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ABSTRACT

ASSESSMENT OF DISCRMINATION OF MAFIC RO CKS USING TRACE
ELEMENT SYSTEMATICS WITH MACHINE LEARNIN G

Oztiirk Mehmet Sinan
Doctor of PhilosophyGeological Engineering
SupervisorAssoc. Prof. Drk aan Sayeét

December 201,294 pages

Having an important role in the elucidation of the evolution of ancient oceans and
related continental fragments, the determination of original tectonic settings of ancient
igneous rocks is an essential part bk tgeodynamic inferences. Geochemical
classification of mafic rocks is important for the tectanagmatic discrimination of
igneous rocks especially when geological information is insufficient as the link of the
igneous rocks to their original tectonic tsey had been erased due to large scale

events.

Starting from 1960s, first traditional methods (functions of elements or element ratios,
bivariate and ternary diagrams of elements or element ratios), and then, recently,
modern methods such as decisioms$tesupport vector machines, sparse multinomial
regression and random forest have been applied to develop teckgmoatic

discrimination methods.

The purpose of this study is to assess new and better classification methods which are
both statistically ath geochemically rigorous using trace element systematics with
decision tree learning, an effective machine learning method for classification. Dataset
included a large number of samples well distributed through different tectonic settings

(continental argscontinental withipplates, midoceanic ridges, oceanic arcs, oceanic



backarc basins, oceanic islands and oceanic plateaus) as classes. Data is gathered
from high quality articles which is known to follow accurate geochemical sampling
procedures and havtheir samples analyzed in internationally accredited and
trustworthy laboratories. Only element ratios have been used as features in order to

increase the successful applicability of constructed decision trees to external datasets.

With this study, succeful decision trees with their alternatives are proposed for the
tectonemagmatic discrimination between (1) subduction and -sudrduction
settings,(2) arcrelated andackarcrelatedsettings within subduction settings, (3)
oceanic arcs and continentatcs within arerelated settings, (4) oceanic and
continental settings within subduction settings, (5) oceanic arcs and oceanardmck
within subductiorrelatedoceanic settings, (6) midceanic ridges + oceanic plateaus
and oceanic islands + continenwathin-plates within nonsubduction settings, (7)
mid-oceanic ridges and oceanic plateaus within-sidoduction settings and (8)

oceanic islands and continentathin-plates within nonsubduction settings.

Keywords: Decision trees, machine learninggctonic discrimination, mafic rocks,

trace elements
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CHAPTER 1

INTRODUCTION

1.1.Purpose and Scope

The determination of original tectonic settings of ancient igneous rocks is an essential
part of the geodynamic inferences since it plays an important role in the elucidation
of the evolution of ancient oceans and related continental fragments. As a natural
consequence of plate tectonics, the Eart
cycles, which ends up with the destruction of oceanic lithosphere, and eventually the
collisional orogenesis. It is not surprising that these laogde events may have totally
erased the link of the igneous rocks to their original position/setting. The
fragmentation and slicing are very effective in the orogenic systems so that most
oceanie and continentlerived pieces occur as tectonic slices or blocks within the
subductioraccretion complexes and mélanges. Thus, teetoagmatic
discrimination of igneous aks, especially within such occurrences has always been
an important problem to solve when relevant geological information is insufficient. In
this regard, the geochemical features of rocks are of critical importance (Pearce and
Cann, 1973).

On the third pase of geochemistry, which begins with the development of new
qualitative and quantitative geochemical methods; new definitions, such as
abundance, accuracy, and precision, have been released and gained importance. The
true representation of rocks by gemple became much more critical along with these
definitions. Measurement of accuracy with the use of standard samples was probably
the first steps of todaydés quality assur
Shaw and Bankier (1954) emphasizedithportance of statistics in geochemistry as

the best technique for handling a large amount of geochemical data in the literature.



They applied several statistical evaluation methods suckiest Bnd modified-test
for the diabases from Ontario and sththat the application of statistical methods
could be very important for geochemists, especially related to the distributions of

observations in geochemistry.

