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Abstract: Discrimination diagrams can be used to distinguish different tectonic settings of igneous
rocks. To improve the quality and efficiency of the design of discrimination diagrams, an automatic
design and assessment method for discrimination diagrams is proposed based on topology theory.
The method is aimed at programming the traditional process of discrimination diagram design,
enabling computers to simulate the visual discrimination process. It thus automatically designs
tectonic setting discrimination diagrams by investigating all possible combinations of geochemical
elements. In the experiment, analyses of 3803 gabbro samples were collected from three tectonic
settings, including island arc, ocean island, and mid-oceanic ridge. Using the proposed method,
we found thousands of discrimination diagrams with fields overlapping less than 10%. By analyzing
these diagrams, the most critical elements (or element ratio pairs) are identified. Based on the result,
the feasibility of using gabbroic rocks to discriminate between tectonic settings is illustrated and four
representative discrimination diagrams, including the La/Y–Nb/Ba diagram, Nb/Sc–Sc/Ba diagram,
Ba/Nb–Ba/Sc diagram, and La/Na2O–Nb/Ba diagram, are recommended for use. This research
supports the view that gabbroic rocks can also be used to discriminate between different tectonic
settings. The method could also be applied to other rock types.
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1. Introduction

Discriminating among different types of tectonic settings from the chemical components of
magmatic rocks is a common method in geochemistry [1,2]. In previous studies, basalts were usually
taken as the subjects for analysis. This is because, in the mantle plume theory, basalts are produced
from the rapid cooling of magma and thus contain the information about their tectonic settings [3,4].
Since the first discrimination diagram for basalt was proposed by Pearce [5,6], discrimination diagram
theory has received increasing attention and undergone rapid development [7–10].

With the development of geochemistry, researchers began to direct their attention to other types of
rocks or minerals and hoped to obtain more profound insights [11–13]. For example, Verma et al. [14]
designed 15 multidimensional diagrams to discriminate acid rocks. Sánchez-Muñoz et al. [12] proposed
a P–Fe diagram to discriminate feldspars. Verma et al. [15] presented a multidimensional scheme to
classify the magma types of altered igneous rocks. Gabbro, a basic intrusive rock, is widespread in the
Earth’s crust. The chemical composition of gabbroic rocks (except for cumulate gabbros) are similar to
those of basalts [16–18]. However, the petrogenesis of gabbroic rocks is more complicated than that of
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basalts, and the existing discrimination diagrams for basalts cannot be applied to discriminate among
the different tectonic settings of gabbroic rocks. Compared with basalts, gabbroic rocks are difficult to
be used to design discrimination diagrams. It is difficult to determine the elements which are suitable
for designing a discrimination diagram because of the complex differentiation processes of gabbroic
rocks. Moreover, there are many different elements in rock samples, making it challenging to design
discrimination diagrams by exhausting all combinations of geochemical elements.

In recent years, some researchers have proposed using confidence ellipses in statistics to
improve the quality and design efficiency of discrimination diagrams [19–21]. Confidence ellipses
can make the design and evaluation processes of discrimination diagrams programmable. However,
technically speaking, it does not accord with facts to assume that the regions of sample points in a
discrimination diagram are elliptical. In most of the discrimination diagrams, the areas of sample points
are not elliptical and are not even symmetrical shapes. Another design method for discrimination
diagrams is based on the probability distribution functions of samples [22]. However, the distribution
types or the parameters (for kernel density estimation) must be adjusted artificially, making it difficult
to automatically design, evaluate, and search discrimination diagrams. Moreover, the probability
distribution function method is easily affected by oversampling, and its results may be quite different
from the observed results. Thus, there is still no good method to investigate all possible combinations
of geochemical elements.

In this research, an automatic analytical method for optimal discrimination diagrams of tectonic
settings is presented based on topology theory. It aims to make the traditional process of designing
discrimination diagrams through visual observation programmable, and then to automatically design
and evaluate numerous discrimination diagrams testing all combinations of geochemical elements,
and finally to determine the optimal diagrams and critical elements or element ratios. The key to
the method is to use topology theory to simulate the visual observation process. In Section 2 of the
paper, the methodology of the study is discussed. In Section 3, a number of gabbroic rock samples
collected from the PetDB and GEOROC databases are introduced, and their tectonic settings are
carefully checked. After data filtering, an experiment is conducted with the proposed method. In the
experiment, 455,650 diagrams are automatically generated and evaluated. Thousands of useful
discrimination diagrams are found. The preliminary results indicate that using the chemical elements
of gabbroic rocks to discriminate among different tectonic settings is feasible. Four representative
discrimination diagrams, including the La/Y–Nb/Ba diagram, Nb/Sc–Sc/Ba diagram, Ba/Nb–Ba/Sc
diagram, and La/Na2O–Nb/Ba diagram, are discussed in detail.

2. Methodology

2.1. Overall Framework

The presented method is illustrated in Figure 1. There are five main steps:
(1) Determine the elements and element ratios. Element ratios are the ratios of any two elements;

for example, TiO2 and SiO2 can be combined as TiO2/SiO2 and SiO2/TiO2. An element ratio should be
regarded as a new element.

(2) Select nonzero data: a rock sample analysis may not contain some specific elements or the
values of specific elements are effectively 0 or infinite (for element ratios). In this case the sample is not
used to generate the corresponding discrimination diagrams.

(3) Design discrimination diagrams: project each pair of elements (or element ratios) of rock
samples on Cartesian coordinates. For each type of tectonic setting, draw the region of the sample
points based on the Delaunay triangulation technology. In this step, both linear coordinates and
logarithmic coordinates are considered (see Sections 2.3–2.5).

