 

monopsony power of the commission allowed for an efficient allocation of resources 

or was the level of exploration too high. This study is similar to that by Gilbert 

(1979a, 1979b,1981) in that geoscience information has a value to the explorationist 

that is the different from that for society. Defining the value of information requires 

explicit consideration of the difference that may lie between these two perspectives. 

In this way this study may be discussed along with those of section 2.3) Cost/Benefit 

Analysis and the Public Good of Information. However, Mason (1986, 1989), 

presents this study through the actual events of the twenty years following the Second 

World War as result of an of an existing policy. 

The model assumes a large number of risk-neutral firms whose find rate in 

any year t is the same as all others if finds do not vary with terrain. For this study 

the assumption was valid as one rock type, sandstone, was the targeted lithology. 

Mason (1986), argues that all firms act as if they have the same information set and 

therefore draw identical inferences about the mean and precision. The value of 

information generated by current exploration is considered to influence years t.,..-8" 

tan. yc&I" tyoar oflt. as: 

• current exploration affects the predicted results of next years exploration and; 

• next years exploration affects the size of resources available for production in two 
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years. 

This results from the assumption that firms in the uranium industry commonly 

extracted their reserves within one or two years. Mason concedes that " .. to extend 

the horizon past three years would greatly complicate the analysis on the data. ,,6 He 

goes on to reason that " .. owing to its effect on cumulative exploration. current 

exploration has an indirect effect on production two years hence. ,,1 A one unit 

increase in current exploration adds additional information which may be used next 

period to revise the firms belief concerning next years find rate. Mason (1986), 

suggests that private industry values the marginal effect of a refinement in 

information using profits while society values the marginal effect in a refinement in 

information using the sum of profits and consumer surplus. Thus industry selects a 

socially efficient production and information level in any year t exactly when those 

levels induce a marginal value of exploration information to consumers which is 

zero. 

Mason's (1986.1989). statistical learning model is developed on the parameter 

fl. the normally distributed underlying random element in the find rate. The true 

parameters of;' can only be estimated by the mean p and precision p. An agents 

6 Charles f.Mason (1989). Exploration and AEC Regulation of the Domestic Uranium Industry. Journal of 
Economic Dynamics and Control 13 (1989). Elsevier Science Publishers B.V. (North Holland) p. 425. 

7 Charles f.Mason (1989). Exploration and AEC Regulation of the Domestic Uranium Indu.'1try. Journal of 
Economic Dynamics and Control 13 (1989). Elsevier Science Publishers B.V. (North Holland) p. 426. 
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beliefs are represented by a prior probability density function; the normal gamma 

density function. Then given some new information these beliefs are revised. The 

revised beliefs are represented by a posterior density function. Conditional upon 

knowing p possible values of Il are normally distributed; Il- N('I', -rp). Then 

p- N(a,p). The effect of new information is to alter an agents belief characterized 

by the change in these parameters. For N observations in the sample the revised 

parameters are: 

(A.27) 

(A.28) 

a.':a.+N/2 (A.29) 

(A.30) 

where the above are a series of weighted averages proportional to the precision of the 

prior beliefs and the number of observations in the new sample. 

The estimation of TJ is provided by the agents from subjective beliefs 

regarding the likelihood of observing any combination of mean and precision. They 

thus generate a subjective probability density function h(M,R). The weight that an 

agent places on a combination of Iland p is determined by this probability density 
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function. If the agent knows that the mean of fJ was M and that the precision was R 

then the probability density function over fJ would be a normal distribution with 

mean M and precision R: fJ(fJ; M,R). Thus the normal density function of g(fJ;I) is 

g(~;I)=JJe(~;M,R)~(M,R)dMdR (A. 31) 

described by equation A.31: 

Assuming one unit of exploration to be equal to 200', the average depth of an 

exploratory well, then an increase in exploration translates into an increase in the 

number of observations (Mason, 1989). 

Using this model Mason (1986, 1989), found that the AEC policies induced 

overly large levels of exploration where finds were not systematically related to 

geologic structure. He also notes that a three year planning horizon understates the 

socially optimal level of exploration. This is to be expected for an industry 

characteri:zed by long lead times in both discovery and production of new deposits. 
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APPENDIX B 

GEOLOGY OF PORPHYRY COPPER DEPOSITS 

MINERALOGY 

The grade of copper ranges from 0.6 to 0.9 % Cu on average with 

chalcopyrite occurring as the dominant hypogene Cu-Fe-S mineral together with 

pyrite, galena and sphalerite in veins cross-cutting the deposit with minor amounts of 

enargite and tetrahedrite at the fringe. Titley (1962, 1966), suggests that some 

deposits contain enough arsenic and antimony that tennantite/tetrahedrite and 

enargite can become important. This mineralization is ringed by outer zones of lead, 

zinc, manganese, silver, and gold mineralization in vein systems. Molybdenum, 

when present, occurs as molybdenite (MoSJ deep and central to the deposit. Titley 

(pers. comm., 1992), suggests an often over looked feature of porphyry copper 

camps; that the sulphide/oxide mineralization is often contemporaneous with base 

metal mineralization of the same age somewhere in the district. 
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ALTERATION 

Guilbert and Park (1986) describe potassic alteration (qtz, K-feldspar,hiotitc), 

at the core extending outward through phyllic (qtz, sericite, pyrite), to propylitic 

ZONAL COMPOSITE 

HA:7TAJg~;"-L "PHYLLIC" - ........ 1.--- "PROPYLITIC" --
I She//} -j 

nfcm-I)r 0.5 -:- 1.5----~0'2---.. 0.1 , --_. 0.01 

(PrOpyl.) 
Propylillc Alteret ion 

INTRUSION WALL ROCK 

Figure B.1: An alteration progress diagram of the hypogene environment for 
plutons and wall rocks of potassium silicate. This section is taken from Titley et. 
aI., (1989). 

(epidote, calcite, chlorite) alteration at the outer margins. The propylitic zone can be 

quite large extending greater than one kilometer beyond the copper ore 7~ne. This 
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zoning pattern was originally recognized at Butte by Sales (1914) and by Sales and 

Meyer (1949, 1950) and was described by Meyer et. aI., (1968). Guilbert and Park 

(1986), suggest that the expression of zoning is affected by the level of exposure, 

structure, compositional homogeneity, wall rock composition, size, tectonic setting, 

and post ore faulting or intrusive activity. A perhaps more complete composite 

alteration section in potassium~silicate rocks may be observed in Figure B.1. This 

section by Titley et. a1. (1989), modified after Titley (1982) and Titley and others 

(1986), depicts a core of strong propylitic alteration characterized by albite, 

carbonate, chlorite, 'clay' epidote, and zeolite. The argillic zone of alunite, silica, 

and pyrophyllite is surrounded by the late stage phyllic alteration of quartz, sericite 

and pyrite. According to Titley (1989), successive stages of fracturing and 

subsequent alteration reveal progressive collapse of the alteration process on the 

proximity of the intrusion and it's wall rock contact. An inward collapse of the 

propylitic envelope is marked by a chloritization of early formed secondary biotite. 