The idea (Ahrens, 1954a, 1954b; Chayes, 1954) that deals with any connection
between the natureand chemical composition of rocks initially focused on the
distribution of elements within igneous rocks. Ahrens (1954a) examined the chemical
composition of diabases and granites from different locations such as New England
and Ontario with a wide range chemical properties and evaluated the frequency
distributions of thirteen elements (K, Rb, Cs, F, Sc, Zr, Cr, Co, La, Pb, Mo, Ga, and
V). He stated that the concentration of these elements showsariogl distribution

in a specific igneous rock; hemahey require logransformation in order to compare

the dispersion of different elements and make predictions about the nature of igneous
rocks. Chayes (1954), on the other hand, suggested thadtowl distribution would

only be possible for trace dminor elements but not for major elements in crystalline
rocks. Ahrens (1954b) presented more examples for the distributions of elements in
granites, diabases, and muscovites and emphasized three elements for granites: Ga
(small dispersion), Zr (moderathispersion) and Cr (extreme dispersion). Ahrens
(1954b) evaluated the distribution of elemental ratios (K/RRORIBO2 and Sr/Ca)

for the first time and also examined the relationship between the arithmetic
mean/geometric mean ratio and the magnitudéisgersion in order to support the

similar findings with the previous study.

Discrimination methods have not only been applied in order to discriminate original
tectonic settings of basalts and other volcanic rocks but for some other reasons such
as rock tassification (Kuno, 1960; Kushiro and Kuno, 1963; Streckeisen, 1967;
Wincheser and Floyd, 1977; Barker, 1988wart, 1982; Le Bast al, 1986), rock

series discrimination based on various factors such as alkalinity (Chayes, 1966; Irvine
and Baragar, 197 Miyashiro, 19%; Miyashiro and Shido, 1975; Eerillo and
Taylor, 1976; Floyd and Winchestdr975 Hastieet al, 2007), oceanicontinental



separation (Ahrens, 1954a, 1954b, Chayes, 1964, 1965; Chayes and Velde, 1965), and
nature of magma sources éPee and Stern, 2006). Apart from basic igneous rocks,
tectonomagmatic discrimination methods have also been applied for other type of
rocks such as intermediate or acidic rocks (Taylor and White, 1966; Arth, 1979;
Bailey, 1981; Pearoet al, 1984; Whalert al, 1987; Eby, 1992; Gorton and Schandl,
2000; Pandarinath, 2008; Verma al, 2012; Verma and Verma, 2013; Verma and
Oliveira, 2013; Vermat al, 2013; Vermaet al, 2015), or sedimentary rocks (Roser
and Korsch, 1986; Bhatia and Crook, 19&8nstrong-Altrin and Verma, 2005
Verma and Altrin, 2013 and Verma and Altrin, 2016). Rocks have also been
discriminated not only based on their geochemistry but on their mineralogy
(Morimito, 1988).

Kuno (1960) classified basaltic rocks under three groupseittes, highalumina
basalts, and alkali basalts. Kushiro and Kuno (1963), on the other hand, modified this
classification using mantle norm calculations and major element chemistry of rocks.
They plotted samples in binary diagrams of®K20 vs CaO+MgO ad NaO+K20

vs SiQ in order to discriminate different types of basalts from each other visually.
They did not consider the tectonic discrimination of igneous rocks but using binary
diagrams for the visual representation for classification of basalts dyather

researchers to apply similar methods in tectonic discrimination of igneous rocks.

The idea that the magmas from different tectonic settings such as volcanic arecs, back
arcs, ocean floors or withiplates may be discriminated through the differenoes

their chemistry was first pioneered by Pearce and Cann (1971, 1973); but before them,
Chayes and Velde (1965) had already attempted to distinguish two basalt types of
island arcs and ocean islands from each other just by using discrimination functions

of major elements (Verma, 2010).

The concept of tectoAmagmatic discrimination is simply based on the comparison
of previously determined element concentrations or ratios in the rocks of unknown

tectonic setting with those of known tectonic setting (Rearad Cann, 1973). Most



of these tectonomnagmatic discrimination methods have been designed for basic and
ultrabasic rocks with Sigx 52% (RiveraGomez and Verma, 2016). However, there
are also fewer diagrams for intermediate or acidic rocks with Si&2% or even
sedimentary rocks (Bailey, 1981; Bhatia, 1983; Bhatia and Crook, 1986; Roser and
Korsch, 1986; Gorton and Schandl, 2000; Detral, 2009).