(4) Evaluate discrimination diagrams: evaluate the diagrams generated in step (3) with the
indicator named overlap. For a discrimination diagram, if the overlap of two tectonic setting regions is
large, the diagram is considered ineffective (see Section 2.6).



Minerals 2020, 10, 62 3 of 25

(5) Analyze statistics: determine the optimal discrimination diagrams that have low overlaps and
identify the corresponding elements or element ratio pairs.Minerals 2019, 9, x FOR PEER REVIEW 3 of 27 
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Figure 1. Illustration of the proposed method.

2.2. Element (or Element Ratio) Pairs

Our goal is to investigate all possible combinations of geochemical elements. Therefore, the first
step is to combine the elements into element pairs and element ratio pairs. As mentioned in Section 2.1
(1), the element ratio pairs are treated as new elements for analysis. For example, if there are only three
elements [a, b, c] in a rock, then 36 (C2

9) element (element ratio) pairs can be generated from the set
[a, b, c, a/b, a/c, b/a, b/c, c/a, c/b]. Inverse pairs such as (a/b, b/a) are discarded. Finally, 33 discrimination
diagrams are designed and evaluated.

2.3. Delaunay Triangulation

Determining the region of samples means determining the region of the point cloud according to
a specific confidence coefficient. For this purpose, Delaunay triangulation [23,24] is adopted. Delaunay
triangulation is defined as a series of touching triangles that do not overlap with each other, and the
region of the circumcircle of each triangle does not cover other triangles’ ices. Figure 2 shows an
example of Delaunay triangulation. In this figure, all the points are interconnected by several dashed
lines and then formed into a triangulation network. According to the Delaunay triangulation method,
the connection mode of the points is unique, and a Delaunay triangulation always corresponds to a
unique Voronoi polygon network [24], as shown in Figure 2.

The advantages of Delaunay triangulation are that it can present arbitrary shapes, make the
triangles tend to equilateral triangles, and avoid generating “narrow” triangles as much as possible.
The popular algorithms for generating Delaunay triangles include (1) a point-by-point insertion
algorithm, (2) a triangle network growth algorithm, and (3) a divide-and-conquer algorithm. The first
two algorithms are more popular than the third one because of their low computational overhead.
Since there are many methods [25–27] explaining how to generate Delaunay triangulations, this process
is not described in this paper.
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The coordinate transformation is the key to generating discrimination diagrams from the aspect 
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Using Delaunay triangulation to determine the region of sample points can be illustrated in
Figure 3. The region of a point cloud is a polygon (the outline of the triangulation network), and the
boundary corner points are selected from the point cloud.
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2.4. Coordinate Transformation of Samples

The coordinate transformation is the key to generating discrimination diagrams from the aspect of
visual observation. This transformation consists of two parts: (1) coordinate transformation of different
types of coordinates, and (2) coordinate transformation of multiscale coordinates.

2.4.1. Coordinate Transformation under Multiscale Coordinates

The importance of the ratio of the scale of the x-axis and the scale of the y-axis must be stressed
because Delaunay triangulation is calculated based on Euclidean distances, and when the scale of
the x-axis is different from the scale of the y-axis, the calculation process on a computer significantly
differs from the results of visual observation. Taking Figure 4a as an example, the length of the x-axis is
0–10 and the length of the y-axis is 0–1. However, making the x-axis and the y-axis of equal length
is convenient for visual observation. When designing a discrimination diagram, researchers tend to
set the ratio of x-axis length and y-axis length as 1:1. For computers, however, the distribution of the
points is illustrated in Figure 4b, and the Delaunay triangulation generated by these points is shown in
Figure 4c. When projecting such a result onto custom coordinates, the result is shown in Figure 5a.
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Figure 4. Distributions of sample points when the length of the x-axis and the length of the y-axis are
not of the same order of magnitude. (a) Manually projecting a set of points onto a Cartesian coordinate
system; (b) Status of the points in the operation process of a computer; (c) Delaunay triangulation
without coordinate transformation.
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Figure 5. Delaunay triangulations generated before and after scale zooming. (a) Delaunay triangulation
without coordinate transformation; (b) Delaunay triangulation with coordinate transformation.

Most of the triangles in Figure 5a are clearly abnormal, and the confidence boundaries based on
such a triangulation are not satisfactory for visual observation. Therefore, we propose to alter the
scales of the points along the x or y direction to solve this problem:{

r =(ymax − ymin)/(xmax − xmin)

(x′i , y′i ) = (rxi, yi) i =1, 2, . . . , n
(1)

where, ymax and ymin are the maximum and minimum of the points along the y-axis and xmax and xmin
are the maximum and minimum of the points along the x-axis. (xi, yi) is the original value of the ith
point, and (xi’, yi’) is the zoomed valued of the ith point. By generating a Delaunay triangulation
with the zoomed points, a set of connection rules for the points can be calculated. After this step,
by connecting the original points according to these connection rules, a new triangulation can be made,
as shown in Figure 5b. It is evident that Figure 5b is more consistent with the visual observation.
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2.4.2. Coordinate Transformation under Linear and Logarithmic Coordinates

In geochemistry, two types of coordinate are usually used: linear coordinates and logarithmic
coordinates [28]. As is well known, the visual effects vary with the types of coordinates, as shown
in Figure 6. Therefore, when using computer vision technology to plot the sample points, it is
necessary to take both linear and logarithmic coordinates into consideration. The method of coordinate
transformation is as follows: (1) when using linear coordinates to design a discrimination diagram,
the altered samples are directly projected onto a linear coordinate system, the boundary corner points
are then determined using the algorithm in Section 2.5, and finally, the confidence region is established
by connecting the corner points; (2) when using logarithmic coordinates for design, (a) a set of “pseudo
samples” is generated by calculating the logarithms of the altered data, (b) the pseudo samples are
projected onto a linear coordinate system, (c) the boundary corner points of the pseudo samples are
set according to the algorithm in Section 2.5, and (d) the real samples that correspond to the pseudo
boundary corner points are determined and connected to generate the confidence region.

