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Abstract: Within due diligence concepts for raw material supply chains, the traceability of a shipment
is a major aspect that has to be taken into account. Cassiterite and coltan are two so-called conflict
minerals for which traceability systems have been established. To provide additional credibility
to document-based traceability systems the German Federal Institute for Geosciences and Natural
Resources (BGR) has developed the analytical fingerprint (AFP) for the minerals coltan, cassiterite,
and wolframite. AFP is based on the analysis of a sample from a shipment with a declared origin and
evaluates whether the declared origin is plausible or not. This is done by comparison to reference
samples previously taken at the declared mine site. In addition to the generation of the analytical data,
the data evaluation step, with the aim to state whether the declared origin is plausible or not, is of
special importance. Two data evaluation approaches named “Kolmogorov–Smirnov distance (KS-D)
approach” and “areas ratio approach” are applied to coltan and cassiterite and result in very low
rates of false negative results, which is desired for AFP. The areas ratio approach based on hypothesis
testing and a more sophisticated evaluation of the multivariate data structure has some advantages in
terms of producing lower rates of false positive results compared to the KS-D approach.

Keywords: coltan; cassiterite; analytical fingerprint; data evaluation

1. Introduction

The growing interest of consumers and the general public in the social and environmental
conditions under which raw materials used to manufacture goods for daily life are produced has
provoked regulations by governments and business actors and triggered the development of due
diligence concepts for responsible raw material supply chains [1–3]. This is of special interest for
the Great Lakes region in Central Africa where resource-related conflicts occur [4] and due diligence
measures affect the livelihood of artisanal miners as well as the international trade with so-called
conflict minerals (coltan, cassiterite, wolframite, and gold) [5]. Within due diligence concepts for
raw material supply chains the traceability of a shipment is one of the issues that have to be taken
into account [6]. The usual “bag and tag” traceability systems depend on document-based, therefore
artificial, information on the origin of a shipment [7,8] and thus are highly susceptible to fraud attempts.
However, the credibility of those traceability systems is enhanced significantly if an independent tool
based on the analysis of intrinsic properties of the minerals would verify the declared origin and
therefore strengthen the plausibility of the documentation of the respective shipment.

Analytical tools that provide information on the origin of minerals or raw materials have been
developed for different materials such as gem stones [9–12], gold [13,14], yellow cake [15] or base
metals [16] amongst others. For several years, the German Federal Institute for Geosciences and
Natural Resources (BGR) has developed a tool called the analytical fingerprint (AFP), which aims to
check independently whether the declared origin of a coltan, cassiterite or wolframite shipment is
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credible or not [17–22]. Here, special attention is given to ores mined and traded in the Great Lakes
region in Central Africa. AFP is based on analytical data of a sample in question, a reference sample
database and a data evaluation step. The typical application case for AFP is the investigation of an
ore concentrate shipment from the trading chain, for which a specific mine site is given as its origin.
AFP provides evidence whether the given origin is credible or not.

In addition to the development of analytical methods to obtain data for AFP, the data evaluation step
is of particular importance. The data of an ore concentrate are multivariate, not normally-distributed
and due to the process of mining, the samples cannot be regarded as representative aliquots of a common
population (e.g., geological formation) [21,22]. This has to be kept in mind when data evaluation
concepts are developed. Two different data evaluation concepts have been proposed and evaluated for
wolframite, namely the Kolmogorov–Smirnov distance (KS-D) approach [21] and the likelihood ratio
approach [22]. This study expands the application of both concepts to the commodities coltan and
cassiterite, presents performance investigations and illustrates both concepts by two case studies.

2. Materials and Methods

2.1. Samples, Database, Sample Preparation and Analysis

2.1.1. Samples and Database

Within the framework of this study, a sample refers to an aliquot of a coltan or cassiterite ore
concentrate, which contains several hundred or several thousand individual mineral gains. The majority
of those grains are coltan or cassiterite grains accompanied by grains of gangue minerals. In this
study, samples collected from the same ore body (even at different dates) are called “brother samples”
while samples collected from different ore bodies are called “non-brother samples”. These ore bodies
usually are pegmatites and quartz veins of limited lateral extent. However, since a deposit might have
experienced more than one mineralization, mine sites as well might comprise different ore bodies.

This study comprises a database of 288 cassiterite and 302 coltan concentrate samples taken from
different countries (7 countries for cassiterite and 17 countries for coltan) with an emphasis on the
African Great Lakes region. From this region, 273 cassiterite concentrates and 253 coltan concentrates
originate. For cassiterite, from 48 locations at least two independently taken ore concentrates are
available, resulting in 268 pairs of brother samples. The appropriate numbers for coltan are 29 locations
and 142 pairs of brother samples.

2.1.2. Sample Preparation

Polished sections are prepared from the sampled ore concentrates and are used for (i) grain
identification by scanning electron microscopy combined with mineral liberation analysis (SEM-MLA)
and (ii) analysis of the identified cassiterite or coltan grains by laser ablation inductively coupled
plasma mass spectrometry (LA-ICP-MS) [18,20]. Ore concentrates contain coltan and/or cassiterite
grains as well as gangue material grains. The analysis of gangue material is not straightforward as its
portion in ore concentrate is not mine specific but depends on the varying ore material processing
on-site, which is mainly done manually by the miners. Therefore, the grain identification step is
necessary to limit the analysis to cassiterite and coltan grains.

