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Introduction

The QUEST-South project area in southern British Colum-

bia (BC) was a focus for geochemical and geophysical re-

search by Geoscience BC in 2009 and 2010 (Figure 1). Re-

gional stream-sediment samples, originally collected under

the Regional Geochemical Survey (RGS) program be-

tween 1976 and 1979 from the QUEST-South project area,

were reanalyzed in 2009. This was done using an aqua-

regia digestion followed by a combination of inductively

coupled plasma–emission spectrometry (ICP-ES) and in-

ductively coupled plasma–mass spectrometry (ICP-MS;

Jackaman, 2010a). These samples were analyzed by ALS

Global (North Vancouver, BC) using method ME-MS41L.

An infill stream-sediment survey was also undertaken in

2009 and the samples analyzed using similar digestions and

instrumental finishes at Eco Tech Laboratories Ltd. (Kam-

loops, BC; Jackaman, 2010b). The use of two different lab-

oratories for analyses from the QUEST-South project area

raises some issues in terms of data quality, as will be dis-

cussed in the following section.

The newly acquired stream-sediment data for 9321 samples

were interpreted by Arne and Bluemel (2011) using a catch-

ment-analysis approach. Of these samples, 8536 were orig-

inally collected between 1976 and 1979 and the locations

transcribed from hard copy 1:50 000 scale topographic

maps. Global positioning satellite (GPS) receivers were

used to locate only the 785 new infill stream-sediment sam-

ples. The historical sample locations are known to be incon-

sistent with the 1:20 000 scale provincial Terrain Resource

Information Management Program (TRIM I) hydrology

data (Cui, 2010). As a result, considerable effort was ex-

pended by Arne and Bluemel (2011) to validate the re-

corded sample locations using scanned images of the ar-

chived topographic maps that had been used in the original

sampling programs. Sample locations were adjusted where

they were inconsistent with the original survey maps, and

each sample location was given a confidence ranking.

Catchment polygons for each sample were delineated by

the British Columbia Geological Survey (BCGS) for the

adjusted sample locations using the approach described by

Cui et al. (2009), which involves computing the total drain-

age area for an individual sample from the nearest down-

stream stream junction for the adjusted sample location.

The catchment polygons thus obtained were used by Arne

and Bluemel (2011) to query the bedrock types of the catch-

ments and to determine the dominant rock type for each

catchment area. It has previously been established that the

dominant control on regional stream-sediment geochemis-

try is catchment rock type (Bonham-Carter and Good-

fellow, 1986; Bonham-Carter et al., 1987; Carranza and

Hale, 1997). Dominant catchment rock types were there-

fore used to level the geochemical data for the effects of

variable background influence on stream-sediment geo-

chemistry. Exploratory data analysis indicated that there

were positive correlations between some elements and Fe

and/or Mn, suggestive of scavenging of metals by second-

ary hydroxides. Positive residuals from linear-regression

analysis of these metals against Fe were also used to iden-

tify areas of anomalous metal concentrations. Additive in-

dices for several common ore-deposit types from the

QUEST-South project area were then calculated using re-

siduals and/or levelled Z-scores.

The approach used by Arne and Bluemel (2011), as well as

by other previous studies (see references therein), relies on

the use of drainage catchments for constraining bedrock

type to define background values. Several assumptions are

implied by the catchment-analysis approach:

1) The samples are accurately located and thus can be at-

tributed to the correct catchment area.

2) The bedrock geology of the area is well known and ac-

curately represented by the available geological map-

ping.
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3) All areas of the catchment, and thus all rock types, con-

tribute equally to the sediment load of the stream drain-

ing past the sample location.

4) The influence of transported materials such as till or

glaciofluvial sediments is minimal.

Grunsky et al. (2010), de Caritat and Grunsky (2013), and

Grunsky et al. (2014) demonstrated that the lithological

controls on the geochemistry of regional drainage-sedi-

ment samples can be extracted from the data, particularly

using principal-component analysis. Arne et al. (2018a)

used regression analysis of key pathfinder or target-com-

modity elements against those principal components in

which they were strongly represented to calculate residual

values for those elements that were elevated above what

would be expected, given lithological and other geochemi-

cal controls. Given that geological processes, including re-

sponses related to exposed mineralization, are inherent in

the data (e.g., de Caritat et al., 2016), Harris et al. (2015)

and Arne et al. (2018b) demonstrated that the use of ma-

chine-learning algorithms could provide useful predictions

of where mineralization is likely to be found using publicly

available regional geochemical data. These predictions can

then be applied to catchment polygons in the case of stream-

sediment surveys to generate predictive maps for mineral

exploration. This project extends that work and applies it to

the QUEST-South project area.