Minerals 2019, 9, x FOR PEER REVIEW 6 of 27 

 

1

0.8

0.6

0.4

0.2

0
0 1 2 3 4 5 6 7 8 9 10

1

0.8

0.6

0.4

0.2

0

(a) Delaunay triangulation 
without coordinate transformation

(b) Delaunay triangulation with 
coordinate transformation

0 1 2 3 4 5 6 7 8 9 10
x x

yy

 

Figure 5. Delaunay triangulations generated before and after scale zooming. (a) Delaunay 
triangulation without coordinate transformation; (b) Delaunay triangulation with coordinate 
transformation. 

2.4.2. Coordinate Transformation under Linear and Logarithmic Coordinates 

In geochemistry, two types of coordinate are usually used: linear coordinates and logarithmic 
coordinates [28]. As is well known, the visual effects vary with the types of coordinates, as shown in 
Figure 6. Therefore, when using computer vision technology to plot the sample points, it is necessary 
to take both linear and logarithmic coordinates into consideration. The method of coordinate 
transformation is as follows: (1) when using linear coordinates to design a discrimination diagram, 
the altered samples are directly projected onto a linear coordinate system, the boundary corner points 
are then determined using the algorithm in Section 2.5, and finally, the confidence region is 
established by connecting the corner points; (2) when using logarithmic coordinates for design, (a) a 
set of “pseudo samples” is generated by calculating the logarithms of the altered data, (b) the pseudo 
samples are projected onto a linear coordinate system, (c) the boundary corner points of the pseudo 
samples are set according to the algorithm in Section 2.5, and (d) the real samples that correspond to 
the pseudo boundary corner points are determined and connected to generate the confidence region. 

(a) Sample points and boundary 
using linear coordinate

8

7

6

5

4

3

2

1

0

101

100

10-1

10-1                       100                        101

(b) Sample points and boundary using 
logarithmic coordinate

0         1         2         3         4         5          6         7         8 x

y

x

y

 

Figure 6. Generating boundaries of sample points with a linear coordinate and a logarithmic 
coordinate (the confidence coefficient is 0.85). (a) Sample points and boundary using linear 
coordinate; (b) Sample points and boundary using logarithmic coordinate. 

2.5. Confidence Region 

Figure 6. Generating boundaries of sample points with a linear coordinate and a logarithmic coordinate
(the confidence coefficient is 0.85). (a) Sample points and boundary using linear coordinate; (b) Sample
points and boundary using logarithmic coordinate.

2.5. Confidence Region

When determining the region of sample points, the most important issue is how to determine the
confidence coefficient and use the confidence coefficient to set a confidence region. In other words,
it is necessary to select the normal points to generate a triangulation mesh and remove the abnormal
(outlying) points. As Delaunay triangulation can maximize the minimum angle of a triangle, a data
elimination method is proposed based on the size of triangles to filter out abnormal sample points and
determine confidence regions. The flow chart is shown in Figure 7.

For a specific confidence coefficient, c, the algorithm removes the abnormal samples iteratively to
make the proportion of remaining samples meet c. A reduction ratio, s, and an adjustment factor of the
reduction ratio, e, are proposed to control the number of abnormal samples in each iteration. The value
of s determines the number of triangles that are filtered out in every iteration, and the value of e is used
to dynamically adjust the value of s to keep the algorithm from an endless loop.

After initializing the parameters, an initial Delaunay triangulation of the whole point cloud is first
generated. As mentioned above, Delaunay triangulation tends to produce equilateral triangles as much
as possible, and when there is an abnormal point, the corresponding triangle is large or spindly. By this
rule, the abnormal points are removed by eliminating the large and spindly triangles. The strategy
we take is to sort all the triangles by their longest lines from longest to shortest, and then remove the
first (1 − s) × 100% triangles. This process leaves some points isolated from the triangulation network,
and the isolated points are considered abnormal points that need to be removed. After removing the



Minerals 2020, 10, 62 7 of 25

abnormal points, a new Delaunay triangulation is generated with the remaining points; then, all the
points covered by this triangulation are identified as the remaining points of this iteration. If the
number of remaining points, N’, is equal to or less than N × c, then N’ can meet the requirement of c.
If not, the algorithm moves on to the next iteration.
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Figure 7. The process of selecting points according to the confidence coefficient.

It should be noted that the reduction ratio, s, should be close to 1. Therefore, when the algorithm
meets the inequality N’ ≤ N × c, it can be considered that N’ = N × c and the boundary of the current
Delaunay triangulation can be regarded as the boundary of the points under the confidence coefficient,
c. The boundary is the connection of some specific sample points. In addition, when the N’ in an
iteration equals the N’ in the last iteration, it means that s is too large to be used to filter the points.
In this case, the adjustment factor of reduction ratio, e, is applied to reduce the value of s.

Figure 8 is an example of using the iteration algorithm to calculate the confidence field. The value
of c is set to 0.85, the s is set to 0.95, and e is set to 0.05. In the first six iterations, the algorithm filters the
points with the initial parameters. At the seventh iteration, it can be seen that the N’/N ratio does not
decrease. Then, in the next iteration, the value of s is adjusted by e. Finally, the N’/N ratio reaches the
confidence coefficient at the 10th iteration. It should be noted that, generally, the N’/N ratio does not
exactly equal c but is an approximation because the number of samples is a discrete value.
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Figure 8. Example of using the iteration algorithm to calculate the confidence field. (a) Confidence
field of a set of points; (b) Iteration process of determining the confidence field.