2.1.3. Analysis

The analysis of coltan and cassiterite grains is done by LA-ICP-MS. Details of the analytical
protocols for coltan and cassiterite are given by Gäbler et al., [18] and Gäbler et al. [20], respectively.
In brief, the grains are ablated by a 193 nm excimer laser using 50 µm spots or short 50 µm wide
lines. The ablated material is transported into a sector field ICP-MS instrument where different
suites of elements are monitored for cassiterite and coltan. For cassiterite, initially 45 elements are
monitored [20], but in a later stage of the project, the list of the monitored elements was reduced to 28
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elements (list of elements see Section 3.1), because some elements such as the rare earth elements did
not show detectable concentrations in the vast majority of the analysed cassiterite grains. For coltan,
42 elements are monitored (list of elements see Section 3.1). The ICP-MS signals from cassiterite
grains are calibrated using the calibration material NIST SRM 610 (National Institute of Standards
and Technology, U.S. Department of Commerce, Standard Reference Material) with 118Sn as internal
standard [20]. For coltan, an in-house coltan reference sample is used for calibration and a calibration
strategy based on a 100% m/m normalisation of the sum of the main oxides combined with internal
standardisation for the trace elements using 55Mn is applied [18].

2.2. Data Evaluation

AFP data evaluation is done by two different data evaluation approaches. The aim of both
approaches is to evaluate whether a sample in question (E) and a corresponding reference sample (D)
from the database (i.e., from the declared origin of the sample in question) are from the same origin.
If both samples D and E can be regarded as coming from the same origin, the declared origin of the
sample in question is credible.

The first one, called KS-D approach, is based on the evaluation and combination of element-specific
cumulative distribution functions combined with an empirically deduced decision criterion. The second
one is based on the likelihood ratio concept. Both approaches have been used for the AFP of
wolframite [21,22].

2.2.1. KS-D Approach

The KS-D approach initially described for wolframite [21] is also suitable for other minerals and is
applied to cassiterite and coltan in this study. Element-specific distribution functions were used to
characterize the concentrations of a given element of a sample and a non-parametric statistical tool
was used for the comparison of samples E and D. The chosen tool is the Kolmogorov–Smirnov statistic
KS-D (maximum vertical distance between two empirical cumulative distribution functions, range
0–1), which is used as a measure of similarity to compare the samples E and D for a given element.
The median of all element-specific KS-D values of a two-sample comparison is then used as a measure
for the degree of similarity of the two samples. A small median KS-D therefore reflects a high degree of
similarity, whereas a large median KS-D indicates a low degree of similarity. Element-specific empirical
distribution functions for samples are not calculated if more than 30% of the element-specific data of a
sample fall below the respective detection limit. This was done to avoid calculating pointless KS-D
values as a result of varying detection limits due to differences in the day-to-day performance of the
LA-ICP-MS instrument.

To put the resulting median KS-D of two individual samples in relation and decide whether it
is a characteristic of two samples with common origin or not, a decision criterion (DC) is required
that is empirically deduced. For mine sites with several reference samples, a deposit-specific decision
criterion can be applied by calculating median KS-D values for all possible comparisons of reference
samples from that mine site. For this mine site, the number of comparisons is n(n-1) for which mean
and standard deviation can be calculated. The decision criterion is then calculated as follows:

DC = X + 3σ (1)

where DC is the decision criterion, X is the mean and σ is the standard deviation calculated from the
median KS-D values. If this decision criterion is applied, samples are only accepted to originate from
the declared origin if their median KS-D value is smaller than the DC when compared to the single
reference samples of the declared origin.

However, if e.g., only two or three reference samples are available from the same mine site this
method is not suitable in order to obtain a DC due to the low number of KS-D values. In this case,
the DC thus is derived by taking into account all available mine sites with more than one reference
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sample and median KS-D values are calculated for all reference sample pairs from common mine sites.
Then, the DC is calculated as given in Equation (1), however, with X as the mean of all median KS-D
values of reference sample pairs with common origin.

2.2.2. Areas Ratio Approach

Martyna et al. [22] have developed a likelihood ratio and an areas ratio approach for the AFP
of wolframite, which can be used for cassiterite and coltan as well. They demonstrate that both
approaches give comparable results. As the computing time necessary for the areas ratio approach is
much shorter, for the present study on cassiterite and coltan the areas ratio approach is applied.

The areas ratio approach considers two contrasting hypothesis:

Hypothesis 1 (H1). The sample in question (E) and a corresponding reference sample (D) are from the same
origin.

Hypothesis 2 (H2). The sample in question (E) and a corresponding reference sample (D) are from different
origins.

