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ORIGIN DETERMINATION OF DOLOMITE-RELATED
WHITE NEPHRITE THROUGH ITERATIVE-BINARY
LINEAR DISCRIMINANT ANALYSIS

Zemin Luo, Mingxing Yang, and Andy H. Shen

Provenance studies on nephrite jade are of gemo-
logical as well as archeological importance. Ori-
gin determination is difficult to achieve relying
solely on typical gemological properties and ob-
servations. In this study, the authors present a new
statistical analysis method, based on linear dis-
criminant analysis (LDA) and trace-element data
from laser ablation-inductively coupled plasma-—
mass spectrometry (LA-ICP-MS), to achieve sig-
nificantly improved origin determination (an
average of 94.4% accuracy) for eight major
dolomite-related nephrite deposits in eastern Asia.
As the principle is to compare one location to the
rest in one round and continue such binary com-
parison until all possible localities are tested, the
method is referred to as iterative-binary LDA (IB-
LDA). Combined with trace-element composition
data from LA-ICP-MS, it could prove to be a use-
ful technique for the geographic origin determi-
nation of other gemstones.

ephrite jade has been of great interest to East

Asian cultures dating back to the Neolithic Age
(Wen and Jing, 1996; Tsien et al., 1996, Wen, 2001; Har-
low and Sorensen, 2005). Historically, it has been con-
sidered a symbol of wealth and power for Chinese
emperors and nobility (figures 1A and 1B). Nephrite
from countries such as China, Russia, and South Korea
(Ling et al., 2013) continues to attract considerable at-
tention as a gem and ornamental material, particularly
in the Chinese market. Thus, geographic origin deter-
mination is important in terms of proper classification,
valuation, and archaeological implications.
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In Chinese culture, white is usually regarded as
the color of purity and perfection (He, 2009). Due to
its quality and well-established historical reputation,
white nephrite from Xinjiang has maintained the
highest price in the Chinese market. Xinjiang
nephrite is usually translucent, with colors ranging
from white and greenish white to yellow. The best
material from this province is white nephrite with
greasy luster, known in the trade as “mutton fat”
jade. The purity, fine texture, and luster of white
nephrite from Xinjiang come together to create an
elegant cultural symbol (figure 1C).

White nephrite from other deposits, including
Baikal (Russia), Chuncheon (South Korea), and Qing-
hai (China), has similar characteristics and is difficult

In Brief

e There is no universally accepted method to determine
the origin of East Asian dolomite-related nephrite.

e |B-LDA, a statistical analysis method developed by the
authors, uses an algorithm based on trace-element data
to determine the origin of nephrite from eight major
production areas in China, Russia, and South Korea.

e This method yielded greater accuracy than the tradi-
tional LDA method, and may be useful for determining
the origins of other gem materials.

to distinguish with the unaided eye or even micro-
scopic observation (Wu et al., 2002; Ling et al., 2013).
In some cases, material from other locations has been
falsely represented as Xinjiang nephrite jade to fetch
higher prices. A reliable quantitative method for ge-
ographic origin determination is urgently needed to
protect nephrite consumers.

Nephrite is a gem-quality tremolite or actinolite
polycrystalline aggregate. It is usually classified as ei-
ther dolomite-related or serpentine-associated, which
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have different formation processes and different con-
centrations of Fe, Cr, Co, and Ni, as well as oxygen
and deuterium isotopes (Yui and Kwon, 2002; Har-
low and Sorensen, 2005; Siqgin et al., 2012; Adamo
and Bocchio, 2013). Dolomite-related nephrite is
usually white, greenish white, yellow, or light gray,
due to the relatively low concentrations of the
transition metal elements listed above. Serpentine-
associated nephrite is usually green. A typical exam-
ple is Siberian green nephrite from Russia, known
for its purity of color. The geographic sources of ser-
pentine-associated nephrite, such as New Zealand,
mainland China, and Taiwan, can be distinguished
by some characteristic elements in chromite inclu-
sions and by strontium isotopes (Adams et al., 2007;
Zhang and Gan, 2011; Zhang et al., 2012).

There is no widely accepted method for distin-
guishing the geographic origin of dolomite-related
nephrite. Two factors account for this. First, there are
many sources for dolomite-related nephrite in East
Asia. Eight major locations are listed in figure 2:
western Xinjiang (including the famous Hetian area)
and eastern Xinjiang province (China); Geermu, also
known as Golmud (Qinghai province, China); Xi-
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Figure 1. A: An ancient pen-
dant discovered in the
tomb of Marquis Yi, ruler of
Zeng State during the War-
ring States period (ca. 475~
221 Bc). © Hubei Provincial
Museum. B: The imperial
seal made with white
nephrite for Emperor Yong-
zheng during the Qing dy-
nasty (1723-1735 p). ©
Sotheby’s. C: “Autumn
Moon Over Han Palace”
(Ieft) and “Spring Morning
Over Han Palace” (right)
placed second in the Gems
&) Jewelry Trade Associa-
tion of China’s 2012 Tian-
gong Award for excellence
in jade carving. © The
Boguan Auction Company.

uyan (Liaoning province, China); Luodian (Guizhou
province, China); Liyang (Jiangsu province, China);
Baikal (Russia); and Chuncheon (South Korea). Sec-
ond, because of their similar standard gemological
properties, such as color, transparency, luster, refrac-
tive index, specific gravity, and major element com-
ponents (Liao and Zhu, 2005; Ling et al., 2013; Liu
and Cui, 2002), dolomite-related nephrite jades from
these locations are very difficult to distinguish.