2.6. Evaluation of Discrimination Diagrams

The effectiveness of a discrimination diagram is evaluated by the overlap rate. Regardless of
which type of coordinate system is used, low overlap represents high effectiveness. In this research,
the overlap is defined as follows: suppose that there are n types of samples in a discrimination diagram;
the overlap is given by: 

γi =
∑

j ∈ {1, 2, . . . , n}
j , i

A(Ri∩R j)
A(Ri)

, i =1, 2, . . . , n

γ = 1
n

n∑
k=1

γi

(2)

where Ri is the region of the ith type of samples, A(Ri) is the area of Ri, γi is the overlap rate of the
region of the ith type of samples and other types of samples, and γ is the overlap rate of the whole
discrimination diagram and is a value between [0,1]. Therefore, if the area of the overlap is large,
the overlap rate is large.

3. Experiment and Analysis

3.1. Data Collection and Preprocessing

The samples used in our experiment were 3803 gabbroic rock samples downloaded from PetDB [29]
and GEOROC [30] databases. All the samples were divided into three types: island-arc gabbroic
rocks (IAG), ocean-island gabbroic rocks (OIG), and mid-oceanic ridge gabbroic rocks (MORG).
The distribution of the samples is illustrated in Figure 9. The numbers of IAG, OIG, and MORG
were 743, 1668, and 837, respectively. Every sample contained data for 143 elements, including major
elements, trace elements, and isotopes. The original data were filtered as follows.
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First, all the data were transformed into the GEOROC format. Then, according to the names of
the rock samples, the volcanic rocks, mantle xenoliths, dunite, dolerite, pyroxenite, sedimentary rocks,
and metamorphic rocks were removed to ensure that remaining samples were gabbroic rocks, such as
gabbro, anorthosite, norite, essexite, and troctolite. After this step, the samples with SiO2 > 56 wt% or
SiO2 < 35 wt% were filtered out. Moreover, because the tectonic setting information for the samples
was ambiguous (some samples were labeled with geomorphologic terms, for instance, seamount,
submarine ridge, and convergent margin), we carefully checked all the samples according to the
locations, longitudes and latitudes, and the analytical results provided by the contributors, and then
divided them into the correct tectonic settings. In addition, it should be noted that we did not remove
the cumulate gabbroic rocks, altered samples, or contaminated samples. Further, considering that
there might be some uncertain influencing factors in the data set (for example, erroneous records),
the box-plot approach was used to remove the outliers and ensure that the remainder of the samples
accounted for 85% of the whole data set. Figure 10 shows the distributions of the remaining samples
on the plutonic Total alkali–silica (TAS) diagram.Minerals 2019, 9, x FOR PEER REVIEW 10 of 27 
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CaO (wt%) 11.4 12.1 12.0 Sr (ppm) 381 465 130 
MgO (wt%) 8.11 8.70 9.64 Y (ppm) 15.3 19.2 15.7 
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Figure 10. Plutonic TAS diagram (the boundaries are from Middlemost [31]).
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Some elements were not recorded for more than 40% of the samples, and we did not use them in
the experiment. After filtering, 26 elements, including SiO2, TiO2, Al2O3, FeOT, CaO, MgO, MnO, K2O,
Na2O, P2O5, Sc, V, Cr, Ni, Cu, Zn, Rb, Sr, Y, Zr, Nb, Ba, La, Ce, Nd, and Sm were selected. The means
and the standard deviations of the element contents for the three types of tectonic settings are presented
in Tables 1 and 2. In addition, the Mg# was calculated by Equation (3), and the result was 0.75.

Mg# =
MgO/40

MgO/40 + FeOT/72
(3)

Table 1. Mean element contents of island-arc gabbroic rocks (IAG), ocean-island gabbroic rocks (OIG),
and mid-oceanic ridge gabbroic rocks (MORG) samples.

Basic Elements IAG OIG MORG Basic Elements IAG OIG MORG

SiO2 (wt%) 47.9 46.5 49.6 Ni (ppm) 79.3 191 202
TiO2 (wt%) 0.933 2.17 0.812 Cu (ppm) 47.5 77.5 65.4

Al2O3 (wt%) 17.6 15.6 16.4 Zn (ppm) 77.0 75.0 52.7
FeOT (wt%) 9.10 9.78 6.81 Rb (ppm) 12.3 13.9 0.512
CaO (wt%) 11.4 12.1 12.0 Sr (ppm) 381 465 130
MgO (wt%) 8.11 8.70 9.64 Y (ppm) 15.3 19.2 15.7
MnO (wt%) 0.165 0.150 0.14 Zr (ppm) 44.4 111 31.3
K2O (wt%) 0.549 0.777 0.0762 Nb (ppm) 2.44 18.3 1.14

Na2O (wt%) 2.17 2.35 2.64 Ba (ppm) 157 181 9.59
P2O5 (wt%) 0.154 0.336 0.0890 La (ppm) 5.17 19.2 1.97

Sc (ppm) 39.1 28.1 33.9 Ce (ppm) 14.3 40.6 6.22
V (ppm) 261 269 177 Nd (ppm) 7.87 23.0 6.57
Cr (ppm) 272 468 300 Sm (ppm) 2.04 5.06 2.18

Table 2. Standard deviation of the element contents of IAG, OIG, and MORG samples.