Data Quality

The analyses from standard reference materials (SRMs)

submitted with the samples during the original survey and

analyses were not provided in Jackaman (2010a, b). There-

fore, only a perfunctory review of data accuracy could be

made by Arne and Bluemel (2011) using the available field

duplicates and blind (pulp) duplicate data. They did note,

however, that there was poor correlation (Spearman Rank

correlation coefficient of 0.44) between ICP-MS Au and

the historical instrumental neutron activation (INAA) data

for Au. Digestions for the ICP-MS data involved 0.5 g of

–177 ìm sediment, whereas the historical INAA samples

averaged 23 g. The INAA Au data were preferred for data
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Figure 1. Location of the QUEST-South project area, showing the map areas from which archived stream-sediment samples were obtained
(outlined in blue dashes), the area of infill stream-sediment sampling (outlined in pink dashes) and the area of geophysical surveys (out-
lined in solid black).



interpretation, given the larger sample mass. Despite this

preference, the precision of the INAA Au analyses is con-

sidered to be poor.

Reanalyzed SRM data from the original survey and data

from the SRMs submitted with the infill samples were made

available by Jackaman (2018), including the Regional Geo-

chemical Survey (RGS) SRMs Red Dog (84) and SQ (22),

and a small number of samples of certified reference mate-

rial (CRM) Canmet STSD-2 (7). A larger number of Geo-

logical Survey of Canada (GSC) SRMs were also re-

analyzed from the original surveys but were generally not

available for inclusion with the infill survey samples to pro-

vide overlapping SRM data sets for comparison.

A comparison of SRM data for the Red Dog and SQ SRMs

for selected elements indicates systematic relative biases

for several elements of significance for mineral deposits in

the QUEST-South region (Figure 2), including As, Ag, Mo

and Sb. The elements Ba and La also show significant rela-

tive biases. Those elements with significant biases (i.e.,

±5%) have been adjusted using the RGS Red Dog median

data, so that the data remain in the unit of measurement to

allow a centred-log transformation of the data. This correc-

tion was validated on the stream-sediment data from sam-

ples located in the area of infill sampling and was found to

make only a slight difference.

A comparison was made of the three analytical methods

used on the stream-sediment samples: ICP-MS/ES, INAA

and atomic absorption (AA). The AA results were not con-

sidered further for this study due to the limited number of

elements analyzed, which were already present in the

reanalyzed ICP results and have higher detection limits for

AA compared to the more recent ICP-MS results. The ICP

data are based on an aqua-regia digestion, which is a partial

extraction for many elements. The INAA results in a ‘com-

plete’ analysis. A comparison of the detection limits and

ranges of the analytical results generated by the two meth-

ods indicates that, although INAA data reflect a ‘complete’

composition, there are fewer elements available and the de-

tection limits for some of the elements are higher than for

the same elements analyzed by ICP-MS. Previous studies

have shown that the material dissolved with aqua regia pro-

vides a multi-element signature that reflects silicate-bear-

ing assemblages, most likely through partial dissolution of

the silicates (Grunsky et al., 2014). The decision was made

to use only the ICP-MS data in this study for the sake of

consistency. Data from the following 35 elements were

used: Au, Ag, Al, As, Ba, Bi, Ca, Cd, Co, Cr, Cu, Fe, Ga,

Hg, K, La, Mg, Mn, Mo, Na, Ni, P, Pb, S, Sb, Sc, Se, Sr, Th,

Ti, Tl, U, V, W and Zn. In total, data from 8545 stream-

sediment sites were used in the study.

Methods

Data Screening and the Compositional Nature
of Geochemical Data

Geochemical data require quality-assurance and quality-

control (QA-QC) screening prior to the application of sta-

tistical methods and subsequent interpretation. A sequence

of data QA-QC strategies (Grunsky, 2010) was applied to

the data. All data processing was carried out using the R

programming and statistical environment (R Core Team,

2019), and geospatial rendering was carried out using the

Quantum Geographic Information System (QGIS Devel-

opment Team, 2019). Of the 9321 geochemical analyses as-

sembled, 496 were blind (pulp) duplicates and 280 were

field duplicates. The duplicate analyses were removed to

provide 8545 analyses for evaluation.

Major-element concentrations, reported as percentages,

were converted to parts per million (ppm). Geochemical

data reported at less than the lower limit of detection (cen-

sored data) can bias the estimates of mean and variance.

Therefore, a replacement value that more accurately re-

flects an estimate of the true mean is preferred. Replace-

ment values for censored geochemical data can be deter-

mined using several methods (Grunsky, 2010; Hron et al.,

2010; Palarea-Albaladejo et al., 2014). In this study, the

lrEM function from the zCompositions package (Palarea-

Albaladejo et al., 2014) was used to estimate replacement

values. Values reported at greater than the upper limit of de-

tection were not addressed in this study. The ‘maximum’

value reported by the laboratory was used.