Geochemical research has shown that trace ele-
ments can reflect the sources of gemstones (Breeding
and Shen, 2010; Blodgett and Shen, 2011; Shen et al.,
2011; Zhong et al., 2013). But as the number of pro-
ducing localities and the complexity of chemical
composition increase, simply evaluating one or two
elements cannot distinguish the different origins
(Sigin et al., 2012). Multiple elements, and correla-
tions between those elements, must be taken into
account. Identifying and optimizing the variables
that characterize differences among origins becomes
the main focus.

Linear discriminant analysis (LDA) is a popular
statistical method that can reduce the multiple di-
mensions of variables and provide reliable classifica-
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Figure 2. The eight
major dolomite-related
nephrite deposits in
East Asia reviewed in
this study. Xinjiang
province has been di-
vided into east and
west regions because of
their different ore-form-
ing conditions (Tang et
al., 1994). Modified
from Ling et al. (2013).
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tion accuracy (Fisher, 1936; Yu and Yang, 2001;
McLachlan, 2004; Guo et al., 2007). Recently, this
method has been used to identify the geographic ori-
gins of some single-crystal gemstones such as Paraiba
tourmaline, ruby, sapphire, and peridot (Blodgett and
Shen, 2011; Shen et al., 2013).

In this work, the trace-element composition and
distribution of 138 dolomite-related nephrite sam-
ples from the major producing areas in East Asia have
been carefully summarized. Based on the trace-ele-
ment data, we propose an algorithm, which we refer
to as iterative binary LDA (IB-LDA), to achieve
nearly complete separation of the dolomite-related
nephrite deposits. This method may have wide-rang-
ing applications for additional mineral and gemstone
origin research in the future.

MATERIAL AND METHODS
Sample Preparation. All samples in this study were col-
lected directly from the mines in eight major East
Asian dolomite-related nephrite jade deposits. A total
of 138 samples, with 15-19 specimens from each lo-
cality (see table 1), were chosen for LA-ICP-MS testing.
The samples were cut into blocks measuring 3.0
x 1.5 x 0.5 cm (length x width x height). The body-
color ranged from white to light greenish, with scat-
tered colors such as yellow in some samples. Samples
with representative color from each deposit are
shown in figure 3.
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On each nephrite block, three to five points along a
straight line with 5 mm intervals between each point
were selected for LA-ICP-MS testing; see the “LA-ICP-
MS Measurement” section below. We collected 60 test
points for each origin for further statistical analysis, to
be discussed in the “LDA Method” section. Due to the
heterogeneous chemical composition of polycrys-
talline nephrite and the relatively limited number of
block samples (only 15-19 per each origin), we treated
each test point as an independent sample, so that each
origin has a data set of 60 analyses.

LA-ICP-MS Measurement. Trace-clement concentra-
tions of the 138 samples were measured using an LA-
ICP-MS system at the State Key Laboratory of
Geological Processes and Mineral Resources, China
University of Geosciences, Wuhan. The LA-ICP-MS
system consisted of a GeoLas 193 nm laser and an
Agilent 7500 ICP-MS. The laser fluence was set as
10 J/em?, and the ablation spot size was 32 um. The
widely used quantitative calibration standards of
NIST synthetic glasses SRM610 (Pearce et al., 1997)
and U.S. Geological Survey (USGS) synthetic glasses
of BCR-2G, BHVO-2G, and BIR-1G (Jochum et al.,
2005) were used as reference materials. Three to five
spots on each sample, at approximately 5 mm inter-
vals along a straight line, were collected for analysis.
»Si was used as an internal standard. Detailed oper-
ating conditions for the laser ablation system and the
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Figure 3. Representative 3.0 x 1.5 cm nephrite samples from the eight dolomite-related deposits in this study: (A)
Xinjiang-West, (B) Xinjiang-East, (C) Geermu (Golmud), (D) Baikal, (E) Chuncheon, (F) Xiuyan, (G) Luodian, and
(H) Liyang. Photos by Zemin Luo.

ICP-MS instrument and data reduction were the
same as those described by Liu et al. (2008, 2010).

LDA Method. Linear discriminant analysis is the pri-
mary tool in this classification of nephrite from
dolomite-related deposits. This method was designed
for group classification, which aims to maximize be-
tween-class variance while minimizing within-class
variance. Free software utilizing the statistical pro-
gramming language R, version 3.1.2, was applied to
this statistical analysis. Based on the trace-element
concentrations collected using LA-ICP-MS, the gen-

eral procedure for LDA origin determination entailed
two steps. First, original data sets of 40 independent
test points for each origin except Liyang (which has
a distinguishable feature, to be explored in the Dis-
cussion section), along with their trace-element in-
formation, were treated as “training sets” to build
the discriminant functions (DFs) and find the best
separation. The validity of the separation is charac-
terized by the eigenvalue (EV) and total cross valida-
tion (CV); see box A for detailed definitions of EV and
CV. Second, four additional samples from each ori-
gin, along with their trace-element information,

TABLE 1. Dolomite-related nephrite samples used in this study.