Mineral concentrate data analyzed by LA-ICP-MS result in data properties, which have to be
taken into account prior to application of likelihood ratio approaches. The multidimensionality and
the lack of data normality within samples are those properties, which require that classical likelihood
ratio approaches have to be modified [22]. The solution proposed by Martyna et al. [22] is to “distill” a
single score from the data, which can be used to calculate the two probabilities that the two samples E
and D are either from the same origin or from different origins.

The general idea to develop that score is to compare in a first step the reference sample (D) to all
other reference samples of the database Xf (with f = 1 to m, m = number of samples in the database
that are not from the same origin as sample D, see [22]). Here, special attention is given to identify the
differences between D and each Xf. In a second step, the data of sample E are compared to the results
obtained for sample D. If both samples D and E are from the same origin, they should behave very
similarly in this exercise and vice versa. The differences between sample D and E are summarized
in a score and compared to scores, which are obtained from sample pairs with a common origin and
sample pairs with different origins.

The above-mentioned score is obtained by procedures detailed in Martyna et al. [22]. First,
the original variables (element concentrations of the mineral grains) were log-transformed to reduce the
huge data ranges. The data for each pair of D and Xf are combined and a robust principal component
analysis (rPCA) [23] was applied to reduce data dimensionality. In a second step, linear discriminant
analysis (LDA) was applied on those principal components, which explain 95% of the square of the
median absolute deviation (MAD2 [23]) to identify the direction (tf) that separates best the grains
from D and Xf. The log-transformed data of samples D, Xf and E are projected on the obtained rPCA
directions and then on the LDA direction tf. This results in three distributions (built up by the different
mineral grains in each sample) of D, Xf and E over the LDA direction tf [22]. As tf was chosen to
separate D and Xf best, the distributions for D and Xf should be maximally separated. If samples D and
E are similar to each other the distribution for E is expected to be close to that of D, if this is not the case,
the distribution of E should appear somewhere else (see Figure 2 in [22]). The Kolmogorov–Smirnov
distance (KSD) is computed to characterize the difference between the distributions for E and D
(KSD(ED)) and the difference between the distributions for E and Xf (KSD(EXf)). Both KSD values are
combined to give the ∆KSD defined as ∆KSD = KSD(ED) − KSD(EXf). If samples D and E are from the
same origin, they are expected to have a similar geochemical composition. In this case, KSD(ED) is
expected to give a small value and KSD(EXf) is expected to give a large value because tf was designed
to maximize the difference between D (and E, if D and E are from the same origin) and Xf. Therefore,
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the expected value for ∆KSD should be <0 if sample E and D are from the same origin and ≈0 or >0 if
they are not (see Table 1 in [22]).

Looking at a single case where a sample E is declared to originate from the location represented by
sample D in the database, m different ∆KSD values are obtained and must be evaluated together. The m
different ∆KSD values result in a distribution of ∆KSD values for that single case. This distribution
is interpreted in the light of a likelihood ratio approach, which means comparing it to two ∆KSD
distributions obtained from (i) comparisons of two samples with a common origin and (ii) comparisons
of two samples with different origins.

This is achieved by computing the common area below the ∆KSD distribution curve of the single
case and (i) the ∆KSD distribution obtained by comparisons of two samples from the same origin
and (ii) the ∆KSD distribution obtained by comparisons of two samples with different origins [22].
The area ratio (AR) of both common areas is computed to indicate which hypothesis H1 (AR > 1 or log
AR > 0) or H2 (AR < 1 or log AR < 0) is supported.

In Martyna et al., [22], this model is called ∆KSD-AR (AR: areas ratio) and looks similar to a
likelihood ratio model, but is not a likelihood ratio model in a strict sense. Martyna et al. [22] explain
this in detail with the consequence that an improved model ∆KSD-AR-LR (LR = likelihood ratio)
was developed.

3. Results and Discussion

3.1. Reference Samples Database

For each commodity, a database has been established that is updated regularly. The database
contains reference samples from Central Africa and additional samples collected worldwide.
All samples are ore concentrates and have been analyzed by the methods given above. The results are
stored in a database.

The database for cassiterite consists of 13,538 individual cassiterite grains, each analyzed for 28
elements. Summary statistics for cassiterite are given in Table 1. The coltan database includes data
of 13,238 individual coltan grains analyzed for 42 elements. Summary statistics for coltan are given
in Table 2.

Table 1. Summary statistics of element concentrations in cassiterite grains.

Element 5th Percentile (mg·kg−1) 50th Percentile (mg·kg−1) 95th Percentile (mg·kg−1)

Al 5.7 89.1 2440.8
As <0.22 0.22 8.83
Ba <0.18 <0.18 3.26
Bi <0.03 <0.03 0.96
Ca <10 <10 44
Cr <1.2 <1.2 8.2
Fe 98 1115 8126
Ga 0.08 1.39 22.35
Ge <0.15 0.15 1.42
Hf 0.07 36.40 430.51
In <1.9 <1.9 25.9

Mg <0.1 <0.1 25.7
Mn <1 14 1441
Nb 2 1168 16,386
Pb 0.02 0.47 9.25
Sb 0.20 0.62 18.94
Sc <0.12 4.00 85.98
Si <121 436 2419
Sr <0.03 0.03 1.73
Ta 0.04 1738 41,480



Minerals 2020, 10, 926 6 of 15

Table 1. Cont.