Basic Elements IAG OIG MORG Basic Elements IAG OIG MORG

SiO2 (wt%) 3.67 3.25 2.63 Ni (ppm) 91.5 211 277
TiO2 (wt%) 0.695 1.50 1.14 Cu (ppm) 35.1 71.2 39.0

Al2O3 (wt%) 3.83 4.60 3.09 Zn (ppm) 39.2 39.0 31.7
FeOT (wt%) 2.83 3.55 2.42 Rb (ppm) 17.9 19.5 0.570
CaO (wt%) 2.69 2.97 1.87 Sr (ppm) 243 345 44.8
MgO (wt%) 4.17 5.20 3.44 Y (ppm) 9.06 13.5 16.0
MnO (wt%) 0.0581 0.05 0.06 Zr (ppm) 38.7 110 38.3
K2O (wt%) 0.666 0.90 0.13 Nb (ppm) 2.83 22.7 2.33

Na2O (wt%) 1.05 1.20 0.85 Ba (ppm) 144 191 7.78
P2O5 (wt%) 0.163 0.43 0.25 La (ppm) 4.93 21.6 3.58

Sc (ppm) 21.5 12.5 13.2 Ce (ppm) 15.0 46.0 12.1
V (ppm) 124 156 125 Nd (ppm) 5.99 25.2 12.8
Cr (ppm) 418 600 363 Sm (ppm) 1.48 4.85 3.57

3.2. Designation and Evaluation of Discrimination Diagrams

Through permutations and combinations, 650 (A2
26) element ratios were produced. Thus, there were

650 + 26 = 676 elements. Based on these elements, 227,825 (C2
676 − 650/2) element (element ratio)

pairs were found. Along with these pairs, there were two types of coordinate systems, so a total of
455,650 discrimination diagrams were designed and evaluated.

The parameters were set as follows: the confidence coefficient c was 85%, the reduction ratio
s was 0.095, and the adjustment factor of the reduction ratio e was 0.01. The evaluation processes
included four parts: (1) effectiveness of discriminating between IAG and non-IAG, (2) effectiveness of
discriminating between OIG and non-OIG, (3) effectiveness of discriminating between MORG and
non-MORG, and (4) effectiveness of discriminating among IAG, OIG, and MORG.
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3.2.1. Discrimination Diagrams for IAG and Non-IAG

By analyzing all the overlap rates in all the discrimination diagrams, the effectiveness of
discriminating between IAG and non-IAG was evaluated. The result showed that when using linear
coordinates, there were 795 discrimination diagrams and that when using logarithmic coordinates,
there were 260 discrimination diagrams whose overlap rates were less than 10%, and examples are
shown in Figure 11.Minerals 2019, 9, x FOR PEER REVIEW 12 of 27 
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Then, the word clouds of the top 20 elements (or element ratios) were produced according to
their occurrence frequencies in the 795 linear discrimination diagrams and 260 logarithmic diagrams,
as shown in Figure 12. It can be found from Figure 12a that Ba/Nb and Rb/Nb have the highest
frequencies of occurrence in the linear diagrams, meaning that the two elements (including element
ratios) have the most considerable effect on discriminating in linear cases. Similarly, Figure 12b indicates
that Nb/Ba and Ba/Nb are the most important elements (including element ratios) for discriminating
IAG and non-IAG using logarithmic coordinates.
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For further analysis, we counted the frequencies of occurrence of the basic elements by decomposing
all the element ratios, as shown in Figure 13. The result illustrates that Nb, Ba, Rb, La, and Sc have
the highest frequencies in linear cases, meaning that these five elements contribute the most to the
linear discrimination process; Ba, Nb, Sc, La, and Zn have the highest frequencies of occurrence in
logarithmic cases, meaning that they are the most useful elements for logarithmic discrimination.
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3.2.2. Discrimination Diagrams for OIG and Non-OIG

By analyzing all the overlap rates of OIG and non-OIG for all the discrimination diagrams,
the effectiveness of discriminating between OIG and non-OIG was evaluated. With the proposed
method, 276 linear discrimination diagrams and 82 logarithmic diagrams whose overlap was less than
1% were found. Examples are shown in Figure 14.
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The word clouds of high-frequency elements (including element ratios) are illustrated in Figure 15.
This figure indicates that Nb/Sc has a significant effect on discriminating between OIG and non-OIG
for linear cases, and the element ratios comprised of Na2O and Nb, Nb and Sm, Nb and Y are the most
important elements (and element ratios) for logarithmic cases.
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Moreover, by decomposing all the element ratios into basic elements, we find that Nb, Sc, Cu, La,
and Ce have the highest frequencies in linear diagrams and that Nb, Sc, Sm, and Na2O are the most
significant basic elements in logarithmic diagrams, as shown in Figure 16.
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discrimination diagrams.