Labeled Locations Mining area sources Quantity LA-ICP-MS Main color
(total 138) test points
(total 452)
1 Xinjiang-West West of Xinjiang province, 17 60 White to greenish
China; includes Hetian, white
Yecheng, Xueyanuote,
Xinzang 383, and Datong
2 Xinjiang-East East of Xinjiang province, 18 60 White to light
China; includes Qiemo and greenish white
Ruoqiang
3 Geermu Qinghai province, China 17 60 White to light
(Golmud) greenish white
4 Baikal Russia 17 60 White
5 Chuncheon South Korea 21 60 White
6 Xiuyan Liaoning province, China 17 60 White to caramel
7 Luodian Guizhou province, China 15 60 White
8 Liyang Jiangsu province, China 16 32 Greenish white
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BOX A: LINEAR-DISCRIMINANT ANALYSIS

What Are DFs, EV, and CV?

In traditional LDA, each locality is classified as a group,
and every trace element represents an independent vari-
able. The combination of all these variables forms a
“property space,” with each variable an independent di-
mension. In such property space, statistical analysis as-
signs weight to each variable based on relative
importance. The LDA designs a projection direction
composed of weighted variables to achieve the best sep-
aration between groups. Along this direction, the scat-
tered points from the same group are minimized within
the group and maximized between all groups simultane-
ously, which can be formulated as an eigenvalue (EV), a
term that will be introduced below. Such projection vec-
tors actually are the linear discriminant functions (DFs)
defined by LDA. The common mathematical expression
of DF is the following:

DFY, =a,X +a,X +a,X ..+a_ X +b (1)

Here Y, is the linear discriminant function score or
value for a specific group K (K=1, 2,...N, where N is the
number of total groups). X, X, X,, ... X are characteris-
tic variables, corresponding to the selected trace elements
in our study; a,,, a,, a,, ... a_, are the discriminant coef-
ficients or weights of each characteristic variable for
group K; b, is the constant of linear discriminant function
for group K.

EV is the key parameter for building DFs. It can be
understood as the ratio of total intergroup deviations to
the total intragroup deviations; the concept is defined
rigorously by using covariance matrices (see Welling,
2005). In general, the DFs resulting in higher EV are cho-
sen to build the classification model, since they can pro-
vide better separation between groups (Buyukozturk and
Cokluk-Bokeoglu, 2008).

The classification accuracy and reliability of LDA
can be characterized by the cross-validation (CV) accu-
racy rate (see Kohavi, 1995; Cawley and Talbot, 2003).
The most basic mechanism for CV is:

1. Constructing a LDA model using all data points
except one.

2. Using this LDA model to test the omitted data
point.

3. Repeating these steps until every data point is
tested.

4. The percentage of accurately classified omitted
data points is the CV value. A higher CV value in-
dicates better validity of the classification model.

Note that EV is the parameter characterizing the va-
lidity of DF in the model when building DF on training
sets. On the other hand, CV is the parameter evaluating
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the validity of the model after it is established. These
two parameters have different functions and cannot sub-
stitute for each other.

Implementing IB-LDA

To improve the CV accuracy rate, we designed the IB-LDA
method, which simplifies multiple-group comparisons
into pair comparisons. In each round, the LDA process be-
comes a binary classification: Only the separation be-
tween one “chosen” group and the other “unchosen”
groups pool is maximized by the discriminant functions.
Meanwhile, the within-class variances of the chosen
group and the unchosen pool are minimized respectively.

In the first round of IB-LDA, we randomly selected
one of the seven localities as the “chosen” group, and the
remaining six as the “unchosen” group. LDA was carried
out using the statistical package for this two-group com-
parison. The software automatically selected various
numbers of the trace elements among all input trace ele-
ments, so that the CV value corresponding to each origin
in the chosen/unchosen binary classification can be
achieved. Each origin is chosen to compare with the un-
chosen group, and the origin with the highest CV accu-
racy rate (versus the remaining six) is determined as the
“optimal-chosen group” in this round. Hereafter, the se-
lected trace elements and weights for the “optimal-cho-
sen group” and “unseparated, unchosen group” will be
used to build the pair of DFs for the first round of IB-LDA.
The DF for the optimal-chosen group acts as the chosen
sieve in this round, corresponding to the specific block
box and hole in figure 4.

This process is applied to the remaining six localities,
with a new set of trace elements chosen by the R soft-
ware to maximize the EV and CV values. These newly
selected trace elements with new weights will build a
new pair of DFs for the second round of IB-LDA. Our
study using this iterative-binary process identified seven
origins sequentially in six rounds in the following order:
Luodian, Xiuyan, Chuncheon, Xinjiang-West, Baikal,
Xinjiang-East, and Geermu (Golmud). This process is
shown in figure A-1.