The progressive changes in alteration are depicted vertically in the section with the 

earliest stages at the bottom. Titley et. a1. (1989), point out that the alteration 

assemblages in carbonate wall rocks parallels the style above but is characterized by 

anhydrous minerals of garnet and diopsidic pyroxene. The significant difference may 

be that in silicate wall rocks the aureoles are broad and uniformly developed whereas 

in carbonate hosts alteration are irregular and restricted to intrusion centers (Lowell 

and Guilbert, 1970). 
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Titley (1982), has described the style and progress of mineralization and 

alteration in porphyry copper systems using a taxonomy reflecting the degree of 

alteration. These descriptions adopt a large scale approach aggregating several 

alteration types into two large envelopes around the deposit: 1) selectively pervasive; 

and 2) pervasive, indicating the degree to which the alteration has destroyed the 

original rock composition. Selectively pervasive alteration is characterized by 

specific primary minerals of both the host rock and porphyry being altered across 

great volumes. This alteration extends well beyond the mineralized portion of the 

porphyry out into the country rocks. Secondary biotite forms a replacement of 

hornblende cutting across the contacts of many rock types. Secondary chlorite may 

be observed to replace biotite within the broader 7.one of propylitic alteration as it 

receded toward the center of the intrusive system with cooling. 

Pervasive alteration marks the conversion of all minerals in the host rock to a 

new mono-minerallic assemblage of orthoclase, quartz-sericite, and tourmaline. In 

carbonaceous sediments the assemblage alters to calc-silicate. The contacts may be 

sharp but more commonly are diffuse across tens of centimeters of rock. The 

alteration rock mass is irregular except for the replacement of breccia pipes by 

quartz-sericite producing a columnar body. Next to the supergene enrichment the 

quartz-sericite accompanied by pyrite is the most widespread, volumetrically 

important type of alteration developed. 
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STRATIGRAPHY 

The basin and range province represents a complete lithologic section from 

the Proterozoic onwards. Thus, porphyry copper deposits are associated with a large 

spectrum of host rock types, each having unique significance in the exploration 

process. The Proterozoic is 

estimated to be at least 7 

kilometers thick, the Paleozoic 

to be at least 2 kilometers and 

the Mesozoic to be extremely 

variable with 3 kilometers in 

the Lower Cretaceous and a 

corresponding amount in the 

Jurassic and Triassic (Titley et 

a!., 1989). 

The Proterozoic is 

characterized by the Pinal 

Schist. A clastic rock of an 

approximate thickness of 

Basin fill, vol COniC 
flows, intrusions. 

1.. LARAMIDE INTERVAL 
;;J---____ --1 '" flows,lohars,intrusions 

: ... ~~~~.J LOWER CRETACEOUS 
clastics, basin fill 

TRIASSIC-JURASSIC 
clastics, volcaniCs. 

CAMBRIAN- PERMIAN 
carbonate-domlnont 
platform strata 

Apache Gp., volcanic, 
clastiC,corbonate rocks 

Pinal Schist, granite 
turbidites. amphibolite 

Figure B.2: A generalized stratigraphic 
column of the porphyry camps. Taken from 
Titley et. al. (1989). 

greater than 7 kilometers (Cooper and Silver, 1964). Locally this schist contains thin 

rhyolite flows and local amphibolites. The schist is 1.68 Ga in age and has been 

intruded by two episodes at 1.4 Ga and 1.6 Ga. These schists and younger granites 
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comprise the basement rocks of most of the porphyry copper deposits in Arizona. 

The southeastern portion of the state is unique in that the Proterozoic basement is 

dominated by mafic to felsic volcanic flows and pyro-clastic rocks of the Yavapai 

series (Titley et. at.. 1989). 

The Paleozoic is a 2 kilometer thick platform of marine carbonate rocks. In 

those locations where these carbonates are intruded by Laramide granites they play 

host to important copper mineralization. Here they have been altered to assemblages 

of calcic and magnesic silicate minerals in skarn deposits. 

The Mesozoic is a very complex assemblage of layered rocks disrupted by 

three episodes of igneous intrusions at 180 Ma, 150 Ma, and 70 Ma. The latter is 

associated with the Laramide orogeny where numerous small plutons 3-4 kilometers 

in diameter and dike swarms were emplaced to shallow crustal levels in a period of 

crustal compression (Titley et. aI., 1989). With the exception of the Bisbee copper 

camp, all of the porphyry deposits are younger phases of larger Laramide intrusive 

stocks. These intrusive stocks are generally quartz, feldspar. biotite and/or 

hornblende, and magnetite bearing. Associated with this intrusive activity is extensive 

fracture control of both alteration and copper emplacement. Stringham (1966), has 

determined several important relationships of igneous rock types and host rocks 

associated with porphyry copper deposits. In the search for porphyry copper 

deposits: 
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• intrusive rocks should be more basic than andesite-diorite, although there seems to 

be a preference for quartz monzonite/quartz-Iatite associations 

• intrusive porphyry is absolutely a necessary condition with or without associated 

granitoid types 

• passive intrusive emplacement is the most desired structural condition 

• where granitoid and porphyritic-textured intrusives co-exist, the porphyry should 

be late in its development 

• sharp boundaries between granitoid and porphyritic types are more favorable, 

although some gradation is not entirely unfavorable 

• wall or country rock may be of all lithologic types, thicknesses, and ages except 

perhaps for the pleistocene 

• for disseminaterl deposits:intrusives or highly siliceous metamorphic and 

sedimentary rocks are the most favorable host rocks. 

THE POST-EMPLACEMENT SUPERGENE ENVIRONMENT 

By 35 Ma the compressional environment had ceased and the area became 

characterized by extensional deformation. Post emplacement of the copper 

mineralization, strong weathering enhanced by the presence of fractures and a high 

pyrite content of the hypogene ore resulted in a supergene cap. Sulfide dissolution 

and precipitation of copper sulfides is superimposed upon the hypogene quartz

sericite altered assemblage. The dominant mineralization of this cap is chalcocite 
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with minor amounts of covellite. Supergene oxide minerals of chrysocolla and 

malachite occur with varying amounts of brochantite, antlenite, turquoise, 

shattuckite, atacamite, plancheite, Iibethenite, metamorbemite, and torbernite. The 

characteristics of having the vertical, supergene alteration superimposed upon the 

lateral zonation patterns of the primary alteration can been seen in Figure 8.3. 