Element 5th Percentile (mg·kg−1) 50th Percentile (mg·kg−1) 95th Percentile (mg·kg−1)

Th <0.01 0.01 1.23
Ti 26 1071 5699
U 0.13 1.50 19.07
V <0.24 3.67 85.77
W 0.8 11.2 1357.6
Y <0.03 0.03 2.15

Zn <0.9 0.9 57.3
Zr 2 389 1779

Table 2. Summary statistics of element concentrations in coltan grains. Please note that the
concentrations of the main element oxides are given in (%).

Element 5th Percentile (mg·kg−1) 50th Percentile (mg·kg−1) 95th Percentile (mg·kg−1)

Ta2O5 (%) 8.9 36.2 70.1
Nb2O5

(%) 12.6 44.2 68.3

MnO (%] 1.9 8.8 17.6
FeO (%) 0.56 9.35 17.18

SnO2 (%) 0.01 0.13 0.76
TiO2 (%) 0.02 0.28 1.57
WO3 (%) 0.01 0.12 0.93

Al 9 57 1360
As <0.4 0.4 14.2
Ba <0.3 0.3 52.2
Be <0.9 <0.9 1.8
Bi <0.11 0.11 30.86
Ca <63 <63 460
Ce <0.03 0.13 39.86
Dy <0.08 0.78 94.21
Er <0.06 0.39 39.56
Eu <0.05 <0.05 1.01
Gd <0.15 0.23 35.78
Hf 18 95 624
Ho <0.04 0.12 14.13
La <0.04 0.03 8.99
Li <7 7 102
Lu <0.03 0.13 12.31
Mg <4 35 1273
Mo <1.3 1.9 7.6
Nd <0.08 0.08 17.60
Pb 2.7 34.2 656.5
Pr <0.01 0.01 3.13
Rb <0.4 <0.4 8.3
Sb <0.04 <0.04 3.98
Sc 0.5 5.9 306.0
Si <281 281 1842

Sm <0.10 0.10 16.23
Sr <0.2 0.2 29.8
Tb <0.05 0.11 15.29
Th 0.18 3.00 73.22
Tl <0.03 0.03 7.99

Tm <0.04 0.08 8.95
U 19 204 1743
Y 0.05 3.94 491.92

Yb <0.10 0.83 80.75
Zr 126 737 4028
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3.2. Performance of the Data Evaluation Approaches

For the statistical evaluation of ore concentrate data in terms of an AFP, some properties of
those ore concentrates have to be taken into account [21,22]. The data of an ore concentrate are
multivariate, not normally-distributed and due to the process of mining, the samples cannot be
regarded as representative aliquots of a population (e.g., geological formation). Brother samples
are similar to each other, but they are not representative aliquots of their geological formation.
This means that non-parametric statistical tools should be preferred for data evaluation and tools for
decision-making should be based on empirical data obtained from geological formations. Both data
evaluation approaches applied in this study consider these thoughts.

In order to evaluate the performance of both data evaluation approaches, training and test sets of
sample pairs for cassiterite and coltan are specified. The training sets are used to develop the criteria
for AFP decision-making from empirical data while the test sets are used to deduce performance data.
The test sets are not used to develop the AFP decision-making criteria and provide known brother and
non-brother properties. The data evaluation approaches with the decision-making parameters (DC for
the KS-D approach and AR for the areas ratio approach) obtained from the training sets are applied on
the test set sample pairs. The results are compared to the known brother and non-brother properties of
the test set sample pairs, which enables the calculation of the performance data.

The cassiterite database provides information on 268 brother sample pairs, while for coltan,
142 brother sample pairs are available. For the training set, 201 brother sample pairs are randomly
selected for cassiterite while 102 brother sample pairs are selected for coltan. Accordingly, the test
sets consisted of the remaining 67 and 40 brother sample pairs for cassiterite and coltan, respectively.
For the areas ratio approach, the training and test sets are completed by the same numbers of randomly
selected non-brother sample pairs as are used for brother sample pairs. For the KS-D approach this has
to be done only for the test set.

For the performance tests, the random selection of training and test sets was repeated 10 times.
This resulted in the simulation of 1340 single cases for cassiterite (670 for known brother sample
pairs and 670 for known non-brother sample pairs) and 800 single cases for coltan (400 for known
brother sample pairs and 400 for known non-brother sample pairs), which are used to obtain the
performance data.

3.2.1. KS-D Approach

In order to evaluate the performance of the KS-D approach on cassiterite, KS-D values are
calculated (see Section 2.2.1) for the brother sample pairs of the training set and the brother and
non-brother sample pairs of the test set. Following Equation (1), with X as the mean and σ as the
standard deviation of the obtained 201 KS-D values for the brother sample pairs of the training set,
a single DC is derived. As a variation of Equation (1), the term 3σ can be replaced by 2σ, which results
in a less rigorous evaluation in terms of avoiding the erroneous rejection of true brother sample pairs.