Six pair of DFs were obtained for this classification
process. The last pair of DFs separating Xinjiang-East and
Geermu (training set size of 40 samples for each) was ex-
pressed as:

DFY, =-2.058Li + 1.554Be + 0.005Al +

61(Xinjiang-East)

)
0.012K - 9.807Nb - 0.461Ba + 6.452La — 11.891 (2)
DFY, =0.452Li - 0.682Be + 0.001 Al +

62(Geermu (Golmud))

4.062Nb + 0.431Ba + 0.145La -2.376 (3)

Herein, we defined CV_ as the CV for the origin N
in the IB-LDA. It is defined as the continued multiplica-
tion of CV, from the first round to the round in which
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DF VALUE PLOTS FOR SIX ROUNDS OF IB-LDA Figure A-1. This plot il-
lustrates how six
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respectively.

the particular origin N is classified; see equation (4). CV,  Evaluating the Model Validity Based on EV, CV, and AR
is the CV accuracy rate, while i is the number of iterative

rounds of IB-LDA:
CV

As a conventional method for the machine-learning
model, we used two-thirds of the total data set as training
orniiorz,. = CV X CV, x .. x CV, x CV,  (4) sets with the remaining one-third as a test set (Kohavi,
1995). We list the EV and CV values for the training set,

. The overall CV (CV ! X 5 and the AR values for the test sets, to evaluate the validity
sification model should be defined as the arithmetic mean and accuracy of the IB-LDA model. EV, CV, and AR values
value of the CV, value of each origin, as calculated in for traditional LDA are also presented for comparison

i) fOr this iterative-binary clas-

spaiciont 5 with the IB-LDA model. In terms of both training sets (EV
N and CV) and test sets (AR), IB-LDA shows greater validity
Z CV,ni ) and accuracy than traditional LDA.
_ia 5 The calculated results of IB-LDA CV_. for the train-
CViotar = f (5) ing sets are shown in figure A-2. The overall CV (CV__ )

for IB-LDA (94.4 %) was higher than that of traditional
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TABLE A-1. EV, CV, and AR values for IB-LDA and
traditional LDA

EV CV total (%) AR (%)
IB-LDA 6.4 94.4 95.0(x2.0)
Traditional LDA 4.4 91.4 85.7(+2.5)

*Note: 40 test points from each origin were used as training sets; the
remaining 20 test points from each origin were chosen as test sets. The
value in parentheses is the standard deviation of AR after five rounds
of blind testing.

LDA (91.4%). Samples outside the “expected” groups (in
this case, the eight nephrite localities) in the training sets
will be classified into one of the “expected” groups in-
correctly according to its DF score. In machine learning
and LDA, the groups “expected” in the model must all
be included in the training sets to build the most com-
prehensive training set and DFE. The solution for dealing
with “unexpected” wild samples is to collect enough
samples to define them as a new group within the train-
ing set. This is why all machine-learning models require
larger data sets to improve their validity. We include the
discussion about the “unexpected” samples in the last
paragraph of box A.

CV and EV Values Depending on the Statistical Property
of Data Sets. Our analysis was based on 60 data points in
each group. To evaluate how the size of the training set

Figure A-2. The CV, . for the identified origins in our
IB-LDA, and CV for traditional LDA. The detailed al-
gorithm of CV,_ . is shown in equation 4. IB-LDA iden-

orNi

tified geographic origins with a higher CV (an average
of 94.4%) than that of traditional LDA (91.4%).

1004 98 979 974

93.8
922 499 goo 014

80

CV (%)

60

40— T T T
ID XY CC XJW BK XJE Gm Mmean mean

IB-LDA LDA
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can impact the validity (EV) and accuracy (CV) of the
model, we conducted a series of tests by randomly re-
moving 10 data points from each group until each train-
ing set reached 20 data points. We found that CV
generally increased as each training set grew from 20 to
50. Such an increase indicates that the variance can be
predicted more precisely with a larger set of samples. The
variation of CV and EV with size of the training set is
mainly caused by some “irregular” samples, which dis-
turbs the variance in/between groups. We speculate that
both EV and CV eventually converge to a constant value,
which can only be justified with a larger total data set.

The most practical classification model needs to take
into account training set size, CV, EV, and other factors,
which is still a real challenge. AR values for blind testing
are not included in table A-2. Because the training set is
larger than 40 samples for each group, the remaining data
set is too sparse to supply a test set with viable statistics.
As a major difference between CV and AR in practice,
CV is extracted within the training set in the building
process of the classification model while AR is obtained
beyond the training set after the classification model
build. The AR method usually requires a larger original
data set to maintain good statistics for both training sets
and test sets; this requires further accumulation in the
future.

We wish to emphasize that we are speculating on the
accuracy and validity of both CV and AR. As the classi-
fication model deals with real “unincluded” samples
without any knowledge of their origin, CV and AR can
only estimate the accuracy or validity of the final analy-
sis result. In the worst-case scenario, a nephrite sample
that does not belong to any of the eight origins, it will
still be (incorrectly) classified as having one of the above
origins, according to its DF score. In this case, the CV
and AR are meaningless for such unexpected samples.
As with all machine-learning models, LDA requires that
all input (the samples’ trace-element information) be cor-
rectly paired with the expected output (geographic local-
ity) at the very beginning, when the training set is built.
In other words, the most practical model always requires
large data sets, along with the optimization and balanc-
ing of EV, CV, and AR values.

TABLE A-2. CV and EV values for different training
set sizes.