This vertical cross section is through an eroded, altered mineralized porphyry 

system in potassium silicate rocks. Superimposed are the effects of oxidation, 

weathering and leaching of the primary mineralization to form an enriched blanket 

above the zone of primary quartz-sericite-pyrite and its attendant copper 

mineralization (Titley et. at., 1989). Once formed the oxide blanket was often 

protected by mid-Tertiary volcanic flows up to one kilometer thick. 
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Figure 8.3: A representative vertical cross section through the supergene cap of a 
porphyry copper deposit. Taken from Titley et. al., (1989). 
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CHARACfERISTICS OF THE OXIDE/SUPERGENE ZONE 

In (1965) the Kennecott Copper Corporation produced an in-house document 

entitled Fundamentals, Characteristics, and Techniques of Capping Appraisal. A 

revised version of this research was published in the 1982 Porphyry Copper II 

volume edited by S. Titley. The importance of this research is amplified in the 

statement by Anderson (1982) that a recognition of neotocite and jarosite in cappings 

over porphyry copper ore provides an opportunity for explorationists to re-evaluate 

many outcrops, thought previously to be barren, as potential copper targets. Many 

neotocite cappings containing up to 1 % copper occur without visible green oxides 

and thus were mistaken for unaltered rocks containing manganese oxides. Likewise 

jarosite cappings are commonly considered to represent deposits of barren pyritic 

mine:-alization. Anderson (1982) is credited with the observation that repeated cycles 

of oxidation and enrichment usually produce significant vertical gaps between 

successive chalcocite enrichment blankets. Thus oxide ore representing leached 

chalcocite blankets may overlie younger generations of supergene enrichment. Given 

the unusual stacking of leached older supergene enrichment over progressively 

younger chalcocite blankets suggests: 1) erosion may expose partially oxidized 

primary mineralization representing the gap between two enrichment zones, 2) drill 

hole intercepts of sulfide below an enrichment blanket may represent the primary 

sulfides in a gap between enrichment blankets, 3) the discovery of one enrichment 

blanket does not preclude the possibility for additional blankets at depth. 



343 

In the fonnation of the oxide zone semi-arid climates favor deep oxidation, 

leaching, and enrichment because low water tables allow periodic recharge water to 

remove capillary solutions from the oxide zone. First-cycle oxidation with the 

leaching and enrichment of first-cycle oxidation procedures until all primary sulfide 

mineralization in the oxygenated environment above the water table are leached. 

Second-cycle oxidation results from a lowering of the water table exposing sulfide 

minerals to the oxygenated environment. In the second-cycle oxidation the first-cycle 

supergene chalcocite blanket is oxidized and leached resulting in a perched salvage 

above the new supergene. This oxidation of the chalcocite blanket results in "in-situ" 

oxide ore overlying zones of leaching and enrichment. For a rapid drop in the 

groundwater table a gap of tens of meters can separate the first and second-cycle 

supergene blankets as depicted in the forth panel of the first row. The controlling 

agents in the leachability of the outcrop are: 1) the total sulfide content where > 5% 

by volume is favorable as abundant sulfuric acid is produced; 2) the copper sulfide to 

iron sulfide ratio where high copper sulfide lowers the amount of sulfur available for 

sulfuric acid; 3) the mineralogy of the copper sulfides where weaker bonds are easier 

to break in acidic groundwater; and 4) the reactivity of the host rock. Repeated 

drops in the water table result in repeated cycles of oxidation and increasing copper 

content of the supergene zone. 
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MORPHOLOGY OF THE SUPERGENE ZONES IN SELECf DEPOSITS OF 

ARIZONA 

PERSPECfIVE 

Data on the morphology of supergene copper deposits is often not reported in 

the literature. This may result in part from the notion that these zones exhibit 

variation that does not permit generalization. The Porphyry Copper II Volume 

(Titley ed., 1982) however, contains written descriptions of the supergene zones as 

they occur at select copper deposits. The following compendium of descriptions 

from this publication is quite revealing: 

Copper Flat 

The ore is mostly chalcopyrite in biotite breccia. Very little supergene has 

occurred as erosion has kept pace with the rate of oxidation. This oxidation is 

slower than might be expected for the southwest as the ore is low sulfide. With 

respect to the depth of the supergene blanket the following descriptions are offered: 

" Chalcocite has been found as deep as 200 feet in some drill holes, but in most 

places it occurs only within a few tens of feet of the surface" 

"the base of the oxidation is abrupt and is nowhere deeper than 50 f1., in most 

palaces it is less than 30 feet, even within fault zones" (Dunn, 1982; p. 321). 
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Tyrone 

"The ore body consists of a supergene blanket of erratic chalcocite coating on 

pyrite mineralization. The blanket varies from a few feet to over 300 ft. in thickness" 

(Kolessar, 1982; p.331). 

" The top of the enrichment blanket is very irregular, with sporadic remnants of 

sulfide ore in the oxidi7.ed capping" (Kolessar, 1982; p. 331). 

"Ore occurs within a few feet of the surface in the west Racket extension near the St. 

Louis shaft and at 500 to 600 ft. below the surface in the northeast section of the ore 

body" (Kolessar, 1982; p.332). 

"The cap over the Tyrone copper deposit is a classic example of all stages, from 

extremely immature to well defined, mature, supergene capping. The most important 

constituent - and certainly one of the most abundant minerals in capping over Tyrone 

and other disseminated copper deposits - is supergene hematite" (Kolessar, 1982; 

p.333). 

Dos Pobres 

"Below the surface to a depth of 800 ft. the ore is pipe-like in shape, partially 

leached and thoroughly oxidized" (Langton and Williams, 1982; p. 338). 

"Subsequent to tilting, oxidation and erosion were the dominant forces at work 

during Oligocene and early Miocene times. Also at this time minor supergene 

enrichment was superimposed on the hypogene ore in the Dos Pobres deposit. The 
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central portion of the Dos Pobres chalcopyrite-bornite ore pipe was partially leached, 

thoroughly oxidized, and locally enriched to deposits of approximately 1,200 ft." 

"Oxide ore averages 0.62% Cu, compared to 0.72 % for the sulfide ore"(Langton 

and Williams, 1982; p. 351). 

Christmas Mine 

"In basaltic rocks east of the Christmas fault, supergene alteration has erratic 

distribution. Fresh pyrite and chalcopyrite are abundant in veins and fractures in 

many samples of drill core within a few meters of the surface, but assays of other 

samples show significant copper oxide values to depths of 330 m" (Koski and Cook, 

1982; p.370). 

