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ABSTRACT

Mineral-resource assessment is a field of research and application that has expanded rapidly during the past 
25 years. Today, it is a robust, highly quantified, and active field of research that describes mineral deposits, 
measures their grade and tonnage, estimates the occurrence of the undiscovered deposits, and aggregates the 
grade and tonnage data to estimate resources in the undiscovered deposits in a form useful for quantitative deci
sionmaking in mineral exploration, mineral-resource assessment, and policy decisionmaking in land-use planning.

1. INTRODUCTION

The notion that the state of the art of a scientific field can be reckoned is far simpler to desire than to achieve. It is 
not a historical summation of the field with all the important building blocks identified and placed in temporal order, 
properly referenced and evaluated. Instead, the state of the art of a scientific field is typically reflected by the extent 
of recent achievements in the field. In a sense, it is an attempt to forecast what the field will look like in the future. 
Consequently, this assessment is based on the recent developments in the field. While using such a measure, we will 
not forget the major contributions of the past 25 years. Many of the fundamental building blocks that make up the 
structure of mineral-resource assessment were reviewed by Drew (1990) and Singer (1993b).

In passing, we will briefly touch on the historical development of the field of mineral-resource assessment be
fore examining significant recent developments that bear on where the field is today; that is, its state of the art. 
Unlike the other, more-typical subfields of geology, mineral-resource assessment directly bridges the gap between 
the geological sciences and the economic and public policy sectors. The process of assessment integrates data 
from a variety of sources (Fig. 1) that range from the purely physical, such as geological, geochemical, and geo
physical properties of the rocks in study area, to the economic, such as the possible grades and tonnages and num
bers, and to the financial attractiveness of undiscovered mineral deposits

Delineation of terranes that are permissive for mineral deposits (Lasky 1948), which is a complex integrative 
activity, is a fundamental element in the assessment process (Singer 1993a). Early developments included the 
identification of mineral belts (such as tin in Cornwall, England, pyrite in Spain, and molybdenum in the Rocky 
Mountains) and the description of host rocks and their plate tectonic settings (Guild 1971). At about this same 
time, the common occurrence of associated mineral deposits was suggested by HOSKING (1969) for greisen, vein, 
stockwork, and replacement tin deposits and by SlLLiTOE (1972, 1973) for porphyry copper and polymetallic 
veins, skams, and replacement deposits. Soon thereafter, the notion that certain deposits (porphyry copper and 
volcanogenic massive sulfides) could not occur together in the same time-stratigraphic packages of rocks was 
suggested by Ishihara (1974) and Sillitoe (1980). Many descriptive mineral-deposit models have been devel
oped to characterize the association (and nonassociation) of deposits with host rocks, proximity to heat sources, 
and other types of geological data, as well as other types of deposits (Cox 1983a, b, Cox and Singer 1986, Bliss 
1992, Kirkham et al. 1993).

During this same period, Singer and his colleagues (Singer et al. 1975; Singer and Mosier 1983a, b, and 
Cox and Singer 1986) developed grade and tonnage models, which are statistical characterizations of the con-
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Fig. 1: Description of the elements o f a mineral-resource assessment

centration (quantity and quality) of the useful constituents in mineral deposits. Our goal is to construct a grade 
and tonnage model for each descriptive mineral-deposit model so that the assessment process can proceed from a 
qualitative to a quantitative (probabilistic) estimation of undiscovered mineral resources. Grade and tonnage mod
els are central building blocks in an assessment as they describe statistically the probable distributions of grade 
and tonnages for the undiscovered mineral deposits forecast to occur in the study area. These models are, in turn, 
linked in the МагкЗ Monte Carlo computer simulator ( Drew et al. 1986, ROOT et al. 1992; Fig. 1) with the esti
mated probability of occurrence of these mineral deposits. Frequency distributions and statistics are produced that 
describe the expectations and probability ranges for deposit occurrence in the delineated tracts in the study area. 
These statistical measures may be used in land-management and other decisions associated with the social costs 
and benefits of development and use of mineral deposits or, contrarily, their nondevelopment and nonuse. 2