3.2.3. Discrimination Diagrams for MORG and Non-MORG

By analyzing the overlap rates of MORG and non-MORG fields in all the discrimination diagrams,
the effectiveness of discriminating between MORG and non-MORG was evaluated. As a result, 276
linear discrimination diagrams and 1889 logarithmic discrimination diagrams whose overlap was less
than 1% were found. Examples are shown in Figure 17.
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The word cloud of the linear discrimination diagrams shows that Na2O/Ba has the most significant
effect on the discrimination process, as shown in Figure 18a; the word cloud of the logarithmic
discrimination diagrams indicates that the element ratio pairs comprised by Na2O and Ba, Na2O and
Rb are the most frequently occurring elements, as shown in Figure 18b.
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In addition, Figure 19 indicates that Ba, Na2O, Rb, Zn, and Sc contribute the most to linear
discrimination, and that Ba, Na2O, and Rb are the most effective elements in logarithmic discrimination.
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Combining Figures 21 and 22, it can be seen that (1) in linear cases, the element ratios of Nb and
Sc are the most significant contributors and that Nb, Ba, and Sc are the most significant basic elements,
while SiO2, K2O, Ni, Cu, La, and Ce also have certain effects on discrimination; (2) in logarithmic cases,
the element ratios of Nb and Sc and of Ba and Sc contribute the most to the discrimination process and
that Nb, Ba, and Sc are the most useful basic elements, while TiO2, Al2O3, FeOT, V, Cr, Ni, and Sr can
slightly help to discriminate among different tectonic settings.
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4. Discussion

4.1. The Use of Basalt in Discriminating among Different Tectonic Settings

Fundamental magmatic theory based on work with globally distributed basic rocks developed in
the 1920s–1960s [32]. In the 1970s–1980s, because of results from marine geology and the implementation
of deep-sea drilling projects and especially because of the establishment and improvement of the
theory of plate tectonics, magmatic petrology (especially the basalt theory) developed rapidly [33].
In magmatic petrology, basic rocks are the most profoundly studied type of rock, and their data
are available in great quantity with high quality. These studies established the foundation for the
method and standard of using basalt to discriminate among different tectonic settings and significantly
promoted the development of petrotectonics and geodynamics [33,34]. In the 1970s–1980s, with the
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rapid development of element analysis techniques, increasingly more major and trace elements could be
precisely measured, which led to many theories and methods of discriminating among different tectonic
settings with major and trace elements [35]. After Irvine and Barager [36] and Miyashiro [37] first
designed several discrimination diagrams with some major elements, a group of scholars represented
by Pearce summarized the relationship between the chemical components of basalts and tectonic
settings based on statistical methods and proposed many discrimination diagrams [37–53]. All these
achievements provided new approaches for research on plate tectonics and continental orogenic belts
and pushed the studies of basalt to a peak. Designing a discrimination diagram requires a large
number of samples. All the samples should be of high reliability and well-defined with their tectonic
information. Therefore, using discrimination diagrams should be treated seriously [35,49].

Many studies show that the combination of elements of rock can reflect tectonic settings.
Different tectonic settings correspond to diverse source and magmatic processes and different
physicochemical conditions, thus leading to the variations among the combinations of elements
(especially trace elements) of different tectonic settings. These studies provide the basis of designing
discrimination diagrams with major and trace elements [35,49,54]. In a discrimination diagram,
the regions of different tectonic settings are determined by many rock samples, and the samples should
have been well-studied and clearly labeled with their tectonic information. Therefore, it is necessary
to build a database for various rocks, especially for the well-studied and undisputed rock samples,
to improve the discrimination diagrams. For example, the granite discrimination diagram proposed by
Pearce et al. [27] is based on the trace element data of 600 precisely studied granite samples collected
from a database of chemical elements of rocks.

4.2. Using Gabbroic Rocks in Discrimination Tasks?

In petrography, gabbroic rocks are composed of light-colored minerals such as plagioclase and
the dark-colored minerals such as pyroxene, and olivine (and hornblende). The pyroxene includes
clinopyroxene and orthopyroxene. If a gabbroic rock is composed of only plagioclase and orthopyroxene,
it is a norite; if it is composed of only plagioclase and clinopyroxene, it is a narrowly defined as gabbro;
if it is composed of only plagioclase and olivine, it is a troctolite; if it is mainly composed of plagioclase,
it is an anorthosite [3,34]; if it is composed of plagioclase and hornblende, it may be a hornblende
gabbro or a diorite according to the composition of the hornblende. Therefore, the gabbroic rocks
sensu lato have a wide variety, and the chemical compositions of gabbroic rocks vary significantly.
Thus, using gabbroic rocks to design discrimination diagrams is challenging.

As a kind of intrusive rock, gabbroic rocks exist in two forms: (1) cumulate gabbroic rocks that have
a layered structure and (2) homogeneous gabbroic rocks that are composed of pyroxene and plagioclase,
which result from residual magma. The compositions of cumulate gabbroic rocks are significantly
different from those of basalts, while the compositions of homogeneous gabbroic rocks are generally
similar to those of basalts [16,17]. As a gabbroic rock can be mainly composed of either cumulate rocks
or residual magma, the compositions of gabbroic rocks are complex. The magmas that form gabbroic
rocks may have experienced crystallization separation processes and mixing processes. Therefore,
the basalt discrimination diagrams cannot always be applied to gabbroic rocks. Many researchers
have studied the tectonic settings of gabbroic rocks with basalt discrimination diagrams; however,
this application is not always suitable. Moreover, in the previous studies, there is no discrimination
diagram specifically for gabbroic rocks.

It is evident that cumulate gabbros cannot be projected onto basalt diagrams because their
compositions are distinctly different from those of basalts. For example, from the previous statistics,
the average content of TiO2 in MORB is 1.20–1.50%, the average content of TiO2 in IAT is 0.80%, and the
average content of TiO2 is OIB more than 2.00% [31,47]. Generally, the content in TiO2 of basalt is
seldom less than 0.5%. Andesite is different, and its content of TiO2 can be less than 0.5%. Moreover,
the content of TiO2 in boninite is less than 0.4% [55,56]. However, the content of TiO2 in gabbroic rocks
is generally low and can be as low as 0.2–0.3% [34]. This situation occurs because cumulate gabbroic
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rocks are mainly composed of cumulate minerals (olivine, pyroxene, and plagioclase) and interstitial
melts that cool in the spaces between cumulate minerals, but these cumulate minerals do not contain
Ti, and the Ti of gabbroic rocks mainly exists in the interstitial melts. However, the proportion of
interstitial melt in gabbroic rock is uncertain, making the content of Ti decrease in varying degrees.
If discriminating among different tectonic settings of gabbroic rocks with a basalt discrimination
diagram based on Ti, all the gabbroic rock samples would be determined as island arc rocks, which is
extremely unreasonable.