Poston Butte 

"The oxidized copper bearing material makes up roughly one-third of the total 

thickness of the deposit and about one-half of the total volume. The average thickness 

of the oxide zone is 400 ft., with a range of 100 to 1000 flo" 

"Chalcocite mineralization as much as 300 ft. thick has been encountered" (Nason, 

Shaw, and Aveson, 1982; p. 382). 
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The Twin Buttes Area 

"The mineralized zone has been eroded, oxidized, enriched, and all but the 

northwestern fringes were buried beneath 300 to 800 ft. (92 to 244 m ) of post

mineralization alluvial materials" (Barter and Kelly, 1982; p. 410). 

"Supergene effects penetrate much deeper into siliceous rocks than into adjacent 

skarns because of the greater degree of fracture permeability in the siliceous rocks 

and the smaller amount of minerals which react to the supergene fluids" (Barter and 

Kelly, 1982; p. 428). 

In the Upper Supergene Zone- "The elevation above which significant amounts of 

supergene oxide minerals formed varies nearly 1000 ft.(305 m) in the immediate 

mine area. The base of significant oxides is as high as the 2,775-ft. (846-m) 

elevation, 25 ft. below the bedrock surface, in garnetite in the Main Ore body; as 

deep as 1,800-ft. (549-m) elevation, 800 ft. (244 m) below bedrock surface, in 

siltstone in the Northeast Ore body" (Barter and Kelly, 1982; p. 429). 

In the Middle Supergene Zone • " The thickness and elevation of the middle 

supergene zone is widely variable, and the amount of secondary copper sulfides in 

the zone generally increases upward until the lower fringes of the oxidation are 

encountered" (Barte and Kelly, 1982; p. 429). 
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Sierrita.Esperanza 

"By 1957 development drilling had proved a supergene enriched zone of 

chalcocite consisting of 52,416,000 tons (47,551,000 metric tons) with a grade of 

0.62 percent copper and 0.025 percent molybdenum ... " (West and Aiken, 1982; 

p.457). 

"The supergene enriched zone in the Esperanza area varied in thickness from 30 to 

150 ft. (9 to 45 m) but averaged about 100 f1. (30 m). The blanket was roughly 

conformable to pre·mine topography (see Fig. 21.15) [not included in this report]. 

yet varied locally; it was found at a greater depth under extreme local relief (320 ft. 

(91 m) or more) and closer to the surface where topography was deeply incised by 

stream erosion" (West and Aiken, 1982; p.457). 

"The thickness of the oxidized capping at Esperanza was variable, ranging from 10 

to 180 ft.(3 to 55 m)(see Fig. 21. 15)[not included in this report]" (West and Aiken, 

1982; p.459). 

At Sierrita· "A minor oxidized cap was developed over the Sierrita deposit, ranging 

in thickness from 0 to 75 ft. (0 to 23 m), but averaging 50 ft. (15 m)" (West and 

Aiken, 1982; p. 459). 

With respect to slope stability • "The excavation at the Sierrita pit was down to the 

2,900 flo elevation (at a depth of approximately 1,400 ft. below the pre·mine surface) 

in mid·1981. Esperanza pit was down to the 3,400 ft. elevation (at a depth of 

approximately 900 ft. below the prc·mine surface). The projected ultimate depth of 
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the combined Sierrita-Esperanza complex as of June, 1981, was approximately 2,300 

ft. below the pre-mine surface, to the 2000-ft. elevation" (West and Aiken. 1982; p. 

462). 

Mission 

"The ore bodies were discovered beneath some 200 ft. (60 m) of alluvium 

that covered them and remains as a cover above much Mesozoic and Paleozoic strata 

of this part of the district" (Jansen, 1982; p. 468). 

San Xavier North 

"The San Xavier North porphyry copper deposit was discovered in 1955, 

when Asarco geologists found two small, altered and mineralized outcrops 

surrounded by alluvium" (King. 1982; p. 475). 

EI Tiro/Silverbell Mining District 

"The majority of the ore mined in the El Tiro area was derived from a flat

lying, tabular chalcocite blanket which averaged roughly 200 ft. thick at a 0.4 

percent Cu cutoff. The top of the chalcocite blanket occurs in sharp contact with the 

overlying leached capping which, although irregular in detail, is generally 

conformable in shape to the surface topography. The leached capping is roughly 100 

ft. thick and averages about 0.03 percent Cu" (Graybeal, 1982; p. 500). 
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"However, the total copper content (at a cutoff of 0.4% Cu) in the oxidized zone 

averages 1.02 percent Cu, as compared to the sulfide zone, where averages are 0.79 

percent Cu. These values suggest that supergene enrichment of copper in some form 

has occurred in the oxidi7..ed zone" (Graybeal, 1982; p. 501). 

With respect to the historical and current water table - "Ransome (1919) noted that 

the shapes of the present topography and water table are unrelated to the top of the 

"chalcocite blankets at Ray and Miami, Arizona" - but further along in the paragraph -

"The Silverbell District, on the other hand, provided good examples of the 

conformable shape of the present topography and the top of the chalcocite blanket. 

The upper limit of chalcocite probably marks the top of a former water table which 

has now withdrawn to deeper levels under the influence of a drier climate and/or 

uplift" (Graybeal, 1982; p. 503). 

The Sacaton Area 

"Before mining was initiated in 1977 ore reserves were estimated at 33 

million tons of 0.76 percent copper with a cutoff of 0.30 percent copper. The 

overall waste:ore ration was 4.8: 1 " 

"In plan the East ore body measured approximately 750 ft. x 850 ft., and the 

thickness of ore varied from about 100 ft. to 400 ft. Ore reserves at that time were 

estimated to be 12 to 14 million tons of + 1.0 percent copper" (Cummings, 1982; p. 

518). 
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With regards to supergene mineralization - "The enrichment factor (the ratio of 

supergene copper grade to hypogene copper grade) varies from 3:1 to 5:1 for both 

ore bodies" (Cummings, 1982; p. 519). 

In the West ore body - "The chalcocite blanket is irregular in thickness, grade, 

continuity less than 50 ft. on the margins to 500 ft. on the nonh side of the breccia" 

and with a thickness of leached capping 100 ft. to 650 ft. 

In the East ore body - "varies from 200 - 400' thick" with a leached capping of 15 to 

225 ft. thick (Cummings, 1982; p. 519). 

Summary Statistics 

Table B.2 summarizes the thickness of the oxide and chalcocite layers as reponed 

above. 