Integration of Geology and MINFILE
Attributes with the Stream-Sediment

Geochemistry

The QGIS software was used for the integration of various

data sources and the geospatial rendering of the results. The

projection used to manage and display the data is based on

the North American Datum of 1983 (NAD 83) and the Uni-

versal Transverse Mercator (UTM) Zone 10.

Digital files of the bedrock geology (Cui et al., 2017), re-

gional terranes (Nelson et al., 2013) and MINFILE data

were obtained from the website of the BC Geological Sur-

vey (https://www2.gov.bc.ca/gov/content/industry/

mineral-exploration-mining/british-columbia-geological-

survey) in May 2019. The focus of this study was on metal-

lic mineral deposits. An initial selection from the MINFILE

database yielded 4877 records. MINFILE data that were

classified as industrial minerals were dropped from further

consideration, resulting in a total of 4108 records.

Polymetallic Ag-Pb-Zn veins (deposit type I05) are by far

the most common mineral occurrence in the QUEST-South

area (31.5% of all MINFILE occurrences) but have geo-
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chemical characteristics that overlap with several mineral-

deposit types that are more economically significant.

The QGIS function ‘NNJoin’ was used to find the closest

MINFILE point to each stream-sediment sampling site.

Each RGS site was tagged with the nearest distance to a

MINFILE site. These distances range from 0.7 to 42 848 m.

A histogram of distance values is shown in Figure 3. Fig-

ure 4 shows a map of the stream-sediment sites and a sum-

mary of the distances between a stream-sediment site and

the closest MINFILE site.

The QGIS function ‘Intersect’ was used to merge the bed-

rock geology and terrane designation with the stream-sedi-

ment geochemical data and the closest MINFILE point.

The tagging of a MINFILE site with a stream-sediment site

is based on the closest distance between the two sites, re-

gardless of the MINFILE ‘Status’ designation and catch-

ment delineation. Thus, MINFILE sites with the status of

Producer or Past Producer may not be tagged with the clos-

est stream-sediment site if another MINFILE site with the

status of Developed Prospect, Prospect, Showing or Anom-

aly is closer. Because some MINFILE sites (Producer, Past

Producer, Developed Prospect) may not be tagged if there

is no stream-sediment site nearby, the likelihood of a geo-

chemical expression of the mineralization may be difficult

to estimate. Table 1 lists the number of stream-sediment

sample sites associated with each MINFILE Status attribute.

If the measured distance between a stream-sediment site and

a MINFILE site was greater than 2500 m, the stream-sedi-

ment site MINFILE Model designation was tagged as

‘Unknown’.
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Figure 3. Histogram of the distances between stream-sediment
sites and MINFILE sites, based on the QGIS function ‘NNJoin’.

Figure 4. Geographic distribution of the distance measures between a stream-sediment site and the closest MINFILE site, based on the
QGIS function ‘NNJoin’.



Interpolation of principal-component scores and random

forests posterior probabilities was carried out using a

geostatistical framework. The gstat package for R (Pebesma,

2004) was used to generate and model semi-variograms

with sufficient parameters to produce interpolated images

through kriging. The cell size used for image interpolation

was chosen as 5.0 km for the images generated by princi-

pal-component analysis (PCA) and a cell size of 2.5 km was

used for the images generated by the Random Forest pre-

dictions. This paper contains only the results of the applica-

tion of PCA and the posterior probabilities of the mineral-

deposit prediction derived from the application of random

forests.

Characterizing Mineral Occurrence
Information

Each MINFILE record lists a mineral-deposit model de-

rived from the BCGS Mineral Deposit Profiles (BC Geo-

logical Survey, 1996). The number of MINFILE sites

associated with each model is shown in Table 2.

The large number of mineral-deposit types for which there

are only a few sites was considered to create difficulty in a

statistical assessment of the data. Consequently, the models

were merged as shown in Table 3. These merged models,

termed ‘GroupModels’, were the basis for assessing the

multivariate geochemical patterns. Figure 5a shows the

GroupModel designation for each of the tagged stream-

sediment sites and Figure 5b shows the Status of the

MINFILE sites, labelled with the BCGS Mineral Deposit

Profile that is listed in the MINFILE record variable ‘De-

posit Type’. Figure 6 shows a graphical legend for the

GroupModel classes that are used in the subsequent figures

of this paper, where the left legend is the mnemonic cate-

gory of the BCGS Mineral Deposit Profile and the right leg-

end provides a description of the respective BCGS Mineral

Deposit Profile.

Mineral-Deposit Models and Their
Geospatial Footprint

An important consideration in the use of machine-learning

methods for resource-potential prediction is the geospatial

extent of the footprint of the mineral-deposit model. For

many types of mineral deposits, namely vein (I01–I06),

skarn (K01–K05), carbonatite (N01) and rare-earth ele-

ments (REE; O01–O04), the geospatial extent is quite lim-

ited, typically less than 200 m. As a result, the geochemistry
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Table 1. MINFILE Status for the
tagged Quest-South stream-sedi-
ment data.