From these methods, traditional tectanagmatic discrimination diagrams (bivariate

or ternary) are weknown and highly preferred by the researchers even today.
Especially, ternary diagrams have the major advantage of visualizing three variables
in two dimensions, providing visibility of relative proportions of all variables in a
single diagram (Verma, 2@). Usually, traditional discrimination diagrams are easy

to use; but, despite their advantage of visualizing capacity, they are considered to be
fairly inaccurate (Vermeesch, 2006a). Based on the application of traditional diagrams
to a variety of tectowisettings by several researchers (eg. Li, 2015), it was concluded
that they are not functioning effectively as they do not provide high success rates
(Verma, 2010), especially when used for tectommgmatic discrimination of
hydrothermally altered or highweathered rocks or of older, complex or transitional
settings (River&dGomez and Verma, 2016). There are also some inconsistencies
related to magma mixing, crustal contamination, degree of partial melting, and mantle
versus crustal origin (Verma, 2017Many discrimination diagrams are not
statistically rigorous for several reasons such as their decision boundaries are drawn
by eye (Vermeesch, 2006a). They violate the basic assumption of randomness and the
normal distribution of the plotted variables (Yfex, 2015). Another important defect

of these diagrams is the use of a limited database for the construction of these diagrams
(Verma, 2017). Diagrams are created using only a limited amount of samples of a
certain sampling area, which limits users to é¢fgsenly data from similar tectonic
settings. They can also discriminate only a few (two or three) tectonic settings
(Agrawal, 1999; Agrawal and Verma, 2007; Verma, 2010). The existence of
overlapped regions with combinations of two or more tectonic getim a single

decision field prevents a complete classification. Unclassified regions in ternary



diagrams are another problem, which returns no result for samples plotting on these
regions. For traditional discrimination diagrams, closure (constant suamather
problem (Chayes, 1960, 1971; Aitchison, 1983, 1984, 1986, Agrawal and Verma,
2007) and is not generally considered carefully (Chayes, 1971; Aitchison, 1986;
Woronow and Love, 1990). Diagrams are also vulnerable to the existence of missing

data agheir success ratio falls drastically (Vermeesch, 2006a).

Discrimination diagrams are highly preferred as they do not require complicated
discriminant methods. Since the first use of discrimination diagrams in order to
classify different tectonic settisgby Pearce and Cann (1973), a variety of
discrimination diagrams have been proposed by different authors. For having the
major advantage of their visualizing capacity in two dimensions, these diagrams have
been frequently used by both petrologists andpetnologist for many years (Verma,
2017). The researchers proposing the first tectonic discrimination diagrams in the
early 1970s, had access only to a limited number of trace elements that could be
analysed with analytical methods such asa}( Fluorescece Spectrometry (XRF)

and Instrumental Neutron Activation Analysis (INAA) with reasonable accuracy.
Mobile elements such as Rb, Ba, and Sr restricted or eliminated the use of these
diagrams for altered samples. However, with the development of indueteeiyled

plasma mass spectrometry (K8F5) in 1970s, it became possible to analyse a wide
spectrum of trace elements, with lower detection limits and higher analytical accuracy,
allowing researchers such as Pearce, Wood and Shervais to choose elemental
ratios/groups that best reflect the elemental fractionation for the crustal/mantle
processes operating within diverse tectonic settings. It has been approved that magma
compositions from different tectonic settings have a wide range of distributions. The
number of analyses of basalts has increased drastically obtaining researchers to have

access to a huge database of analytical data (Li, 2015).

Because of the continuous debate for the application of traditional discrimination
methods as a result of low sucseatios, researchers are encouraged to search for

newer robust discrimination methods such as advance of new-diménsional



discrimination diagrams, which is based on linear discriminant analysis (LDA)-of log
transformed ratios of major elements arnleécted relatively immobile major and trace
elements (eg. Agrawat al, 2004 using major elements; Veretaal. 2006 using log
transformed ratios of major elements; Agraeihl, 2008; Vermaet al.2011 using
log-transformed ratios of relatively immoeiltrace elements) or machine learning
methods such as decision trees (Vermeesch, 2006a), random forests, support vector
machines (SVM) or sparse multinomial regression (SMR) (Ueki, 2017) or
modification of existing traditional discrimination diagrams bylagtion of linear

discriminant analysis (LDA) (Vermeesch, 2006b).