STRUCTURAL ASSOCIATIONS 

Structural control of these deposits is contentious. Schmitt (1966), notes that 

most of the great copper deposits occur along the Wasatch-Jerome orogenic trend in 

association with the central 'channel' or rift. Up to one half of all copper production 

comes from the intersection of this trend with the Texas lineament that extends from 

the Transverse Ranges in southern California to the Rio Grande embayment of 

Texas. He identifies the chief structural trends of the southwest as being 1.) the 



Table B.2: Summary statistics for oxide and supergene zones. 

Chalcocite BlaDket 
Deposit 
Copper Flat 
Tyrone 
Dos Pobres 
Christmas 
Poston Butte 
Sierrita 
El Tiro/Silverbell 
Sacaton East 
Sacaton 

Leached Oxide Cap 
Copper Flat . 
Tyrone 
Dos Pobres 

Christmas 

Thickness Range 
lO-Zoo' 
0-3OO' 
0-4oo' averaging 0.72% Cu. 
0-330' oxide and chalcocite. 
3OO' 
30-150' averaging 100' from near surface to 3OO' depth 
averaging 200' thick at a depth of loo' 
loo-4oo' thick with a plan section of 7S0x8S0'. 
SO' on the margins to Soo' on the north side of the West 
ore body and 2oo-4oo' in the East ore body. 

averaging 30' with the base less than 50'. 
surface to 600' 
surface to 8oo', with surface to 1200' in the central portion; 
Av. 0.62% Cu. 
surface to 330' oxide/chalcocite. 
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close-folded schistose and gneissic older Precambrian basement with predominantly 

northeast bearing structural trends, 2.) the Colorado Plateaus 3.) the Wasatch-Jerome 

structural zone or orogen of north-northwest and north-south structural trends 4.) the 

front range structural zone of north-south trend 5.) the Texas lineament 6.) the basin 

and range faulting and associated folding 7.) the four areas of thrust faulting 

associated with the Texas zone and 8.) the north-eastlsouth-west tending system of 

faults and folds. It is important to note that only a few of the major mining camps 

are more than 75 miles from the Wasatch-Jerome orogen. The largest copper area is 

at the origin of this trend with the Texas lineament and two strong northeast system 

lineations. Schmitt (1966), notes that the ore localizing influence of the thrust areas 

is small when studied in detail. In the Wasatch-Jerome orogenic trend, slightly east 
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of a center line, a major fault appears to be associated with the mining districts of 

Butte, Tintic, Jerome, Miami-Superior-Ray, San Manuel, Bisbee and Nacozari. This 

preCambrian structure may suggest a deep seated wrench fault (Schmitt, 1966). 

FRACfURE STUDIES 

Titley et al (1986), have noted the importance of fractures (cracks), in the 

vicinity of major porphyry copper deposits in the southwest. The following 

observations are taken directly from a general discussion of this phenomt:na in their 

publication: 

1) the area of fractured rock within the set 4 contour interval of O.02_cmo' , the 

quartz sulphide veins is 43.5 km2
• The corresponding exposure of the quartz 

monzonite porphyry is 1.3 km2• This implies a 33 times greater area of shattered 

rock over the size of the porphyry. 

2) the fracturing leading to the development of the cracks is episodic. Younger 

veins are observed to cross older veins with/without displacement. Annealing of the 

older cracks prior to the development of younger cracks is suggested. In the outer 

perimeter each vein set occupies distinctive and separate fractures. 

3) the fractures evolved during the cooling of the rocks. 

4) vein-veinlet walls are parallel over long distances in both pit and outcrop. They 

have not recognized displacement of any consequence (mm-cm) related to this 

fracturing. 



5) insufficient space was generated during fracturing to permit either rotation, 

collapse, or transport of the blocks. 

6) open space filling of veins is uncommon in the fractures of the periphery. 
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7) the cracks can be associated with wide alteration assemblages (1-2 cm), onto the 

host rocks. 

The authors demonstrate that a great volume of rock (4xlOs km2) was 

fractured and altered during porphyry development. Altered fractures exhibit a 

preferred east-northeast trend across large areas. The fracture abundance increases 

with proximity to the porphyry centers. These cracks are a known prospecting tool 

in the search for porphyry copper deposits. 



355 

APPENDIX C 

THE ELICITATION OF SUBJECTIVE PROBABILITIES 

THE CURRENT STATE OF REPRESENTING UNCERTAINTY 

During the late 1980's a series of workshops were held to discuss the 

treatment of uncertainty in artificial intelligence. When asked 'what was the best 

approach in representing and managing uncertainty in AI? ' the following 

perspectives were presented (Lehmann, 1990): 

• Probability theory 

• Non-monotonic logic 

• Dempster-Shafer theory 

• Fuzzy-set theory 

• Domain-specific (pragmatic) approaches 

The following sections describe each technique as presented in the workshops 

and reported by Lehmann, (1990). Some of the material contains a high level of 

statistical theory. that should not discourage the reader. It is more important to glean 

the general concepts of this overview, understanding the second section describing 

Bayesian analysis in DISCOVERY. 
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PROBABILITY THEORY 

Probability theory stands as a bench mark upon which all other methods are 

measured. The perception of 'probability' itself requires some clarification. Ursic 

(1989), describes the frequentist's theory as being the ratio of outcomes of interest to 

all possible outcomes. This is in contrast to the concept of probability by Cheeseman 

(1986), as being equal a subjective degree of belief. There is also the objective 

school of probability drawing upon the frequentist and degrees of belief theories 

frequencies are related to subjective probabilities through the procedure of finding the 

appropriate reference class (Kyburg, 1987). 

Working with subjective probabilities first requires the establishment of those 

variables that are conditionally independent. The network of conditional 

independence that results from knowledge elicitation is a belief network (Pearl, 

1986), or knowledge map (Howard, 1988). In these structures nodes represent the 

domain variables joined by arcs of probabilistic dependencies. When new evidence is 

presented that adds to the belief for a particular model, the original belief ( the a 

priori probability), is updated. In large, complex systems where variables can take 

on several possible states the revision can become unwieldy. Lehmann (1990), notes 

that if each variable is propositional then there are 2- possible worlds. Indeed the 

DISCOVERY model has 55 major variables yielding a possible 3.6 x 1016 worlds! 

This is well beyond the ability of even the best expert to resolve mentally. There are 

numerical methods to reduce this factoring, relying on joint probability distributions 
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factored into the products of conditional probabilities. The most common example is 

the complete factoring of P(A,B,C) as P(A: B,C) 0 P(B: C) 0 P(C). If C is irrelevant 

to the relationship between A and B then we obtain P(AIB,C)=P(AIB); a much 

easier relationship to visualize (Lehmann, 1990). Estahlishing irrelevancy early in 

the elicitation cannot be over-emphasized! There are a wealth of algorithms for 

Bayesian revisions utilizing belief networks, Markov networks and maximum entropy 

(Lemmer and Kanal, 1989) 

As a simple example of Bayesian revision consider the probability for the 

inference of a porphyry copper deposit from observing structure A and alteration B 

in a particular area. Using Bayes' formula the first conditional probability p. 