Table 2. Number of stream-sediment sites associated with a MINFILE model.



of stream-sediment sites that are tagged with MINFILE

sites with these models may not reflect the geochemical sig-

nature of the mineral deposit. Other deposit types, such as

placer (C01–C04), volcanic-hosted Cu (D03), basal U

(D04- D06), sediment-hosted massive sulphides (E01,

E02, E05, E12, E13, E14, E15), volcanic-hosted massive

sulphides (G04, G05, G06), porphyry systems (L01–L08)

and mafic volcanic/intrusive–hosted Ni, Cu and Cr (M01–

M05), may have broader geospatial signatures (>200 m).

Consequently, the ability to predict the various types of

mineral deposits will depend on the proximity of the

stream-sediment sample site to the MINFILE site.

Selecting the Training and Test Datasets

In this study, mineral-deposit prediction is based on the se-

lection of a training set of stream-sediment sites that are

tagged with the nearest MINFILE site (as described previ-

ously). Additionally, MINFILE Status designations of

Anomaly or Occurrence were classed as Unknown. Astream-

sediment site that is more than 2500 m from a MINFILE site

is also classed as Unknown for the associated MINFILE

Status and Model classes.

Table 4 shows the frequency of the MINFILE GroupModel

class for all stream-sediment sites that met the criteria of be-

ing less than 2500 m from a MINFILE site with the Status

class, as described above. Table 2 shows that, for the 61

Model deposit types that were identified, many are associ-

ated with less than 10 sites. As a result, the Model classes

were merged into the GroupModels, as shown in Table 3,

with the corresponding number of sites shown in Table 4.

After some experimentation, it was decided that the Min-

eral Deposit Model I05 (Polymetallic Veins) created a sig-

nificant amount of confusion in the prediction of the other

mineral-deposit types. This issue was noted in a previous

study (Arne et al., 2018b). Consequently, stream-sediment

sites that were labelled as I05 were re-labelled as Un-

known. The training set contains all stream-sediment sites

where the GroupModel is not classed as Unknown. The test

set contains all of the stream-sediment sites where the

GroupModel class is Unknown. It is unrealistic to consider

that every stream-sediment site must have a MINFILE

Model or GroupModel designation. Thus, a random selec-

tion of 100 stream-sediment sites with a GroupModel of

Unknown was made. In this way, sites that do not have a

geochemical signature that reflects a form of mineraliza-

tion may have the possibility of being assigned as belong-

ing to an Unknown GroupModel class. This resulted in a

training set of 474 sites and a test set of 8071 sites. Table 4

summarizes the GroupModel classes that are part of the

training dataset.

Process Discovery – Empirical Investigation of
Geochemistry

After QA-QC, the geochemical data were subjected to an

empirical investigation in which the assumptions about the

data were minimal. Because geochemical data, by defini-

tion, are compositions, the issue of closure also becomes

important. As compositional data sum to a constant (i.e.,

100%, 1 000 000 ppm), then by definition, when one value

changes, all others must change to maintain the constant

sum. Thus, the data are ‘closed’and the variables are not in-

dependent, but standard statistical methods are based on

variables that are independent. For geochemical data, this

lack of independence can result in meaningless statistical

results. To deal with the effect of closure, data for the 35 se-

lected elements were log-centred (clr) transformed (Aitch-

ison, 1986).

Multivariate methods were applied to the clr-transformed

data for the purposes of discovering patterns and features

that potentially describe relationships among geochemical,

geological and geophysical parameters, as well as the ef-

fects of gravitational processes (Grunsky et al., 2010).

These methods included principal-component analysis

(PCA), independent-component analysis (ICA; Comon,

1994) and t-distributed stochastic neighbour embedding (t-

SNE; van Maaten and Hinton, 2008). Each of these meth-

ods provides different co-ordinate systems that can reveal

features and patterns related to geochemical processes.

Only the PCA results are presented in this paper.
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Table 3. Merged mineral-deposit models (Group-
Models) for statistical processing of the Quest-
South stream-sediment data.
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Figure 5. Geographic distribution of a) MINFILE sites classified by GroupModel; and b) MINFILE sites classified by Status and labelled by
BCGS Mineral Deposit Model.



The co-ordinates resulting from a PCA were used to dis-

cover patterns and features in the data. The method of PCA

used in this study is based on the methodology of Zhou et al.

(1983) and Grunsky (2001). The geochemistry of the stream

sediments was evaluated using a simultaneous R- and Q-

mode extraction of eigenvalues/eigenvectors.

Process Validation – Modelled Investigation of
Geochemistry

Using the principal components derived from the clr-trans-

formed geochemical data for stream-sediment sites that

were tagged with the GroupModel class (Table 4), a

GroupModel was predicted for each site that was classified

as Unknown using the method of Random Forests (RF;

Breiman, 2001). The Unknown class of data constituted the

test set of data, except for 100 analyses that were used as

part of the training dataset, as previously explained.