The KS-D values of the test set sample pairs are evaluated according to Equation (2):

KS-Dn = DC − KS-D (2)

where KS-Dn indicates whether a sample pair is regarded as a brother or non-brother sample pair.
KS-Dn is supposed to be positive for brother and negative for non-brother sample comparisons.

Hence, all negative KS-Dn values of brother sample pairs of the test set represent incorrectly
assigned brother sample comparisons, which correspond to false negative (FN) results in the sense of
hypothesis testing (see areas ratio approach). All positive KS-Dn values of non-brother sample pairs
of the test set represent incorrectly assigned non-brother sample pairs, which corresponds to false
positive (FP) results in the sense of hypothesis testing (see areas ratio approach). This procedure of
performance evaluation was applied on the data of both commodities.
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The obtained distributions of KS-Dn for brother and non-brother comparisons are given in Figures 1
and 2 as density functions.Minerals 2020, 10, x FOR PEER REVIEW 8 of 15 
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Figure 1. Distributions of brother and non-brother comparison test sets of KS-Dn of cassiterite and
coltan for the respective decision criterion (DC) calculated with 3σ.
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For both commodities, brother sample comparisons are overwhelmingly correctly classified.
They display positive KS-Dn values with FN rates of about 1.2% (3.4% for the 2σ variation) for
cassiterite and 0% for coltan (7.3% for 2σ). A correct classification is also achieved for the majority of
non-brother samples, which show negative KS-Dn values with FP rates of about 24.6% (14% for 2σ) for
cassiterite and 45% for coltan (29% for 2σ).

These numbers clearly demonstrate that although the KS-D approach reaches a significant
separation between the two distributions, the false classification is not equally distributed and the
chance of classifying non-brothers incorrectly is by a factor of ten higher than classifying brother
samples incorrectly. Within the framework of AFP, low FN rates at the expense of higher FP rates are
desired to avoid correctly declared shipments being spuriously questioned.

3.2.2. Areas Ratio Approach

From the brother and non-brother sample pairs of the training sets, typical ∆KSD distributions for
(i) comparisons of two samples with a common origin (brother sample pairs) and (ii) comparisons of
two samples with different origins (non-brother sample pairs) are calculated. These distributions are
used in an areas ratio approach to evaluate the brother and non-brother sample pairs of the test sets as
single cases. For each test sample pair, a ratio of common areas (see Section 2.2.2) is obtained, which
indicates whether H1 (log AR > 0) or H2 (log AR < 0) is supported.

The obtained distributions of the log AR for brother and non-brother sample pairs are illustrated
in Figure 3. For brother sample pairs, only a small part of the obtained log AR is below 0, while this is
the case for the vast majority of the log AR computed for non-brother pairs. This demonstrates that the
applied approaches work and result in low numbers of false results.

Minerals 2020, 10, x FOR PEER REVIEW 9 of 15 

 

These numbers clearly demonstrate that although the KS-D approach reaches a significant 

separation between the two distributions, the false classification is not equally distributed and the 

chance of classifying non-brothers incorrectly is by a factor of ten higher than classifying brother 

samples incorrectly. Within the framework of AFP, low FN rates at the expense of higher FP rates are 

desired to avoid correctly declared shipments being spuriously questioned. 

3.2.2. Areas Ratio Approach 

From the brother and non-brother sample pairs of the training sets, typical ΔKSD distributions 

for (i) comparisons of two samples with a common origin (brother sample pairs) and (ii) comparisons 

of two samples with different origins (non-brother sample pairs) are calculated. These distributions 

are used in an areas ratio approach to evaluate the brother and non-brother sample pairs of the test 

sets as single cases. For each test sample pair, a ratio of common areas (see Section 2.2.2.) is obtained, 

which indicates whether H1 (log AR > 0) or H2 (log AR < 0) is supported. 

The obtained distributions of the log AR for brother and non-brother sample pairs are illustrated 

in Figure 3. For brother sample pairs, only a small part of the obtained log AR is below 0, while this 

is the case for the vast majority of the log AR computed for non-brother pairs. This demonstrates that 

the applied approaches work and result in low numbers of false results. 

 

Figure 3. Distributions of log area ratios (log AR) for brother and non-brother sample pairs. 

Non-brother sample pairs that give log AR > 0 support the wrong hypothesis and are called false 

positive (FP) results. Brother sample pairs that give log AR < 0 support the wrong hypothesis as well 

and are called false negative (FN) results. 

0

0.5

1

1.5

2

2.5

3

-1.5 -1 -0.5 0 0.5 1

D
en

si
ty

log AR

Cassiterite brother sample pairs Cassiterite non-brother sample pairs

Coltan brother sample pairs Coltan non-brother sample pairs

Figure 3. Distributions of log area ratios (log AR) for brother and non-brother sample pairs.



Minerals 2020, 10, 926 10 of 15

Non-brother sample pairs that give log AR > 0 support the wrong hypothesis and are called false
positive (FP) results. Brother sample pairs that give log AR < 0 support the wrong hypothesis as well
and are called false negative (FN) results.