2. THE BODY OF LITERATURE

An early compilation by Singer and Mosier (1981) of about 100 contributions is helpful when surveying the 
literature. Since then, the number has nearly doubled. Today, contributions range from expositions on descriptive
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models (for example, Eckstrand 1984, Cox and Singer 1986, and Kirkham et al. 1993), grade and tonnage 
model development (Singer 1993b), Monte Carlo aggregation models (Root et al. 1992) to applications of these 
methods, such as the assessment of the undiscovered resources in large areas (for example, the 27,000-square- 
mile Tongass National Forest, Alaska; Brew et al. 1991) to small land tracts (for example, the assessment of the 
60-square-mile Redcloud Peak and Handies Peak Wilderness study area in Colorado (McCammon et al. 1991). 
Gunther (1992) has used Monte Carlo simulation and simplified cost models to analyze the possible economic 
effects of land-use alternatives in the Kootenai National Forest. Similar methods are routinely used in planning 
mineral exploration programs (Anderson 1982).

3. RECENT DEVELOPMENTS

During the past few years, four noteworthy contributions have been made to the field of mineral-resource as
sessment. These are the development of a metric for mineral-deposit occurrence probabilities, the application of 
neural network analysis to deposit model classification and permissive terrane identification, the analysis of fa
vorable regions (small areas) within large regions identified as permissive for deposit occurrence, and the compu
tation of economic cost filters for mineral deposits by type.

3.1. A metric for mineral-deposit occurrence probabilities

The metric for mineral-deposit occurrence probabilities is a set of inequalities that ordinally specify the prob
ability of occurrence of the kin deposits created by hydrothermal systems. The types of deposits that can be 
formed by hydrothermal systems (for example, porphyry, skam, greisen, vein, and replacement) are determined, 
for the most part, as a function of the characteristics of fluid-focusing structures and the composition of wallrock. 
Many factors, such as the depth of emplacement of igneous complexes and the environment into which the com
plexes have been emplaced, can affect the metric. During the past two to three decades, it had become apparent to 
many resource analysts that certain forms of deposits occur less frequently than others; for example, across sys
tems, vein deposits outnumber replacement deposits. To account for such factors, the following metric is used for 
the suite of kin deposits associated with important sources of metal, such as a porphyry copper deposit system:

E(PMR) < E(SK) < É(PPYcu) < E(PMV),
where:

E( ) = the expected number of deposits,
PMR = polymetallic replacement deposits
SK = skam deposits,
PPY(Cu) = porphyry copper deposits, and 
PMV = polymetallic vein deposits.

The metric is based on the idea that the types of kin deposits that will occur are determined by the degree to 
which the conduits for convective flow (faults and fractures) and the types of wallrock that are present interact 
within hydrothermal systems (Drew and Menzie 1993). This metric was confirmed empirically by Drew and 
Menzie (1993) by examining the frequencies of occurrence of these kin deposits as recorded in the US Geologi
cal Survey’s Mineral Resource Data System (MRDS).

We cannot describe here the lengthy calculus used to develop this metric, but we can illustrate its develop
ment by showing how several of its elements were assembled (ordered). Briefly, the reasoning is as follows. 
Skam deposits, in general, occur more frequently than replacement deposits. Although both deposit types require 
carbonate wallrock, the replacement deposit also requires that the wallrock be well fractured. Such fractures are 
necessary so that the hydrothermal fluid can “leak off’ into the carbonate wallrock far enough for the proper tem
perature regime (lower than for a skam deposit) to be encountered, for deposition of a replacement deposit. With 
each additional requirement, a degree of freedom is lost, and we assert that, on average, the deposit occurrence 
probability must diminish. And if we argue additionally that porphyry systems are emplace more commonly into 
an environment with fractured country rocks than into an environment in which the country rocks adjacent to the 
intrusion are of carbonate composition, then we can state that polymetallic veins occur more frequently in the per
missive area than do skam deposits.