Random forests was previously employed by Harris and

Grunsky (2015), Arne et al. (2018b) and Grunsky et al.

(2018), and used as part of a remote predictive-mapping

strategy (Harris et al., 2008). The method of RF is based on

the construction of classification trees (Venables and

Ripley, 2002, Chapter 9) in which nodes (splits in classes)

are based on continuous variables from which a series of

branches in the tree classify correctly (categorical vari-

ables) all of the data. Amore detailed description of how the

Random Forest classification method was used with soil-

geochemical data is provided in Harris et al. (2015).
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Figure 6. GroupModel classes expressed as BCGS Mineral Deposit
Model mnemonics (left), with the respective BCGS Mineral Deposit Mod-
els (right).

Table 4. Merged Mineral Deposit
Models (GroupModels) tagged at
the stream-sediment sites. Note that
100 unknown sites were used with
the training set for the application of
Random Forest classification/pre-
diction. The remaining 8071 sites
were used to classify the ‘unknown’
GroupModels.



Maps of the posterior probabilities derived from the classi-

fication method of random forests can be created using geo-

statistical methods such as kriging. However, since the pos-

terior probabilities are compositions and sum to 1.0, these

values should be log-ratio transformed, followed by subse-

quent co-kriging, and then back-transformed for subse-

quent geographic rendering (Pawlowsky-Glahn and

Egozcue, 2015; Mueller and Grunsky, 2016). This ap-

proach is potentially problematic because, in cases where

posterior probabilities are very low or zero, the results from

kriging may be unreliable or invalid. It can be argued that

the posterior probabilities for each predicted class are inde-

pendent, since there is no intention, or value, of assessing

the variables of probabilities in terms of any interactions.

Additionally, maps of the posterior probabilities for each of

the classes can be created by posting the sample sites with

points and colours. An alternative to this would be to con-

sider the un-normalized (raw) votes as independent and

carry out kriging on these estimations. For this study, the

posterior probabilities were kriged with the assumption of

independence between the estimated classes.

Note that kriged images based on point data have been used

for validation purposes to test the sensitivity of various

model input parameters and that thematically coded catch-

ment maps will be generated with predictive results for a

number of mineral-deposit types using the preferred mod-

elling inputs, once these are finalized.

Results

PCA Process Discovery

A screeplot of the principal components derived from the

clr-transformed data is shown in Figure 7. The screeplot

shows a steep decay for the first six eigenvalues, after

which the curve flattens. The first six principal components

can be interpreted as containing the ‘structure’ of the data

that reflect the relationships between the variables (e.g.,

mineral stoichiometry) and the observations (scores of

dominant processes). The remaining eigenvalues (7–35)

may represent undersampled geochemical or random pro-

cesses. Typically, in regional geochemical surveys, princi-

pal components associated with mineral deposits are

undersampled and the relationships of the elements associ-

ated with mineralization do not appear in the dominant

principal components (Grunsky et al., 2014).

A full display of PCA biplots is not feasible in this paper, so

only the biplots of selected principal components (PC) are

shown in order to illustrate the associations between the

stream-sediment sites and the elements. Table 5 shows the
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Figure 7. Screeplot of the eigenvalues derived from a principal-component analysis (PCA) applied to the clr-transformed data from the
QUEST-South stream-sediment geochemistry results.
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relative contributions of the PCA results. The contribution

of variability for each element is shown across the first

15 eigenvectors.

Figure 8a shows a biplot of PC1–PC2. The stream-sedi-

ment site scores are coded with their MINFILE Group-

Model designation as shown in Figure 6. The components

PC1–PC2 account for 40.7% of the variability of the data.

The loadings of the elements indicate that chalcophile ele-

ments (Sb-As-Cd-Se-S-Hg) are associated with the posi-

tive PC1–negative PC2 quadrant. Symbols representing

GroupModel I05 (polymetallic veins) occur within this quad-

rant. A group of siderophile elements (Fe-Cr-Ni-V-Cr-Co)

occur within the positive PC1–PC2 quadrant. Stream-sedi-

ment sites tagged with mafic base-metal sulphide deposits

(M01M02M03M05) occur in this quadrant. The loadings

of W-U-Bi-Pb-La-Th-K occur across the PC2 axis and the
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Figure 8. Biplots of a) PC1–PC2, showing the relative enrichment of Au along the negative PC2 axis; symbols are coloured/coded accord-
ing to the legend in Figure 6; components are derived from log-centred transforms to the stream-sediment geochemistry based on a
covariance structure; the first PC accounts for 26.2% of the overall variance and the second PC accounts for 14.5% of the overall variance;
b) PC3-PC4 showing the relative enrichment of Au along the negative PC4 axis; see Figure 6 for the legend of colours and symbols;
c) PC12-PC14 showing the relative enrichment of Cu along the positive PC14 axis and the negative PC12 axis; sites identified with relative
Cu enrichment are associated with L02L04 (porphyry Cu) MINFILE designations; symbols are coloured/coded according to the legend in
Figure 6; d) PC1-PC2 showing the mean PC1-PC2 values for each of the GroupModel classes; symbols are coloured/coded according to
the legend in Figure 6.