The performance test gives 5.4% of FP results and 2.1% of FN results for cassiterite and 10% of FP
results and 5.8% of FN results for coltan. The higher rate of FP compared to FN results is acceptable for
AFP as in a FP case, a wrongly declared origin is erroneously accepted, which means that in this case a
suspect declaring the wrong origin is just a “lucky guy”. A lower rate of FN results is appreciated for
AFP as in FN result cases, a correctly declared sample would erroneously be identified as being not
credible. Looking at the value of the AR in a real case provides the opportunity to estimate how strong
H1 or H2 are supported. If the AR is around one (or log AR around zero) then the result is only weakly
supported, but if the AR gives a value quite different from one, the result is more strongly supported.
For example, in the performance test for coltan, the AR values of the obtained FN results are always
larger than 0.84, which indicates that the evidence for all FN results is not very strong. This means that
in a real case, in addition to the evaluation of whether AR is above or below one, the value of the AR
(how much it differs from one) has always to be taken into account as this indicates how strong H1 or
H2 are supported.

The results of a performance test, as carried out in this study, is dependent on a careful sampling
of brother samples on a mine site. This is especially important if cassiterite appears in pegmatites and
quartz veins on the same mine site. The geochemical composition of cassiterite from quartz veins
and pegmatites differs significantly due to the completely different geochemical processes causing
cassiterite formation. If cassiterite bearing pegmatites and quartz veins are mined on the same mine
site, it is advantageous for AFP to separate them in different reference samples—as strict as possible.
Six out of 14 FN results from this performance test originate from a single mine site where pegmatites
and quartz veins are mined. It cannot be excluded that the reference samples from this mine site
contain at least some cassiterite portions from both types of cassiterite host material. FN results may
appear if mixed samples are compared to pure quartz vein or pure pegmatite samples.

3.2.3. Comparison of the Performance of Both Data Evaluation Approaches

Both data evaluation approaches give comparable low rates for FN results. This is highly
appreciated for AFP, because blaming a correctly declared sample as being not credible must be
avoided. FP results, which mean a wrongly declared origin is erroneously accepted as credible,
are not desirable but have no negative impact on the owner of a shipment as a FN result would have.
The higher rates of FP results obtained by the KS-D approach compared to the areas ratio approach
may be due to (i) the fact that in the areas ratio approach from the obtained analytical data, typical
sample properties are more rigorously extracted using robust and multivariate PCA while this is not
done in the univariate KS-D approach where all analyzed elements are considered equally and (ii) for
decision-making, the areas ratio approach studies the properties of typical brother and non-brother
comparisons while the KS-D approach only works out the properties of brother sample comparisons.

3.3. Case Studies

Two case studies are presented in more detail to illustrate the data evaluation approaches. The case
studies reflect mine sites that are mined for coltan or cassiterite.

3.3.1. Case Study Coltan

The mine site of the first case study is a single, elongated pegmatite crosscut by quartz veins with
coltan as the predominant commodity. Cassiterite is only present in a minor amount. Four reference
samples have been taken from this mine site with sampling distances between each other varying
between 10 m and 110 m. Two sampling campaigns at two different dates have been carried out by
different accredited sampling teams to obtain the reference samples.
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KS-D Approach

The number of four available reference samples is not enough to obtain a reasonable deposit-specific
DC. Therefore, the standard DC approach is applied and only the brother sample comparisons,
not related to any reference sample of the mine site of this case study, are used. This leaves 256
comparisons, which are used to calculate a DC for both sigma variations as described in Section 2.2.1.

The four available reference samples imply a number of 12 available brother comparisons for the
mine site of this case study, which are checked against the previously obtained DC (DC = 0.35 for 3σ
and 0.31 for 2σ). All comparisons between the four samples produce a lower median KS-D (0.20–0.27,
see Table 3) and thus are accepted as being brother comparisons (FN = 0%).

Table 3. Kolmogorov–Smirnov distance (KS-D) values of sample comparisons from case study 1,
sample in question in first line.

Sample CS1_1 CS1_2 CS1_3 CS1_4

CS1_1 0.20 0.20 0.27
CS1_2 0.20 0.18 0.25
CS1_3 0.20 0.21 0.23
CS1_4 0.23 0.24 0.23

To obtain the rate of false-positive results, all available samples not originating from the mine site
of this case study are compared to samples CS1_1 to CS1_4 by checking the respective KS-D against
the above mentioned DC of each sigma variation. The result is a misclassification of non-brothers
(FP) of 65% for 3σ and 43% for 2σ. The relatively high rates of FP results can be attributed to the
fact that for this mine site the calculation of a deposit-specific DC is not possible. In the case that a
shipment with a declared origin from this mine site shall be evaluated, it is recommended to sample
additional reference samples to apply a site-specific DC, which would reduce the portion of FP results
(see cassiterite case study below).

Areas Ratio Approach

The areas ratio approach for the coltan case study mine site is applied by calculating log AR for
all possible two-sample comparisons of reference samples from this mine site (samples CS1_1–CS1_4).
Additionally, three samples from the three mines closest to the case study mine site (CS1_5–CS1_7)
are compared to the reference samples of the mine site. The distances between the three additional
samples and the case study mine site are 10 km, 27 km, and 50 km, respectively. The log AR of the
two-sample comparisons are given in Table 4.