When Reed et al. (1989) assessed the undiscovered lode tin resources of the Seward Peninsula, Alaska, they 
used the decision-tree equivalent of this metric (Fig. 2). In this assessment, the geology and geophysics of each 
subarea of the study area was examined (with specific emphasis on identifying the locations of plutons). The deci
sion tree was then used to determine the probable types and locations of targets for undiscovered lode tin depos-
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its. The number of undiscovered tin deposits (Table 1) was then estimated (in probability) on the basis of ex
pected numbers of targets of each type which was influenced by the implicit metric (probability structure) repre
sented in the decision tree. Notice that at each of the three probability levels, the estimated number of undiscov
ered deposits follows the same order as specified by the metric shown above. For example, there are more skams 
than replacement deposits.

3.2. Application of neural network analysis

One way to measure the progress of a scientific research field, such as mineral-resource assessment, is to note 
its change in activity level from qualitative and descriptive to quantitative and predictive. As a field, mineral-re- 
source assessment has witnessed rapid movement along this path as is demonstrated by the widespread applica
tion of quantitative data-integration techniques. Within these techniques, two categories or types of analysis are 
commonly distinguished: the knowledge- and data-driven systems. The knowledge-driven systems include those 
that use expert systems, fuzzy logic, and Dempster-Shafer functions. The data-driven systems (that is, the induc
tive learning systems) include those that use logistic regression, weights of evidence, decision trees, statistical 
pattern recognition, and neural network analysis. One of the newest methods that is currently being investigated to 
classify mineral deposits into homogenous, hopefully genetic, groups is the probabilistic neural network.

Like its namesake, a neural network learns by example from a training set of data where weights are estimated 
and loaded into its neurons. New data are processed through this set of weights stored in the neurons for the pur
pose of classification. We are concerned here with the ability of a probabilistic neural network to be trained for 
the purpose of objectively classifying mineral deposits into groups that form the basis for predictive models. 
Singer and Kouda (1997) showed that a probabilistic neural network can classify 98 percent of 267 mineral de
posits into 8 different deposit types by using mineralogy and 2 rock types. In a later paper, probabilistic neural 
networks were shown to excel at integrating geoscience data when the training data were representative of the 
groups to be classified (Singer and Kouda 1997). The neural network was trained to recognize 28 deposits types 
by using 1005 deposits from around the world. In one test, 2,751 deposits and occurrences not used in training 
were classified by the neural network into one of the learned deposit types that were then grouped into broad cate
gories, such as pluton-related and epithermal. The pluton-related deposits are shown in Fig. 3 with terranes that 
were independently determined by experts to be permissive for pluton-related deposits. Most mineral sites not 
within a tract delineated as permissive for pluton-related deposits (Fig. 3), such as the deposits in southeastern 
Nevada, are correctly classed as replacement Mn or W vein deposits. However, these were not delineated by Cox 
et al. (1996) because they either were not economically important or were associated with Proterozoic plutons. A 
few deposits apparently outside delineated tracts, such as the one in northeastern Nevada, are within tracts too 
small to be seen at the scale of the figures. Because of the scale, many of the sites plot on other sites. When these 
apparent errors are properly counted, the probabilistic neural network successfully classified 99 percent of the 
907 deposits and occurrences grouped as pluton-related in Cox et al. (1996). Similar results were obtained for 
epithermal mineral sites.

Current, ongoing research is being expanded to include the use of a probabilistic neural network to integrate 
more geologic variables and related deposit types and the identification and classification of permissive terranes 
(Fig. 4).