negative PC1 axis. The relative associations of these ele-

ments likely reflect mineralized environments associated

with felsic intrusive rocks. It is worth noting that the

L02L04 GroupModel plots throughout the PC1–PC2

biplot. An association of L02L04 deposits is typically not

associated with mafic elements and this suggests that not all

GroupModel assignments, projected onto a PC1–PC2

biplot, provide insight into the multi-element associations

for the different GroupModels.

Lithophile elements dominate the negative PC1–positive

PC2 quadrant, including the elements Ba-Al-Ga-P-K-Ti-

Na. This region of the biplot shows associations of Cu-Fe

skarns (K01K03), Cu-Ag quartz veins (I06) and

carbonatite (N01). The GroupModels are clearly distinct

from each other, which justifies the attempt to classify the

MINFILE-tagged stream-sediment sites with a Group-

Model designation.

From Table 5, it is evident that most of the variability of Au

is accounted for in PC4 and, for Cu, most of the variability

is accounted for in PC1, PC12 and PC14. Figure 8b shows

the biplot for PC3–PC4. The relative Au-enrichment trend

is shown along the negative PC4 axis. Using the legend for

the various MINFILE GroupModels in Figure 6, it can be

seen that the relative enrichment in Au is associated with

G04G05 (massive sulphides), L05L08 (Mo-rich por-

phyry), L02L04 (Cu-rich porphyry), L03 (alkalic por-

phyry), K04 (Au skarn) and I02 (Au veins). Figure 8c

shows a biplot of PC12–PC14 that highlights the relative

enrichment of Cu, primarily associated with L02L04 (Cu-

rich porphyry).

It is difficult to see the compositional differences between

the different GroupModel designations in the principal-

component biplot. Figure 8d shows the mean values of PC1

and PC2 for each of the GroupModels. The relative enrich-

ment of elements and the corresponding association with

the GroupModels is evident in the biplot. Relative enrich-

ment in siderophile elements (Fe-V-Cr-Co-Ni) occurs in

the positive PC1–positive PC2 quadrant. Mineral deposits

that are associated with this group of elements include

mafic Ni-Cu-Cr (M01M02M03M05), sediment-hosted Cu

deposits (E01E02E05), surficial placer deposits (C01C04),

alkalic porphyry deposits (L03), epithermal Au deposits

(H05) and volcanic redbed associated Cu deposits (D03).

Elements that are dominantly chalcophile in character, in-

cluding Cd-Se-Hg-Ag-Au-Mo, occur in the positive PC1–

negative PC2 quadrant and are associated with porphyry

Cu (L02L04), Vein-hosted Au deposits (I01), subvolcanic

Cu-Ag-Au deposits (L01), massive sulphide deposits in-

cluding Noranda-type deposits (G04G05, G06),

polymetallic vein deposits (I05) and Au skarns (K04) occur

in this quadrant. Elements that occur in the negative PC1–

negative PC2 quadrant are partly chalcophile and lithophile

in nature, including Pb-Bi-W-U. Mineral deposits associ-

ated with this group include Mo porphyry deposits

(L05L08), W skarn deposits (K05), basal U deposits

(D04D06) , r a r e - ea r th e l emen t d epos i t s (REE;

O01O02O04), quartz vein Au deposits (I02) and

sedimentary exhalative deposits (E12E13E14E15).

Kriged images, along with individual point scores for PC4

and PC12, are shown in Figure 9a and b, respectively. Re-

gions of relative Au enrichment (Figure 9a) and relative Cu

enrichment (Figure 9b) are clearly shown on these maps. In

Figure 9a, PC4 indicates relative Au enrichment associated

with negative (blue) values. In Figure 9b, PC12 indicates

relative Cu enrichment associated with negative (red) val-

ues.

Process Validation – Random Forest
GroupModel Prediction

The random forests function ‘randomForest’ (package

randomForest for R; Breiman, 2001) was used to predict a

GroupModel classification based on the training set of 474

sites using the distance threshold of 2500 m. One advantage

of the random forests process is that a prior selection of

variables is not required. The procedure starts with all of

the variables (PC1–PC35) and then reduces the number of

variables to those that provide the best nodes in the trees

that are generated.