Training set size 20 30 40 50 60

IB-LDA EV (mean) 6.9 5.9 6.4 6.5 6.4

CV total (%) 932 93.6 944 958 94.2
Traditional EV (mean) 5.1 4.5 4.4 4.5 4.5
LDA CV total (%) 90.0 88.6 91.4 94.0 933
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TABLE 2. Trace-element concentrations for eight nephrite localities, by LA-ICP-MS.

Element conc., with Xinjiang-West  Xinjiang-East  Geermu (Golmud) Baikal Chuncheon Xiuyan Luodian Liyang
mean and stand. dev. (Group 1) (Group 2) (Group 3) (Group 4) (Group 5) (Group 6) (Group 7) (Group 8)
Li (ppm) 0.082-25.097  0.250-28.295  0.358-5.435  1.731-20.638  0.100-6.875 0.107-1.333  7.857-35.066  14.686-56.167
2.075(0.487)  6.301(0.888)  2.765(0.130)  6.934(0.597)  1.058 (0.115)  0.516 (0.037)  22.575(0.813) 27.724 (1.932)
Be (ppm) 1.581-51.342  0.740-30.731 0.000-1.181 5.140-45.301  11.577-28.624  9.058-27.810  0.000-7.740 0.045-3.771
26.018 (0.931)  11.100(1.159)  0.380(0.035) ~ 22.405(1.613) 19.211(0.658) 16.161(0.471)  1.035(0.255)  1.165(0.134)
Na,O (wt.%) 0.042-0.438 0.021-0.182 0.008-0.147 0.056-0.133 0.034-0.082 0.024-0.067 0.098-0.221 0.457-0.913
0.088 (0.008)  0.106 (0.004)  0.081(0.004)  0.099 (0.003)  0.057 (0.001)  0.044 (0.001)  0.179(0.004)  0.658 (0.019)
ALO, (wt.%) 0.338-0.899 0.081-0.974 0.025-0.338 0.380-0.898 0.355-0.983 0.266-1.22 0.122-0.373 0.324-1.410
0.573(0.021)  0.630(0.030)  0.136 (0.009)  0.621 (0.015)  0.604 (0.015) ~ 0.505(0.021)  0.209 (0.007)  0.550 (0.033)
K,0 (wt.%) 0.014-0.112 0.025-0.231 0.005-0.091 0.028-0.193 0.024-0.115 0.019-0.078 0.036-0.119 0.116-0.294
0.041(0.003)  0.099 (0.007)  0.049(0.003)  0.067 (0.003)  0.048(0.002)  0.041(0.002)  0.092(0.002)  0.217 (0.007)
Sc (ppm) 1.103-79.327  0.850-4.588 0.208-3.682 0.284-3.125 0.518-4.734 1.097-4.117 0.000-9.147 0.614-2.800
4.88 (1.260) 1.893(0.086)  1.088(0.087)  1.773(0.091)  1.333(0.101) ~ 1.960(0.070)  1.971(0.197)  1.670(0.119)
Rb (ppm) 0.295-53.317  0.003-52.369  0.000-1.302 1.845-9.708  0.421-11.329  0.179-3.799 0.000-0.662  0.339-28.726
4840 (1.075)  12.162 (1.589)  0.568 (0.040)  4.203(0.239)  2.679(0.275)  1.666 (0.125)  0.279(0.022)  3.139 (1.121)
Sr (ppm) 4705-32.795  3.763-22.434  3.297-26.933  2.677-18.908  8.515-32.997  3.920-22.541  15.157-31.291 141.267-1272.699
14.721 (0.886) 11.275(0.477) 16.241(0.853)  10.619(0.489) 21.268 (0.529) 13.778 (0.591)  20.950 (0.681) 274.233 (21.62)
Y (ppm) 1.225-18.285  0.159-6.479 0.000-1.778 0.294-7.185  0.2565-10.827  1.032-11.420  3.077-29.474  0.361-3.772
4278 (0.404)  2.991(0.196)  0.514(0.055)  1.046 (0.147)  0.882(0.163)  3.953 (0.206)  11.138(0.713)  1.468 (0.143)
Zr (ppm) 0.354-15.483  0.000-8.733  0.000-11.187  0.000-16.652  0.000-6.811 0.191-9.151 0.000-22.154  0.007-15.557
4900 (0.455)  2.739(0.258)  0.892(0.207)  1.544(0.357)  0.720 (0.124)  2.420(0.221)  2.770(0.459)  3.220 (0.626)
Nb (ppm) 0.189-11.698  0.000-3.022 0.000-0.322 0.126-1.938 0.033-0.566 0.037-0.789 0.173-1.096 0.119-0.938
1.441(0.270)  0.808 (0.113)  0.113(0.011)  0.519(0.037)  0.208 (0.016)  0.518(0.022)  0.737(0.023)  0.319(0.031)
Mo (ppm) 0.000-0.171 0.000-0.266 0.000-0.625 0.000-1.034 0.000-0.779 0.000-0.345 0.000-3.191 0.000-0.232
0.027 (0.006)  0.034 (0.009)  0.078 (0.016)  0.055(0.020)  0.118(0.021) ~ 0.032 (0.009)  0.408 (0.106)  0.041(0.010)
Cs (ppm) 0.197-13.125  0.071-26.950  0.000-1.682 0.401-4.311 0.057-1.935 0.069-2.447 0.042-0.942 0.000-2.395
3.771(30.493) 7.620 (0.951)  0.718(0.058)  2.075(0.139)  0.525(0.034)  0.587 (0.056)  0.412(0.024)  0.278 (0.095)
Ba (ppm) 1.368-26.254  0.284-18.403  0.000-9.237  0.430-30.014  0.859-9.097 0.374-9.951  3.099-195.132  0.196-7.535
9.231(0.755)  5.887(0.379)  4.151(0.251)  7.745(0.783)  2.463(0.174)  4.159(0.194)  15.413 (4.120)  2.611(0.325)
La (ppm) 0.000-39.004  0.040-2.282 0.008-0.571 0.011-0.523 0.194-1.159 0.000-0.887  0.886-18.591 0.277-4.565
2.601(0.828)  0.615(0.067)  0.286(0.024)  0.179(0.017)  0.678(0.021)  0.460(0.030)  5.083(0.352)  0.913(0.138)
Ce (ppm) 0.053-39.916  0.025-4.772 0.000-1.615 0.069-1.384 0.589-2.900 0.027-1.659  0.536-28.944  0.593-7.261