3.3. Analysis of favorable regions within permissive terranes

Some of the users of assessment maps (such as Fig. 3 and Fig. 4), most often land-management agencies, have 
requested more-detailed information, especially on small target areas that have higher probabilities of occurrence 
in tracts permissive for deposit occurrence. To address the requests, we believe that the research should move 
from resource assessment per se toward identification of smaller subareas within permissive tracts. We have be
gun to investigate several situations that will allow us to identify those subareas that are more favorable for min
eral deposit occurrence within permissive tracts. One geological environment that is now being studied is that of 
extension along strike-slip fault systems, such as the Walker Lane area in Nevada. The Walker Lane is a region 
characterized by a large strike-slip fault system (transcurrent fault) with associated syntectonic/synigneous intru
sive events in the far-field stress regime of the San Andres Fault System. Within the Walker Lane system, many 
strike-slip faults have moved differentially with respect to each other, which has produced releasing and restrain
ing offsets, as well as extensional and contractual duplexes. Within these and their associated structures, we can 
identify the location of small areas that are favorable for a variety of different epithemal mineral deposits. Fig. 5 
shows a collection of these areas in relation to various configurations of strike-slip faults. For example, the large
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Fig. 3: Map of Nevada showing areas per
missive for pluton-related deposits (after 
Cox et al. 1996) and deposits and occur
rences classified by a probabilistic neural 
network as pluton-related

Bonanza districts are preferentially located at the intersection of reactivated basement shear zones and strike-slip 
faults that have moved in such a manner as to form an extensional zone.

3.4. Computation of economic cost filters

The fourth noteworthy development in mineral-resource assessment is the formulation of simplified engineer
ing cost models for mining and mining operations (Camm 1991). Although detailed engineering cost models have 
been available for some time, they were not suitable for application to undiscovered resources. The simplified 
cost models, such as those developed by Camm (1991), provide a practical means of developing cost equations 
and economic filters useful for resource-assessment and exploration planning (Harris 1990). Fig. 6 is a plot of 
the copper grades and tonnages of porphyry copper deposits from Alaska, USA, and British Columbia, Canada, 
that have been evaluated by applying engineering cost models (Menzie and SINGER 1993). In this figure, deposits 
are classified as follows: E producers (deposits that are being or have been produced) that have positive estimated 
net present values (calculated at a 10-percent interest rate), E nonproducers that have positive estimated net pres
ent values, N producers that have negative estimated net present values, and N nonproducers that have negative 
estimated net present values. In grade and tonnage space, the line separates deposits that would be 
“economic” (have positive net present values) at stated conditions of depth (at surface), price, and interest rate 
from “noneconomic” deposits. Because many of the deposits contain multiple metals (Cu, Mo, Au, and Ag) com
plete separation of “economic” and “noneconomic” deposits is not apparent in a bivariate plot. The relative pro
portions of E's, E's, N's, and N's measure the effectiveness of the engineering cost models at estimating which de-
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Fig. 4: Diagram showing integration 
of various kinds of earth science data 
to delineate mineral-resource tracts

Geologic map

Fig. 5: Areas favorable for the occurrence of epithermal mineral deposits in a larger permissive area created by a strike-slip 
fault system associated with a collision orogen
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Tonnage

Fig. 6: Economic cost filter for por
phyry copper deposits in Alaska, 
USA, and British Columbia, Canada

posits would be produced at conditions similar to those prevailing now and in the recent past. In general, the 
models “correctly” classify most producers as “economic”. The models, however, “incorrectly” classify about 40 
percent of the nonproducers as “economic”. This asymmetry in misclassification may reflect the fact that a num
ber of the nonproducers represent on-the-shelf deposits that are currently being considered for production.

4. CONCLUSION

Mineral-resource assessment is an ever-expanding and mature activity that produces a public good for govern
ment and industry officials who must make minerafexploration, resource-assessment, and land-use decisions. 
Major advances have been made in the description of mineral deposits, the construction of grade and tonnage 
models, and the application of Monte Carlo aggregation methods as a basis for the assessment of undiscovered 
mineral resources. In recent years, advancement has continued with the identification of metrics for mineral- 
deposit occurrence probabilities, data-integration methods (such as probabilistic neural networks), the identifica
tion of favorable areas within permissive tracts for mineral-deposit occurrences, and the computation of economic 
cost filters for mineral deposits. Each of these advances has moved the field onto higher levels of quantification 
and predictive capability. These methods are accurate and flexible enough that they can be applied to a wide 
range of situations -  from regions that cover tens of thousands of square miles to areas that cover only a few tens 
of square miles.
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