Figure 10 shows the significance of the variables derived

from the random forests procedure. The significance is

measured by the ‘Mean Decrease in Gini’. This measure of

variable importance is based on the ‘node impurity’ (i.e.,

the rate of misclassification). Lower rates of misclassifica-

tion correspond to higher values of the Gini index. The fig-

ure indicates that PC1 is by far the most significant vari-

able, followed by PC6 and PC2. The remaining variables

show a monotonic decrease in significance.

Table 6 shows the accuracy of classification in terms of per-

centage, based on the training set only. The overall classifi-

cation accuracy is 36.2% when model I05 (polymetallic

veins) is excluded from the modelling runs. Several of the

GroupModel classes show a classification accuracy

of zero. The GroupModel classes that were associated with

the most confusion and/or overlap were G04G05 (massive

sulphide), K01K03 (Cu-Fe skarn) and L03 (alkalic por-

phyry Cu deposits) . The confusion among these

GroupModels is likely due to significant overlap of their

geochemical signatures with those of other GroupModels

The random forests procedure estimates posterior probabil-

ities for each GroupModel at each stream-sediment site.

The assigned class is selected from the GroupModel with

the highest posterior probability. A predictive map of the

posterior probabilities can be created for each GroupModel

class. Areas of contiguous elevated posterior probabilities

for a given class define the ‘geospatial coherence’ of a
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Figure 9. Geographic distribution of a) individual sites overlain on a kriged image of PC4, illustrating the relative enrichment of Au at
selected sites across the map area; b) individual sites overlain on a kriged image of PC12, illustrating the relative enrichment of Cu at
selected sites across the map area.



GroupModel. It is expected that the maps of posterior prob-

ability can show overlap because of compositional overlap

between the classes. Also because of compositional over-

lap, the posterior probabilities for many GroupModels can

be very low. However, geospatial coherence in the interpo-

lated image for a given GroupModel increases the potential

that the area is associated with that GroupModel. A given

stream-sediment site could have nearly equal posterior

probabilities for several GroupModels. This increases the

confusion and resulting overlap in the classification and, in

the cases where there is geospatial coherence for several

GroupModels in the same area(s), further investigation is

required to determine which GroupModel is most feasible.

A map of predictions for the GroupModel class C01C04

(surficial placer Au) deposits is shown in Figure 11. Many

more sites were predicted than the actual number of

MINFILE sites. The predicted sites and the interpolated

image show a north-northwesterly trend and closely follow

the stream/river drainage lines on the map.

Figure 12 shows a predictive map of Au skarns (K04). The

interpolated map shows elevated values that coincide with

the MINFILE sites and the stream-sediment sites that are

classed as K04. Several areas have elevated posterior prob-

abilities where there are no known MINFILE sites associ-

ated with K04. As explained previously, the posterior prob-

abilities are low (<0.2), but the identified MINFILE sites

and assigned random forests class coincide with the ele-

vated kriged image of the posterior probabilities.

Figure 13 shows a predictive map of W skarns (K05). Sev-

eral sites that are identified as K05 occur in the northeastern

part of the area (NTS 082M). A few isolated sites occur in

NTS areas 092J, 092I and 082E. The kriged image of the

posterior probabilities shows an overall low prediction

rate, not exceeding 0.2. Nonetheless, the elevated values in

NTS area 082M coincide with the MINFILE sites. Al-

though W was not included in the dataset, the prediction of
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Figure 10. Plot of ‘Mean Decrease in Gini’ for the principal components
used in the application of Random Forest prediction based on the training
data [MinDep <2500 m].

Table 6. Accuracy matrix for the Group-
Models training set, derived from the appli-
cation of Random Forest classification.
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Figure 11. Geographic distribution of individual sites overlain on a kriged image of the posterior probabilities for the
GroupModel C01C04 (surficial placer Au) across the map area, based on the test data and a distance threshold of
2500 m. MINFILE sites tagged as C01C04 are shown as yellow crosses. Stream-sediment sites identified as class
C01C04 by random forests are shown as red dots. Areas of increased potential for C01C04 deposits are shown by
colour shading.

Figure 12. Geographic distribution of individual sites overlain on a kriged image of the posterior probabilities for the
GroupModel K04 (Au skarn) across the map area, based on the test data and a distance threshold of 2500 m.
MINFILE sites tagged as K04 are shown as yellow crosses. Stream-sediment sites identified as class K04 by random
forests are shown as red dots. Areas of increased potential for K04 deposits are shown by colour shading.



W skarn deposits demonstrates the unique multi-element

character of these types of deposits.

Figure 14 shows a predictive map of the combined por-

phyry deposit models for Cu, Au and Mo (L02L04). There

are clusters of L02L04 sites in the vicinity of Lornex and

Highland Valley mines in NTS area 092I. Additional sites

that are identified by MINFILE sites and classed as L02L04

by random forests are shown in NTS areas 092H 082E,

092Pand 092O. The kriged image of the posterior probabil-

ities coincides with both the MINFILE sites and the pre-

dicted classes.