3.452(0.922)  1.400(0.156)  0.560 (0.049)  0.462(0.040)  1.480(0.042)  1.001 (0.065)  4.938 (0.543)  1.678 (0.211)
Pr (ppm) 0.000-13.764  0.010-0.506 0.000-0.283 0.000-0.170 0.056-0.302 0.000-0.252 0.256-4.649 0.094-1.188
0.997 (0.307)  0.181(0.019)  0.069 (0.007)  0.042 (0.005)  0.157 (0.006)  0.124(0.008)  1.322(0.087)  0.309 (0.036)
Nd (ppm) 0.000-17.535  0.000-2.460 0.000-1.443 0.000-0.677 0.015-1.405 0.015-1.051 1.552-15.303  0.365-4.672
2.098 (0.477)  0.811(0.080)  0.297 (0.036)  0.266 (0.022) ~ 0.661(0.036)  0.536 (0.040)  5.486 (0.382)  1.238 (0.139)
Sm (ppm) 0.000-14.859  0.000-0.707 0.000-0.385 0.000-0.393 0.000-0.624 0.000-0.395 0.334-3.806 0.000-0.773
1.464 (0.397)  0.204 (0.019)  0.079(0.011)  0.075(0.009)  0.126 (0.016)  0.162(0.011) ~ 1.176 (0.083)  0.263 (0.029)
Eu (ppm) 0.000-0.140 0.000-0.117 0.000-0.135 0.000-0.145 0.000-0.111 0.000-0.187 0.047-0.637 0.000-0.129
0.017(0.003)  0.019(0.003)  0.027 (0.004)  0.019(0.004)  0.026 (0.003)  0.076 (0.006)  0.279 (0.016)  0.044 (0.006)
Gd (ppm) 0.072-5.373 0.000-0.726 0.000-0.430 0.000-0.510 0.000-0.367 0.049-0.523 0.000-3.222 0.000-0.589
0.768 (0.132)  0.246 (0.019)  0.090 (0.013)  0.099 (0.012)  0.148(0.014)  0.230(0.013)  1.136(0.076)  0.275(0.029)
Tb (ppm) 0.009-2.413 0.000-0.136 0.000-0.090 0.000-0.065 0.000-0.094 0.005-0.107 0.043-0.462 0.000-0.124
0.202 (0.049)  0.050(0.003)  0.015(0.002)  0.008 (0.002)  0.017(0.002) ~ 0.053 (0.003)  0.180(0.012)  0.038 (0.005)
Dy (ppm) 0.133-8.037 0.011-0.731 0.000-0.294 0.000-0.429 0.000-1.252 0.117-0.957 0.354-2.767 0.027-0.596
0.922(0.188)  0.347(0.023)  0.084 (0.011)  0.102 (0.012)  0.124(0.021)  0.410(0.021)  1.145(0.071)  0.207 (0.023)
Ho (ppm) 0.027-5.253 0.000-0.160 0.000-0.082 0.000-0.112 0.000-0.296 0.045-0.593 0.045-0.593 0.010-0.108
0.379(0.114)  0.083(0.006)  0.020 (0.002)  0.016 (0.003)  0.027 (0.005)  0.023 (0.006)  0.224 (0.018)  0.040 (0.004)
Er (ppm) 0.034-22.467  0.000-0.674 0.000-0.213 0.000-0.914 0.000-0.533 0.021-1.091 0.000-2.316 0.004-0.318
1.839(0.558)  0.243(0.020)  0.052 (0.006)  0.095(0.017)  0.070(0.011)  0.296 (0.020)  0.715(0.062)  0.114(0.015)
Tm (ppm) 0.007-4.507 0.000-0.100 0.000-0.062 0.000-0.083 0.000-0.107 0.006-0.180 0.000-0.374 0.000-0.034
0.218(0.081) ~ 0.030(0.003)  0.010(0.002)  0.010(0.002)  0.013(0.002)  0.039(0.003)  0.091(0.010)  0.015(0.002)
Yb (ppm) 0.063-15.424  0.017-0.802 0.000-0.316 0.000-0.363 0.004-1.416 0.004-1.416 0.000-1.850 0.000-0.308
0.818(0.263)  0.204 (0.019)  0.064 (0.010)  0.093 (0.031)  0.068 (0.011) ~ 0.234 (0.025)  0.571 (0.055)  0.103 (0.017)
Lu (ppm) 0.003-11.295  0.000-0.113 0.000-0.047 0.000-0.086 0.000-0.103 0.003-0.264 0.000-3.899 0.000-0.058
0.378 (0.191)  0.026 (0.003)  0.008 (0.001) ~ 0.008 (0.002)  0.014(0.002)  0.030(0.004)  0.322(0.083)  0.014(0.002)
Hf (ppm) 0.000-4.405 0.000-0.321 0.000-0.223 0.000-0.257 0.000-0.302 0.000-0.299 0.000-0.748 0.000-0.423
0.395(0.102)  0.073(0.009)  0.024 (0.005)  0.025(0.006)  0.036 (0.006)  0.063(0.008)  0.112(0.023)  0.096 (0.018)
Ta (ppm) 0.000-8.495 0.000-0.188 0.000-0.046 0.000-0.090 0.000-0.085 0.000-0.108 0.000-0.170 0.000-0.157
0.622 (0.225) ~ 0.043(0.005)  0.007 (0.001)  0.011(0.002)  0.010(0.002)  0.028 (0.003)  0.039 (0.004)  0.037 (0.005)
Bi (ppm) 0.000-0.784 0.000-2.758 0.000-0.434 0.000-0.068 0.000-0.210 0.000-0.021 0.000-2.496 0.000-0.015
0.084 (0.026)  0.076 (0.045)  0.045(0.010)  0.007 (0.002)  0.022 (0.004)  0.007 (0.001)  0.229 (0.056)  0.006 (0.001)
Pb (ppm) 0.293-7.710  0.346-10.454  0.055-3.691 0.368-17.393  0.925-4.882 0.118-3.243  0.271-100.569  0.157-5.250
1.195(0.173)  2.948(0.228)  1.618(0.106)  2.016(0.280)  1.895(0.096)  0.561 (0.059)  3.424 (1.637)  0.771(0.149)
Th (ppm) 0.029-5.299 0.036-2.406 0.000-0.546 0.000-0.983 0.011-0.675 0.005-0.620 0.000-1.100 0.074-0.892
0.686 (0.108)  0.236 (0.042)  0.074 (0.012)  0.150(0.025) ~ 0.112(0.011)  0.212(0.017)  0.254 (0.025)  0.355(0.034)
U (ppm) 0.146-5.967 0.081-2.427 0.000-0.946 0.028-0.660 0.070-0.947 0.530-2.479 0.378-1.345 0.069-1.942
1.182(0.154)  1.080(0.062)  0.487(0.028)  0.179(0.018)  0.345(0.018)  1.448(0.039)  0.882(0.028)  0.304 (0.057)