Table 4. Log AR for two-sample comparisons of reference samples (CS1_1–CS1_4) from the coltan case
study mine site and two-sample comparisons of samples from other mine sites nearby (CS1_5–CS1_7)
and samples from the case study mine site (for details, see text).

Sample CS1_1 CS1_2 CS1_3 CS1_4 CS1_5 CS1_6 CS1_7

CS1_1 0.27 0.33 0.26 −0.26 −0.06 −0.24
CS1_2 0.30 0.33 0.28 −0.08 0.13 −0.19
CS1_3 0.32 0.32 0.33 −0.03 0.09 −0.13
CS1_4 0.26 0.29 0.30 0.05 0.07 −0.13

All possible two-sample comparisons of reference samples from the coltan case study mine site
give positive log AR between 0.26 and 0.33 (Table 4), which strongly support H1—both samples are
from the same origin. The log AR for the comparisons of samples from the mines closest to the case
study mine site (CS1_5–CS1_7) and the reference samples of the case study mine site are negative or
slightly positive (range: −0.26–0.13). The negative values support H2—both samples are from different
origins. The small positive values just slightly support H1. This behavior is clearly different from that
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of two-sample comparisons of reference samples from the case study mine site and demonstrates that
the application of the areas ratio approach works for this case study.

3.3.2. Case Study Cassiterite

The mine site of this case study hosts a cassiterite and coltan bearing pegmatite of elongated
shape striking in a northwest-southeast direction. The lateral dimensions of the deposit are roughly
1000 m in length with a width of 100–200 m. Seven reference samples distributed all over the mine
site are available. Two sampling campaigns at two different dates have been carried out by different
accredited sampling teams to obtain the reference samples. The distances between the sampling points
of the reference samples are between 50 m and 800 m.

The number of available reference samples is sufficient to obtain a reasonable mean and standard
deviation required for the calculation of a deposit-specific DC for the KS-D approach. Therefore,
for this case, it is possible to conduct data evaluation based on the application of (i) a deposit-specific
DC and (ii) a standard DC calculated from all available deposits where at least two reference samples
are available.

KS-D Approach with Deposit-Specific DC

The application of a deposit-specific DC is evaluated using a leave-one-out approach. One of
the seven reference samples is selected and treated as a sample in question. The six remaining
reference samples are tested against each other as described in Section 2.2.1, resulting in 30 two-sample
comparisons. For the thus obtained 30 KS-D values, mean and standard deviation are determined
and a deposit-specific DC is calculated. The sample left out in the first step is then tested against
this DC by individual comparison with the six samples that were used for the calculation of the DC.
This procedure is repeated for all reference samples of this mine site. Both variations for the calculation
of the DC (3σ and 2σ) are applied. As there are seven samples available, the total number of brother
comparisons to test the deposit-specific DC in a leave-one-out approach is 42 per sigma variation.
The rates of FN results from this test are given in Table 5.

Table 5. Performance data of the leave-one-out approach for reference samples of case study 2.

Sample Left Out CS2_1 CS2_2 CS2_3 CS2_4 CS2_5 CS2_6 CS2_7

mean 0.232 0.243 0.238 0.232 0.232 0.217 0.220
sd 0.041 0.035 0.037 0.040 0.045 0.035 0.039

DC_3sigma 0.355 0.349 0.347 0.353 0.368 0.322 0.337
DC_2sigma 0.314 0.313 0.311 0.313 0.322 0.287 0.298
FN_3sigma 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
FN_2sigma 0.0% 0.0% 0.0% 0.0% 0.0% 50.0% 16.7%

The evaluation regarding the non-brothers is realized in a similar way. This time, all reference
samples were compared to each other and a deposit-specific DC including information from all reference
samples was deduced (DC = 0.35 for 3σ and 0.31 for 2σ). Subsequently, every sample not originating
from the mine site of this case study was compared to this DC. The number of possible non-brother
comparisons is 2828 and hence is significantly larger than the number of brother comparisons. The rates
of FP results are 5.3% for the 3σ variation and 3.2% for the 2σ variation.

Performance data of the 3σ variation demonstrates a 100% rate of correct classification of
brother samples. Although the 2σ variation performs better with regards to the incorrectly classified
non-brothers represented by FP values of only 3.2%, brother comparisons are sometimes not recognized
as such, which results in a very high FN rate of 50% in case of sample CS2_6 and a single misclassification
for sample CS2_7. This demonstrates that the calculation of a DC using 3σ should be preferred for
AFP as for AFP erroneously not accepted but correctly declared sample origins (FN results) have to
be avoided.
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KS-D Approach with Standard DC

This approach also refers to the explanation in Section 2.2.1 but is modified regarding the database
in order to serve in this case study. From the initially available 268 brother sample pairs, only those are
used to deduce a DC that are not from the mine site of this case study. These 226 comparisons are used
to deduce a DC. Again, two variations for the calculation of the DC (3σ, 2σ) are applied.