Discussion

The results presented here do not represent the entire range

of mineral-deposit types or additional results that were de-

termined by changing the selection of the GroupModels or

the distance threshold. For some mineral-deposit types,

changing the distance threshold to 1000 and 5000 m

yielded different and reasonable predictions. The changes

in parameters will be discussed in a forthcoming report.

The predictions for the four GroupModels (C1C04, K04,

K05 and L0L04) illustrate the ability to predict existing re-

gions of known mineral-deposit potential, as well as identi-

fying areas that have not been previously recognized as

having mineral deposits.

Within the current scope and context of this study, some

fundamental assumptions have been made:

1) The geochemical composition of the stream sediment

associated with the mineral-deposit model is uniquely

distinct. In some cases, this assumption is not war-

ranted. For example, the mineral-deposit model I05

(polymetallic veins) has characteristics that overlap

with many other mineral-deposit types, resulting in con-

fusion of prediction. As a result, this model was re-

moved from the GroupModel classes.

2) The stream-sediment samples represent a suitable me-

dium from which the geochemical characteristics of

mineral systems can be identified. Not all mineral-de-

posit types can be best represented in stream sediments.

The size fraction and the analytical methods used may

not extract unique information to distinguish a mineral

deposit or distinguish between different mineral-de-

posit types. The method of dissolution using aqua regia

is useful for sheet silicates and sulphide minerals, but

aqua-regia digestion does not dissolve many silicates.

Thus, some unique geochemical aspects of specific

mineral-deposit types based on silicate mineral assem-

blages may not be recognized.

3) The MINFILE model identification is accurate. This

may not be the case for some types of mineral systems

and, as a result, there will be an increase in confusion of

prediction. The identification of the BCGS Mineral De-
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Figure 13. Geographic distribution of individual sites overlain on a kriged image of the posterior probabilities for the
GroupModel K05 (W skarn) across the map area, based on the test data and a distance threshold of 2500 m. MINFILE sites
tagged as K05 are shown as yellow crosses. Stream-sediment sites identified as class K05 by random forests are shown
as red dots. Areas of increased potential for K05 deposits are shown by colour shading.



posit Profiles, as specified in the MINFILE field ‘De-

posit Type’, may be incorrect or inconclusive. This can

lead to misclassification errors in the subsequent appli-

cation of machine-learning prediction methods.

4) The location of a MINFILE site and the associated

stream-sediment site may not be within the same catch-

ment area. Thus, the assumption was made that the ef-

fect of catchment was not significant. If there is a re-

quirement for the location of a MINFILE site and

associated stream-sediment site to be in the same catch-

ment, the number of sites for the training set would be

significantly reduced. This requirement may be exam-

ined in subsequent work.

Given these assumptions, the results presented here indi-

cate that various types of mineral deposit can be predicted.

Although many of the predictions have low values of poste-

rior probability, the geospatial coherence of many of these

sites provide evidence that the region is potentially pro-

spective. In cases where isolated sites are identified in re-

gions not previously known to be prospective, these can be

considered either as ‘new’prospective sites or as represent-

ing an overlap with other types of mineral deposit.

Further work is ongoing to provide a comprehensive pic-

ture of mineral-deposit potential, based on the BCGS Min-

eral Deposit Profiles.

Deliverables from this project will include files containing

log-centred transformed values of the NAD 83 UTM

Zone 10 co-ordinates of the stream sediments, MINFILE

attributes, elements, principal-component scores, random

forests votes, random forests normalized votes, random

forests posterior probabilities and random forests class pre-

dictions. The files containing this information will be pro-

vided in Esri shapefile format and tab-delimited ASCII for-

mat. Kriged images will be provided in 32-bit geoTIFF

format.

This paper summarizes the rationale and methodology for

the prediction of mineral-deposit types based on the min-

eral-deposit model framework developed for BC. The use

of log-ratio transforms to overcome the problem of closure,

and the application of multivariate methods to the stream-

sediment geochemistry establish an objective framework

for characterizing the data, termed ‘process discovery’.

The application of a tree-based method (random forest) for

predicting potential mineral-deposit sites offers a repeat-

able, consistent and defensible methodology, termed ‘pro-

cess prediction’, that offers promise for the identification of

prospective terrains and mineral systems. Together, they

will enhance exploration strategies in the province of

British Columbia.
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Figure 14. Geographic distribution of individual sites overlain on a kriged image of the posterior probabilities for the GroupModel L02L04
(Cu-Au-Mo porphyry) across the map area, based on the test data and a distance threshold of 2500 m. MINFILE sites tagged as L02L04 are
shown as yellow crosses. Stream-sediment sites identified as class L02L04 by random forests are shown as red dots. Areas of increased
potential for L02L04 deposits are shown by colour shading.
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