Some researchers think that homogeneous gabbroic rocks can be projected onto basalt
discrimination diagrams because their compositions are similar to those of basalts [57,58], which is not
entirely true. The texture characteristics of gabbroic rocks are that euhedral plagioclase and subhedral
pyroxene form a eutectic texture, while some homogeneous gabbroic rocks are composed of euhedral
plagioclase or euhedral pyroxene. Euhedral pyroxenes do not form a eutectic texture with euhedral
plagioclase but form by magma accumulation. Moreover, if the Mg# values of homogeneous gabbroic
rocks are more than 0.65–0.70, which is higher than the normal value in the primitive magma, the rocks
may be cumulates [3,33,34].

Therefore, one should be careful in using basalt discrimination diagrams with gabbroic rock
samples. If there is no alternative, it is better to use the fine gabbroic rocks on the boundary of a
gabbroic mass in a sill. This is because the cooling rate at the boundary of gabbroic rocks is faster than
those in other parts, and the magma may have solidified before fractional crystallization; thus, it may
have maintained the primitive composition of the magma. Moreover, the boundary of a gabbroic mass
may be easily contaminated by its surrounding rock, which affects the research.

Recently, Verma et al. [59], Agrawal et al. [60], and Verma and Agrawal [61] studied the tectonic
settings of basic and ultrabasic rocks (eruptive rocks and intrusive rocks) collected from the global rock
database and proposed 15 new multidimensional discrimination diagrams for a wide range of ultrabasic
to basic magmas to infer their tectonic settings from linear discrimination analysis. These diagrams
involve coherent statistical treatment of compositional data consisting of log-ratio transformation
as a fundamental requirement for such data handling [62–67] and have achieved positive results.
Figure 23 shows the results of projecting our samples onto the two diagrams proposed by Verma and
Agrawal [61]. The only common critical element between the two diagrams and our analysis is Nb.
It can be seen that these diagrams can barely distinguish IAG and MORG.
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adjust. The adjustment of the oxides refers to [68].
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4.3. New Gabbroic Rock Discrimination Diagrams

As mentioned above, the compositions of magmas vary across tectonic settings. Basalts can retain
more primitive characteristics of the magma because of their rapid cooling. Gabbroic rocks are easily
affected by fractional crystallization, so they cannot be projected onto basalt discrimination diagrams.
However, fractional crystallization cannot change all the compositions of magmas. Some elements,
especially element ratios, can still maintain some characteristics of the primitive magma, and this fact
is the basis of using gabbroic rocks to discriminate among tectonic settings. For example, one of the
important characteristics of island arc basalt is Th > Ta [46,49], and in the fractional crystallization
process, the crystallized minerals (olivine, pyroxene, and plagioclase) contain almost no Th and Ta.
Therefore, the value of Th/Ta in the remaining rock mass and cumulates after fractional crystallization
does not change substantially. As a result, a significant difference remains between the Th/Ta of
island arc cumulates and the Th/Ta of ocean island cumulates. Whether homogeneous gabbroic
rocks or cumulate gabbroic rocks, although the chemical composition can be changed, their tectonic
settings cannot be changed. In other words, only the composition and structure of the magma can
be changed. For instance, some basic geochemical characteristics of island arc cumulate gabbroic
rocks remain regardless of how the structure of the magma changes. Similarly, ocean island gabbroic
rocks and mid-oceanic ridge gabbroic rocks may retain the primitive information about their magma
sources. Therefore, finding the differences among them is the breakthrough of using gabbroic rocks to
distinguish different tectonic settings.

In this study, 3802 gabbroic rock samples were collected and filtered. Twenty-six basic elements
were used for analyzing and designing discrimination diagrams. The effectiveness of the diagrams
is summarized in Table 3. Through the proposed method, 455,650 discrimination diagrams were
designed and evaluated. Thousands of effective diagrams were found, and some of them are displayed
in Figures 11, 14, 17 and 20. Finally, four exemplary diagrams that can discriminate among IAG, OIG,
and MORG are presented. The main elements used in the four diagrams are La, Y, Nb, Ba, Sc, and Na.

Table 3. Summary of the important elements in different types of discrimination diagrams.