{DIAnB} can be expressed as (Chung and Moon, 1990): 

(C.l) 

But, as stated, the relationship of A or B to D in the study region is not known. 

Therefore P s { A n B : D} and Ps {D} must be estimated from the control region. 

If a control region is not readily available then the expert geologist may make a 

subjective estimate based upon experience. The process is simplified by the 

assumption of conditional independence where: 

(C.2) 
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This allows for simplification of the Bayesian revision to (by Chung and Moon. 

1990): 

(C.3) 

(C. 4) 

If we assume that structure A and alteration B are necessary for the formation of the 

porphyry deposit then we obtain equation (C.4). Given the experts ability to estimate 

the probabilities for P s(D : A) and P s(D : B) the Bayesian revision can be made in 

equation (C.4). 

Detractors of the probability approach focus strongly on the subjective aspects 

of the model. They point out that rooted within subjective probability are 

assumptions regarding induction; the probability distributions used to approximate the 

behavior of the variables. Secondly, Chung and Moon (1990), question if the 

assumption of conditional independence is reasonable for geological parameters 

known to result from the same geological processes. These problems, coupled with 

the difficulty of establishing the prior probability for revision, are valid. 
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NON-MONOTONIC LOGIC 

Classical logical thinking requires the acceptance that the world is a single 

state. All evidences contribute in some way to our concept of the world. That is, 

we are constantly adding to our database of facts confirming what we know about 

our world. This constant accumulation of evidence is said to be monotonic. But 

geoscience is abstract where evidence tends to suppon an interpretation within some 

degree of uncenainty. We are constantly evaluating conflicting pieces of evidence 

and retracting statements leading to a database that is non-monotonic in si7.e. This 

results in two approaches to non-monotonic inference (Ginsberg, 1987): 1) proof

based updating says to accept the conclusion if it is consistent with the rest of the 

knowledge base; and 2) minimization states if the proposition does not logically 

follow from the database then assume it to be false (Lehmann, 1990). Not 

surprisingly, these reasoning systems are vulnerable to interpretation as to what 

determines inconsistency. Frish and Haddawy (1988), suggest that logic should be 

restricted to the states of true and false, letting probability theory apply to states of 

intermediate sufficiency and necessity. 

DEMPSTER-SHAFER THEORY (OST) 

This form of reasoning permits the abstraction to intervals of belief rather 

than single numbers to represent uncenainty. Shafer and Tversky (1985), focus on 

the construction of belief over sets of propositions emphasizing the ability of the 
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individual to pick an example that best fits their belief model. This model uses 

aspects of probability theory. If (J is the set of all possible states for our world then 

we say that we have () propositions. As before 2' is the set of all possible 

combinations of propositions, now called our 'frame of discernment' (Lehmann, 

1990). In our porphyry copper example 29 = { tp, D, -D, e } where tp represents 

no possibility (the empty set), and e represents both possibilities D and --D ( Chung 

and Moon, 1990). The basis probability assignment function rnA for the belief of a 

porphyry deposit given the observation of the structure A as shown in equation 

(C.S): 

(C.S) 

Where rnA (D) represents the degree of belief that a porphyry copper deposit is 

present given the observation of the structure A. The term 1-a·a' is the level of 

uncertainty of a deposit versus no deposit, based on the observation of structure A. 

The belief function corresponding to mAt when K ( 29 
, is defined as (Chung and 

Moon, 1990): 

BelA (K) = E mA (H) (C.6) 
HeX 

Analogous to the basic probability assignment function, the belief set is: 

(C.?) 

The total belief for several different sets is the intersection of these sets. Belief is an 
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interval, bounded on the lower side by Bel and on the upper side by plausibility 

function P A·. For some set of propositions A, the plausibility is 1 - Bel(H), 

allowing for an explicit modeling of ignorance between Bel and PI for a probability 

measure P A on a (Walley, 1987). Chung and Moon (1990), state that for any H f 

(CoS) 

Suppose that we are presented with two pieces of evidence affecting a 

proposition, mAC 0). For some attribute B (alteration) we have equation (C.9): 

(Co9) 

and the corresponding belief function: 

BelB(~) =0, BelB(D) =b, BelB(D) =b', BelB(6) =1 (ColO) 

The total belief that the area contains a porphyry copper deposit given the 

observation of structure and alteration is defined by Dempster's rule of combination: 

Bel (D) -1: m(H) (ColI) 
HcD 

Where the term m(H) can be expanded to the sum of the products of the intersection 

for the evidences normalized by the product of those portions that do not infer the 

presence of a deposit. 
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(C.12) 

The combined belief function Bel has lower and upper limits defined in equation 

(C. 13): 

Bel (D) = ab+a (l-b-b') +b{l-a-a') 
l-ab'-a'b 

Bel (D) = a'b'+a'{l-b-b') +b'{l-a-a') 
l-ab'-a'b 

(C.13) 

Chung and Moon(1990), note that the denominator l-ab'-a'b is a measure of the 

conflict between the evidence for structure A, and alteration B. The value of 10g(l-

ab'-a'b) is defined as the weight of conflict between BelA and Bel8 (Shafer, 1976). 

Using the Bayesian notation Bel(O) is comparable to Pc(O:A n B) and it is stated 

that (Chung and Moon, 1990): 

Bel (D) S Pc{DIA n B) s I-Bel (D) (C.14) 

Given this eloquent method for updating belief how can it be used in the 

decision making process? Can it assist us beyond what is available through utility 

theory? No. Consider that we now have an updated interval of belief for some newly 

observed evidence, say mineralogy. Because there is no utility theory for OST there 

is no a priori method of arriving at a single measure of merit for decision theory 
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(Lehmann, 1990). Furthennore, it has been suggested that construction of the belief 

interval using probabilities and application of acceptance rules yields a range of 

possible decisions (Yen, 1988). The selection of a final point within this range is 

still some what arbitrary. Users of probability point out the obvious contortions to 

arrive at a solution that only mimics probability theory. 

COMBINATION OF PREJUDICED SUBJECfIVE PROBABILITIES 

Neither the Bayesian nor the DST methods make provision for the role of 

prejudice in subjective probability estimates. In both of these methods the a priori 

estimate is taken to represent prejudice and is combined with succeeding probability 

estimates, two at a time. The effect of a strong prejudice is diminished quickly in 

this iterative process. 

Consider an aero-magnetic survey in a porphyry copper exploration program. 