were treated as test sets. The purpose of a test set is
to estimate how the classification model will deal
with the data that was not included in the “training
set” to build the DFs. As conventional settings for
machine learning models (Kohavi, 1995), two-thirds
of the total data sets (280 data points) were used as a
training set, and one-third (the other 140 data points)
were used as test set. This setting applies throughout
the paper unless other specific modifications are
mentioned. Detailed descriptions of training sets and
test sets also appear in box A.

RESULTS AND DISCUSSION

For the 138 nephrite samples from the eight loca-
tions, the concentration of elements from Li to U (45
elements total) were obtained by LA-ICP-MS meas-
urement. To make our classification model inde-
pendent of sample color, the transition metal
elements (Ti, V, Cr, Mn, Fe, Co, Ni, and Cu) were ex-
cluded from further data analysis. Only 34 trace ele-
ments were involved in creating the LDA model. The
mean value and standard deviation value of each
trace element are calculated based on 60 detection
points for each origin, as shown in table 2.

Trace-Element Analysis to Separate Liyang from
Other Origins. As shown in table 2, the nephrite sam-
ples from Liyang (group 8) displayed much higher con-
centrations of Sr (>140 ppm) and Na,0+K,O (> 0.57
wt.%) than the other seven localities (Sr<40 ppm,
Na,0+K,0 < 0.56 wt.%). These results confirmed pre-
viously reported conclusions (Zhang et al., 2011; Sigin
et al., 2012; Ling et al., 2013) that the distinctive Sr,
Na, and K concentrations could be used as a quantita-
tive discriminant to separate Liyang nephrite samples.
These obvious diagnostic chemical signatures ren-
dered further analysis of Liyang nephrite unnecessary.
The only real challenge was to distinguish the remain-
ing seven nephrite origins. Table 2 shows overlapping
trace-element distributions. Therefore, it is important
to derive effective discriminants from the trace ele-
ments to separate the origins.

Traditional LDA in Dolomite-Related Nephrite Ori-
gin Determination. From the outset, we attempted
to use the traditional LDA method to classify the
seven dolomite-related nephrite localities at once.
Each nephrite locality is classified as a group, and
every input trace element represents an independent
variable. Seven linear discriminant functions (DFs)
for seven independent nephrite groups were built si-
multaneously. The results showed that only the Lu-
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odian samples had an isolated distribution region,
while the other six localities still exhibited overlap.
The full classification of all seven groups by “one-
pass” LDA must balance variance among all seven
groups. This may be the reason why traditional LDA
presented a relatively low CV of 91.4 % and a rela-
tively low EV of 4.48 with a training set size of 40
testing points for each group. For the details of DFs
and CV, again see box A.