Type of
Coordinates

Type of
Important
Elements

IAG vs.
Non-IAG

OIG vs.
Non-OIG

MORG vs.
Non-MORG

IAG–OIG–
MORG

Linear
Elements or

element ratios Ba/Nb, Rb/Nb Nb/Sc Na2O/Ba Sc/Nb, Nb/Sc

Basic elements Nb, Ba, Rb Nb, Sc, Cu Ba, Na2O, Rb Nb, Ba, Sc

Logarithmic
Elements or

elements Nb/Ba, Ba/Nb
Na2O/Nb,
Nb/Na2O,

Nb/Sm, Sm/Nb

Na2O/Ba,
Ba/Na2O,
Na2O/Rb,
Rb/Na2O

Sc/Nb, Nb/Sc,
Sc/Ba, Ba/Sc

Basic elements Ba, Nb, Sc Nb, Sc, Sm,
Na2O Ba, Na2O, Rb Nb, Ba, Sc

4.3.1. La/Y–Nb/Ba Diagram

As illustrated in Figure 12, Nb/Ba is the most significant element in discriminating between IAG
and non-IAG. Ba is a large ion lithophile element (LILE), is soluble in water, and generally originates
from subduction zones; thus, it is enriched in island arc environments [34,40,41,48]. Nb is a high field
strength element and is depleted in island arc environments [34,40,41]. Therefore, the Nb/Ba of IAG
is less than the Nb/Ba of non-IAG. It can be calculated from Table 1 that the mean Nb/Ba of IAG is
0.008, the mean Nb/Ba of OIG is 0.091, and the mean Nb/Ba of MORG is 0.077. The value of IAG is one
order of magnitude lower than the values of OIG and MORG. Therefore, Nb/Ba can differentiate IAG
and non-IAG, as shown in Figure 24a. Due to the depletions in LREE in MORG, the enrichments in
LREE in OIG, and the high contents of Y in MORG, there is a distinct difference between the La/Y of
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MORG and the La/Y of OIG. As a result, the La/Y–Nb/Ba diagram can effectively discriminate IAG,
OIG, and MORG. It should also be noted that anorthosites may be an exception because plagioclase
enrichment affects the Barium amount for its partition coefficient.
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4.3.2. Nb/Sc–Sc/Ba Diagram

In previous studies, Sc has seldom been used for discrimination. Sc a rare earth element. It is a
high field strength element and is similar to V, Ti, and Cr in characters. Due to the high distribution
coefficient of Sc in pyroxene (Kd (cpx-basalt melt) = 1.31 [69]), in the fractional crystallization of
magmas, Sc mainly enters pyroxene and is rarely present in olivine. In MORG, Sc is enriched (the
mean is 30.6 × 10−6, Table 1), while in IAG and OIG, the contents of Sc are low (10–12 × 10−6, Table 1).
This contrast might occur because gabbroic rocks are mainly composed of cumulates (mean Mg# = 0.75),
so Sc enters the lattice of pyroxene and is removed by fractionation in island arc and ocean island
systems. Ba is an incompatible element; the contents of Ba in IAG and OIG are high (Table 1), and that
of MORG is extremely low (the contents of Ba in IAG, OIG, and MORG are 98 × 10−6, 140 × 10−6,
and 7.7 × 10−6, respectively, Table 1). Therefore, in Figure 23b, the value of Sc/Ba in MORG is the
highest (the mean is 4.0), while in IAG and OIG the values are 0.11 and 0.09, respectively. It follows that
Sc/Ba can discriminate between MORG and non-MORG effectively, as shown in Figure 24b. Moreover,
because of the depletion in Nb in IAG and the enrichment in Nb in OIG and the similar contents of Sc
in IAG and OIG, Nb/Sc can easily distinguish IAG and OIG.
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4.3.3. Ba/Nb–Ba/Sc Diagram

As explained above, the Sc/Ba value of MORG is small; therefore, the Ba/Sc value of MORG is
large. In addition, IAG is rich in Ba and poor Nb, while OIG is rich in both Ba and Nb. Consequently,
OIG and IAG can also be discriminated.

4.3.4. La/Na2O–Nb/Ba Diagram

Na is a large ion lithophile element (LILE) and is mainly present in plagioclase. Due to fractional
crystallization, the contents of Na2O in cumulate rocks are generally low. The contents of Na2O
in IAG, OIG, and MORG are also found to be similar. Therefore, the differences between La/Na2O
values of IAG, OIG, and MORG are mainly dependent on the values of La. In Figure 24d, La/Na2O is
mainly used to distinguish between OIG and MORG. OIG is rich in La, while MORG is poor in La.
Consequently, La/Na2O can discriminate between the two tectonic settings. IAG is extremely low in
Nb and rich in Ba; thus, the Nb/Ba value of IAG is significantly higher than the Nb/Ba value of OIG
and MORG. As a result, the La/Na2O–Nb/Ba diagram also has good performance in discriminating
among IAG, OIG, and MORG.

5. Conclusions

In this research, an automatic method for designing and evaluating discrimination diagrams is
presented based on topology theory. In the method, the sample points below a certain confidence level
are filtered from the whole dataset with the Delaunay triangulation technique; then, the confidence
field is determined by extracting the boundary of these points. To simulate the visual observation
process of designing diagrams manually, the necessity of coordinate transformation is discussed,
and several rules of coordinate transformation are proposed. Moreover, an evaluation method for the
effectiveness of discrimination diagrams is proposed with the concept of overlap. Based on the above
factors, a highly automated method is set up. The significant advantage of this method is that it allows
researchers to determine the optimal discrimination diagrams in an exhaustive way and provides an
evaluation criterion for the effectiveness of discrimination diagrams, allowing researchers to analyze
geochemical problems from the perspective of big data.

In the experiment, gabbroic rock samples were taken as subjects. The proposed method is applied
to a set of gabbro rock samples collected from the PetDB and GEOROC global rock databases, and very
satisfactory results are obtained. Although some explanations are provided in this paper, the research
is elementary, and further work is needed. For example, how Sc behaves in different tectonic settings is
unclear. Despite the insufficient explanation, the results of this research are credible because the study
is global, and the samples contain almost all the cases of different tectonic settings (with the exception
of continental gabbros).

Four gabbroic rock discrimination diagrams are recommended. These diagrams are suitable
for all types of gabbroic rocks: cumulate gabbro or homogeneous gabbro, altered or fresh gabbro,
and contaminated gabbro mixed with other components. Certainly, these results need to be further
tested in practice, and we hope that other discoveries can be made to improve the analysis of gabbroic
geochemistry and discrimination diagrams.
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