We can designate the probability that the survey will absolutely infer a deposit as 1 

and the probability for absolutely no inference as O. It is more reasonable to assume 

that a subjective estimate for the probability of inference of the presence of the 

deposit lies somewhere along the interval 0-1, at a point designated boo If there is no 

prejudice then bo= 0.5 falls at the mid-point. There will be those geologic features 

which tend to enhance the magnetic field and can be referred to as 'positive' 

evidence. When introduced the expert will almost certainly increase their probability 

estimate for inference. Like-wise there are those deposit attributes that tend to 
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diminish the magnetic field and thus reduce the probability estimate of inference. 

These attributes are referred to as negative evidence when presented to the expert. 

In our contrived example we might introduce the presence of magnetite and 

pyrrhotite as positive evidence with depth and presence of alluvium as negative. 

Positive evidences increase the probability for inference (points bl and b2,), those 

evidences that are negative ( bJ and b., ) decrease the probability. The probabilities 

are conditioned upon the existence of prejudice bo, normalized over the reduced 

space of 0 • bo and bo • 1 respectively (Sponsler and Albert, 1989). Given that the 

two probabilities are disjoint they must be combined separately in the two reduced 

sample spaces by (Sponsler and Albert, 1989): 

C.1S 

Likewise for those attributes that tend to decrease the probability of inference we 

obtain: 

C.16 

For a set of multiple attributes having both positive and negative effects the above 

formulae can be used iteratively with any two of the probabilities at a time. 

The combination of negative and positive evidence can now be estimated by equation 

C.l7: 
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b = b + (b.-bo) (I-bo) _ (bo-b_)bo 
c 0 (I-bo) b o 

=b. +b_bo, O<b_!i:bo!i:b.~:l (C.l7) 
=0, b_=O, b.'" 1 
=1, b.=l, b_",O 

We can construct a single formula for the combination of subjective probabilities by 

introducing equation (C.18), the theorem of Bernoulli (Sponsler and Albert, 1989): 

(C.lS) 

The introduction of a repeated product theorem into the formulae for b., b., and be 

yields a very concise form of the combination formula (Sponsler and Albert, 1989) as 

seen in C.19: 

having the properties: 

1.) =0, if bj;;t; 1 and one or more b .. =O 

2.) =1, if b .. ;;t;O and one or more b i =1 

THE EFFECT OF BIAS 

Sponsler and Albert (1989), demonstrate that for no a priori bias, Po= 0.5, 



the Bayesian, DST, and Cf)mhined Prejudice subjective probabilities yield similar 

results. But consider the following modification to our aero-magnetic survey: 
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1.) the presence of magnetite in the deposit will enhance the response leading to a 

probability of inference of 0.80. 

2.) the presence of a thick rock cover will diminish the anomaly suggesting only a 

0.15 probability of inference. 

With no a priori bias the combined subjective estimate would be (0.8+0.15-

0.5)=0.45 probability that there would be an inference to the deposit. However, with 

a subtle positive bias by our geophysical expert, say Po= 0.60, then the combined 

subjective probability estimate shifts strongly to 0.35. Likewise a negative bias of 

Po= 40% yields a probability of inference of (.80+ .15-.40)=0.55. These results at 

first seem contradictory; the negative bias increasing the probability of inference to a 

deposit. Sponsler and Albert (1989), argue that the results are intuitively appealing 

as a high negative subjective probability estimate weighs more in a situation in which 

the expert is optimistic and vice versa. 

FUZZY SET THEORY (FST) 

Fu;ay set theory is conceptually similar to DST with the addition of linguistic 

approximations used to capture the experts conceptualization of uncertainty. Fuzzy 

set theory has its origins in the work of Tversky and Kahnemann (1974), who 

describe the difficulty in visualizing the representation of a probability measure. By 
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introducing membership functions to represent the degree to which an expert 

associates an instance with a class the uncertainty is treated more as a difference 

measure (Kahnemann, 1990). As the father of FST, Zadeh (1986), has introduced 

the concept of fuzzy adjectives, fuzzy adverbs and fuzzy classes. This simple theory 

has shown that people prefer semantic classes to numeric estimates of uncertainty and 

that subject defined classes perform better than numerically assessed probabilities 

(Zimmer, 1986). These findings have fueled debates as to whether geologists should 

provide subjective probabilities for the number of deposits or remain with measures 

of favorability. 

Greatest criticism has centered on determining membership to a particular 

class. In the absence of a discriminate function of a known form it is unclear that 

discrimination of observations into groups has any real meaning. Secondly, although 

a variety of updating algorithms exist for handling a new observation, they tend to 

assume a correlation of the original proposition and the subsequent piece of fuzzy 

information that is not known to exist (Kahnemann, 1990). Again, the users of 

probability suggest that FST is a convoluted way to express uncertainty using a range 

rather than point value. 

DOMAIN-SPECIFIC APPROACHES 

This includes the likelihood ratio based model of PROSPECTOR where the 

evidence gathering and updating functions are tied together as the system continually 
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seeks to establish a hypothesis by inference modelling. PROSPECTOR requires a 

conditional independence between evidential features, a probable violation in 

geoscience. 

DISCUSSION 

Lehmann (1990), after a review of the Probability, Non-monotonic, 

Dempster-Shafer, Fuzzy set, and Domain-specific theories has concluded that It 

although we know that people have difficulties in expressing their uncertainty using 

probability, no researcher has presented evidence at the workshops that such 

expression is easier when subjects use Dempster Shafer Theory or Fuzzy Set 

Theory." It is important to note that Lehmann (1990), did not review the work of 

Sponsler and Albert (1989). 

In a comparison of multivariate regression analysis, Bayesian revision, and 

Dempster-Shafer methods Chung and Moon (1990), found that these techniques do 

not account for spatial distribution of the deposits in the estimation procedures. 

Perhaps the failing is not in the methodology but in the way subjective estimates are 

used. 
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CALIBRATION OF SUBJECTIVE PROBABILITIES 

In many fields of science it is possible to obtain an empirical measure of an 

experts accuracy, by comparing the subjective probability forecast for an event with 

the actual outcome. Smith (1988), demonstrates that with increasing experience in 

forecasting, weathermen display a high degree of accuracy and are said to be 

empirically 'well calibrated'. In these types of situations a measure of reward can be 
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Figure C.I: Subjective probability paradigm of rc:ca.lling a Sub-set, an, of the n total previous events is 
constructed after Albert and Sponsler (1989). 

introduced and a scoring rule may be applied to determine the accuracy of the expert. 

By adjusting each probability to account for accuracy very reliable estimates can be 
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obtained. But what if the outcome of a subjective probability is never known. Then 

a mathematical model is required to represent how the brain may sub-consciously 

make subjective estimates based upon prior experiences it deems to be similar. 