The 42 possible brother sample comparisons for this mine site are checked against the respective
DC (0.49 for the 3σ variation and 0.42 for the 2σ variation). No incorrectly assigned brother sample
pairs (FN = 0%) for both σ variations are obtained (Table 6).

Table 6. KS-D values of sample comparisons of case study 2 using the standard KS-D approach, sample
in question in first line.

Sample CS2_1 CS2_2 CS2_3 CS2_4 CS2_5 CS2_6 CS_7

CS2_1 0.18 0.19 0.24 0.23 0.29 0.29
CS2_2 0.18 0.15 0.17 0.22 0.25 0.24
CS2_3 0.19 0.15 0.19 0.22 0.28 0.27
CS2_4 0.24 0.17 0.19 0.26 0.30 0.23
CS2_5 0.19 0.21 0.20 0.24 0.23 0.25
CS2_6 0.24 0.23 0.26 0.28 0.23 0.30
CS2_7 0.25 0.22 0.25 0.22 0.26 0.30

For the non-brothers, all available samples not originating from this case study’s mine site are
compared with the reference samples of this mine site via the KSD method, resulting in 2828 possible
non-brother sample comparisons. The rate of incorrect recognitions of non-brother samples (FP results)
is 21.3% for the 3σ variation and about 11.1% for 2σ.

Comparable low rates for FN results (at least for the 3σ variation of the DC calculations) but
lower rates of FP results make the deposit-specific DC approach more advantageous compared to
the standard DC approach. If enough (e.g., five or more) reference samples from one mine site are
available, the deposit-specific approach should be applied.

Areas Ratio Approach

The areas ratio approach for the case study mine site is applied by calculating log AR for all
possible two-sample comparisons of reference samples from this mine site (samples CS2_1–CS2_7).
Additionally, three samples from mines nearby (CS2_8–CS2_10) are compared to the reference samples
of the mine site. Sample CS2_8 originates from a site where a quartz vein is mined for cassiterite, about
650 m away from the center of the case study mine site. Samples CS2_9 and CS2_10 originate from
pegmatite mine sites 3 and 12 km away from the case study mine site, respectively. The log AR results
are given in Table 7.

Table 7. Log AR for two-sample comparisons of reference samples from the case study mine site
(CS2_1–CS2_7) and two-sample comparisons of samples from other mine sites (CS2_8–CS2_10) and
samples from the case study mine site (for details, see text).

Sample CS2_1 CS2_2 CS2_3 CS2_4 CS2_5 CS2_6 CS2_7 CS2_8 CS2_9 CS2_10

CS2_1 0.63 0.58 0.56 0.49 0.38 0.52 −0.80 −0.08 −0.37
CS2_2 0.65 0.60 0.49 0.48 0.41 0.48 −0.93 −0.07 −0.49
CS2_3 0.56 0.52 0.51 0.42 0.31 0.38 −0.89 −0.08 −0.48
CS2_4 0.62 0.62 0.62 0.43 0.43 0.50 −0.90 −0.11 −0.45
CS2_5 0.54 0.45 0.41 0.41 0.44 0.49 −0.88 −0.04 −0.39
CS2_6 0.42 0.44 0.47 0.34 0.56 0.50 −0.87 −0.07 −0.52
CS2_7 0.57 0.54 0.45 0.50 0.59 0.46 −0.81 −0.17 −0.43
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All two-sample comparisons of reference samples result in log AR between 0.31 and 0.65 and as
such clearly support H1—both samples come from the same origin. All two-sample comparisons of
samples from the other three mine sites and a sample from the case study mine site result in log AR < 0
and support H2—both samples are from different origins. Sample CS2_8 gives the most negative
results for log AR (−0.93–−0.80). This indicates a large difference in the geochemistry of this sample
compared to the samples of the case study mine site, although this sample was taken quite close to the
case study mine site. The reason for this is that sample CS2_8 originates from a quartz vein mine while
the samples from the case study mine site originate from a pegmatite. The formation of cassiterite in
quartz veins and pegmatites occurs under quite different geochemical conditions, which results in
different compositions of cassiterite concerning the incorporated trace element. For cassiterite, this has
to be taken into account when reference samples are taken and used for AFP.

The above presented data show what the results of the areas ratio approach look like and how
they can be used to check whether the information on the provenance of a cassiterite shipment is
credible or not.

4. Conclusions

Both data evaluation approaches can be used for both commodities. Criteria for AFP decision-
making can be derived from empirical data for both data evaluation approaches.

Performance tests for both data evaluation approaches resulted in very low rates of false negative
results (0–7.3% for KS-D and 2.1–5.8% for the areas ratio approach), which is desired for AFP. The areas
ratio approach based on hypothesis testing and a more sophisticated evaluation of the multivariate
data structure has some advantages in terms of producing lower rates of false positive results (5.4–10%)
compared to the KS-D approach (25–45%).

The two presented case studies reveal that for the KS-D approach the application of a deposit-
specific decision criterion (DC) should be preferred to reduce the rate of false positive results. This means
that at least four or five reference samples should be collected from a single mine site to enable the
calculation of a deposit-specific decision criterion.
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