IB-LDA to Optimize the Separation of Dolomite-
Related Nephrite Geographic Origins. If only aiming
to distinguish one group from all the others while ig-
noring the differences within the remaining unclas-
sified groups, certain group identities should be more
accurate and distinguishable. Hence, we designed the
“iterative-binary” LDA (IB-LDA) to optimize the sep-
aration. The procedure used to build the discrimi-
nant function and criteria database for all seven
origins is described in box A.

Classifying different sources of dolomite-related
nephrite by IB-LDA is analogous to sorting blocks
with different shapes by putting them into the corre-
sponding holes. As shown in figure 4, seven blocks
represented seven different dolomite-related nephrite
origins. The red triangle, pink four-pointed star, purple
five-pointed star, yellow six-pointed star, green square,
blue pentagon, and orange hexagon represented Luo-
dian, Xiuyan, Chuncheon, Xinjiang-West, Baikal, Xin-
jiang-East, and Geermu (Golmud) respectively. We
then needed to build corresponding blocks with dif-
ferently shaped holes (named “chosen sieves” here-
after) using the training set samples. The original 280
training set samples from the seven origins were used
to create seven chosen sieves in sequence after six
rounds of IB-LDA processes (figure 4). The different
holes represent different DFs built for each chosen
sieve. The sequence of those chosen sieves directly
corresponds to the six rounds of IB-LDA, which must
be unchanged to maintain the validity of the classifi-
cation method. We found that the IB-LDA model pro-
duces better CV and EV values than traditional LDA,
as shown in table A-1, which indicates IB-LDA can ef-
fectively improve the accuracy and validity of the
sieves (classification model).

Next, we evaluated the performance of the sieves
built by IB-LDA on unincluded data in a blind test.
Four new samples from each origin were used as a
testing set to check the reliability and accuracy of the
established chosen sieves (figure 5). All samples were
treated as “unknown” blocks to be tested on the
seven sieves in sequence. When the unknown block
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Fundamental Steps in IB-LDA

1st sieve: Luodian

2nd sieve: Xiuyan

4th sieve: Xinjiang-West sth sieve: Baikal

6th sieve: Xinjiang-East 7th sieve: Geermu

1st step of IB-LDA: Use “training sets” to build “sieves”
(discriminant functions) corresponding to seven origins.

3rd sieve: Chuncheon

Figure 4. These blocks
illustrate the process of
determining the
dolomite-related
nephrite origins by IB-
LDA. The first step is
building the “chosen
sieves” sequence
through six rounds of
IB-LDA using the
“training set” samples.
The boxes had different
holes corresponding to
“chosen sieves” with
discriminant functions
in each round of IB-
LDA. The second step
(inset) is to use these
sieves to determine the
origins of testing set
samples step by step in
a blind test. Four test
set samples from each
origin were chosen ran-
domly from the total
data set, excluding the

2nd step of IB-LDA: ..
training set samples.

Use “test sets” and “sieves”
to performablind test.

fit into the correct sieve, its “shape” was identified.
For example, the first chosen sieve (Luodian) allowed
only the triangular blocks to be sorted out, which
meant only Luodian samples could be identified and
all the other samples were still in an “unseparated”
status. The unseparated samples went through the
second IB-LDA process, where a four-pointed star
sieve representing Xiuyan was used to extract appro-
priately shaped blocks, and the unseparated pool was
reduced once more.

This process should be repeated until all the un-
separated blocks can be identified. The number of
test sets with the correct classification divided by the
number of the total test sets is the accuracy rate (AR)
for such blind testing. The same blind test is per-
formed five times on different test sets, and the av-
erage AR is calculated. We note that the AR value
obtained is generally consistent with the CV value
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calculated in the first step of IB-LDA, as shown in
table A-1.

CONCLUSIONS

We propose that an IB-LDA model, combined with
trace-element information from LA-ICP-MS, is an ef-
fective method for determining the origin of
dolomite-related nephrite deposits. We consider the
application of IB-LDA to the quantitative classifica-
tion of nephrite origin a significant improvement
over the traditional method. The origin information
reflected by trace-element data has been well ex-
plored and applied in nephrite origin determination.
The LDA method presents obvious statistical advan-
tages in dealing with the massive quantity of
nephrite trace-element data. Finally, the successful
performance of IB-LDA remarkably improved dis-
criminant accuracy, increasing the CV accuracy rate
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Blind Testingin IB-LDA
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Figure 5. The schematic
diagram of the blind
test, the second step in
IB-LDA. Only when the
shape of an “unknown”
block agrees with one
of the sieve shapes can
its origin be deter-
mined.

Xinjiang-East ~ Geermu

from 91.4% in traditional LDA to 94.4% and identi-
tying CV_,, values specific to each origin. The dis-
criminant functions database built by IB-LDA
obtained a 95.0% accuracy rate in the testing of 28
unknown samples. We believe that collecting and ac-
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