Consider an expert who is presented with some information and asked to 

make a subjective estimate as to the true state of nature. A true expert will recall the 

full set of prior prediction results and his estimate will equal the frequency of past 

successful predictions. In Figure C.l, we denote the full set of prior prediction 

results as n. The true frequency, b of past successful predictions is denoted as some 

measure expressed in percentage along the distribution. The stippled area above the 

distribution line and starting at zero represents the full set of previous successful 

predictions. Let's assume that the level of successful predictions, b is some arbitrary 

value, say 55%. It is unlikely that an expert can recall the full set of prior 

predictions when n becomes large. Indeed, most experts can recall only some subset 

or partition representing a fraction, an, of the full set of prior predictions. That 

portion recalled in the subset can include a greater or less percentage of the 

successful previous predictions. Thus, a can be greater or less than b depending 

upon the expert. Here we have arbitrarily assigned x=82% suggesting the common 

psychometric effect of the expert recalling more favorable successful outcomes than 

failures. The expert takes the measure a as representative of the true distribution and 

states that the subjective probability for outcome of the new event is x, where x =a . 

Calibration then attempts to replace the estimate x with the true frequency, b, 
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representing the past successful prediction of all events including those which the 

estimator did not sub-consciously identify (Albert and Sponsler, 1989). In the 

bottom line of Figure C.1, we are back to the full distribution n where the actual 

subjective probability, b', now has a range of permissible values denoted by the 

stippled line. The range of b' is determined by the accuracy of the expert to recall 

from the full set of n. We can state that the sub-conscious subset, an, reflects an 

accuracy level of, a, in the experts ability to recall. The resulting shape of Figure 

C.1, can be termed the 'hour glass' paradigm of subjective probability calibration. 

How then does the expert arrive at their estimate of the probability for an 

event given these sub-conscious processes? The Albert and Sponsler (1989), model 

considers memory to be divided into two parts: 1) that part identified subconsciously 

and associated with the success frequency x is the estimate; and 2) that portion not 

identified sub-consciously and known to contain instances of successes is called the 

remnant success frequency x+. If an is the number of events in the identified portion 

then (l-a)n remains in the unidentified memory trace. Likewise if the frequency of 

successful predictions in the full memory trace is bn, then equation (C.20) follows 

(Albert and Sponsler, 1989): 

b :: ax + (l-a)x· (C.20) 

where the 'actual' subjective probability b is equal to the level of expertise a 
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multiplied by the identified part of the frequency estimate plus the remanent success. 

This equation can be solved for x, the subjective estimate, in terms of the level of 

accuracy a, 'actual' subjective probability b, and remnant success x+ as follows: 

x = (l/a) [b-(l-a)x+] (C.21) 

From this equation Sponsler and Albert (1989), define a set of minimum and 

maximum values of the estimate as depicted in Table C.l. 

The corresponding "cusp" charts for these ranges are displayed in Figure C.2 

below. For some 'actual' subjective probability b, we can see the range permitted 

the subjective estimate x 

along the ordinate for 

some level of accuracy a 

plotted along the abscissa. 

A bilateral symmetry 

about the mid-point 

b = 112 is useful in 

restricting descriptions to 

the upper half. In the 

........ ~ '(A: 

o 

1lil~e2J000 
..... s...c,i .. ~00ClbJ" 

Figure C.2: The estimated versus subjective probability estimates 
with parameter (a). 

figure the estimates have a greater portion above the corresponding "actual' 

subjective probability b. This is consistent with the findings of Kahneman and 

Tversky (1972, 1973, and 1979), and Slovic, Fischhoff and Lichtenstein (1977) that 



373 

for subjective probability estimates greater than 1/2 the average estimate tends to be 

overly optimistic falling greater than the 'actual' probability estimate (Albert and 

Sponsler, 1989). This is evident in the range for b c: 1/2 where the expectation of the 

probability estimate x is estimated by equation (C.22). 

b = 1/2 for a s (l-b) 
= 1/2 [(2a+b-1) /a] for (l-b) s a s b 
= 1/2 [(a+2b-1) fa] for b s a sl 

(C.22) 

Alben and Sponsler (1989), demonstrate that the brain does not make its estimate 

based on the subconscious selection of equally likely panitions but instead chooses 

the midpoint of the range of estimates permitted by the estimators panicular 

accuracy. They show this by a fitting a density function, the Beta distribution, that 

becomes uniform for a=O, and its mean is the midpoint of each x(a) range. 

Clustering is also observed to be symmetrical about the mid-point. 

Table C.1: The: ranges permitted oX for various a and b; after Albert and Sponsler (1989). 

Ranges Permitted x for various a and b 

min x max x min x max x 

asb 0 1 1/a(b-l+a) 1 

ac:b 0 b/a 1/a(b-l +a) b/a 
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CALIBRATING THE EXPERT 

If we could obtain from the expert a subjective probability estimate x and 

could determine the level of accuracy a then it is a simple exercise to determine the 

estimated 'actual' subjective probability b'. Consider the theoretical maximum and 

minimum values of b' (Albert and Sponsler, 1989): 

b
' 

max = 1 - a(l-x) 
b ' min = ax 

(Co23) 

They assume that the 'actual' subjective probability b' lies somewhere in a uniform 

distribution between the maximum and minimum values above. Thus the expectation 

for b' is: 

Exp b ' = 1. T 1.a (2x-l) 
2 2 

(Co24) 

For each subjective estimate that an expert makes the expected subjective probability, 

Exp b', can be determined. This defines a linear relationship that when plotted has a 

slope equal to the subjects accuracy, a. 

Albert and Sponsler (1989) have also presented the derivation for that 

p iib - nbc anx n(l-b) C an(l-x) 
( ) - n-an(l-x) 

E Sc anx (n-s) C an(l-x) 
s-anx 

;;;: nbc anx n(l-b)C an (l-x) 
(nTl) C n(l-a) 

(Co2S) 
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distribution which is not uniform. If am successes are contained within the sub· 

consciously recalled subset of an events then the possibly that the unknown number 

of successes is nb is given by equation C.2S. The expected mean, the actual 

expected subjective probability, is determined by multiplying by b and then summing 

over the permitted values as seen in equation C.26 below. 

[1-4(1-'\)) n 

Exp b= E bP(zib) (C.26) 
/IJlX 

If a set of values is assumed for the number of total binary events n, then the 

expectation can be calculated. This value for Exp b can then be taken as the 

calibrated estimate and substituted for x. Albert and Sponsler (1989), demonstrate 

that for n=S, a=O.6 and x=O.66, Exp b=O.64 indicating a modest optimism in the 

subjective estimate. 
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