For the development of multiimensional discrimination diagrams, compositional
data have been handled by some studies (Aitchison, 1981, 1983, 1984, 1986; Egozcue,
2003). These studies syested logratio transformation for the solution of problems
arising from compositional data. Caution is required while handling compositional
data through conventional statistical methods (eg. Pearson, 1897; Chayes, T9260; 19
Aitchison, 1983, 1984; 198&Rollinson, 1993, Egozcuet al, 2003; Pawlowsky
Glahn and Egozcue, 2006; Agrawal and Verma, 2007; Buccianti, 2013; Verma, 2015).
For statistical handling of compositional data, Aitchison (1981, 1984, 1986)
developed a solution in terms of k@nsforméon prior to the application of
conventional statistical tools (Vermet al, 2016). Later, Egozcuet al. 003)
provided another type of legtio transformation (Verma, 2015). Dasanormally
distributed as long as multivariate discordant outliersdatected and eliminated
(Verma, 2015). Additive logatio transformation of Aitchison (1981) was used by
several researchers (Verraaal, 2006; Agrawalket al, 2008; Verma and Agrawal,
2011) for basic and ultrabasic igneous rocks. Development of-dmmkinsional
discrimination diagrams generally follows the order of construction of training
databases, leatio transformations, discordant outlier detection and elimination,
application of statistical tests for the choice of elements, application ofvaulkite
technique of linear discriminant analysis, and determination of probalggd

tectonic field boundary equations. Probability values for individual samples were



calculated using methods of Agrawal (1999) and Verma and Agrawal (2011) and used
to decide the tectonic fields in which a given samplesi/derma, 2017). One of the
disadvantages of multlimensional discrimination diagrams is the use of complex
equations that have to be solved for these probability calculations. The development
of a mmputer program is necessary for an efficient, accurate and routine application
of these diagrams (Verne al, 2016).

Several discriminanfunction based mukilimensional discrimination diagrams
(Agrawal et al, 2004, 2008; Vermat al, 2006; Verma ah Agrawal, 2011) are
proposed to identify tectonic settings. These diagrams generally focused on the
discrimination of five tectonic settings: island arcs, continental arcs, continental rifts,
oceanic islands, and continental collisions (Verma, 2017).elrei@l, binary and
ternary discrimination diagrams are found to be less useful than-dimgnsional
diagrams (Verma, 2017; Gomez and Verma, 2016; Verma and Oliveira, 2015; Verma
et al, 2015; Li, 2015, Pandarinath, 2014; Pandarinath and Verma, 2013a¥eah

2012; Verma, 2010; Sheth, 2008). Indeed, Verma (2010) concluded that newer
methods such as the multidimensional diagrams worked satisfactorily with a high
success rate as a result of his evaluation of all discrimination diagrams through an
extensve database. The success rate of discrimination diagrams falls drastically when
used with granitic or felsic rocks and sedimentary rocks (RiGnaez and Verma,
2016).

Application of decision trees in the development of tectmragmatic discrimination
methods is limited to Vermeesch (2006a), which only discriminated three tectonic
settings (island arcs, migcean ridges and ocean islands). The use of mobile elements
and isotope ratios for decision trees decreased their efficiency and applicability.
Therebre, new decision tree alternatives are required using an extensive geochemical

database in order to discriminate a variety of tectonic settings (more than six).

This study focuses on finding a more effective way for the teetasmgmatic

discrimination mé&ods of basic igneous rocks (basalts, trachybasalts, picrobasalts,



foidites and tephrites/basanites). For this purpose, it is aimed first to assess the trace
element systematics of the basic igneous rocks from different tectonic settings. This
is followed by the integration of the decision tree algorithm on the selected
geochemical features of these rocks. Although the main focus 1eomatine rocks of

basic chemical composition, extensive external datasets of intermediate/acidic
igneous rocks (basaltimdesites, basaltic trachyandesites, phonotephrites, andesites,
trachyandesites, tephriphonolites, phonolites, trachytes/trachydacites, dacites and
rhyolites along with basalts, trachybasalts, picrobasalts, foidites and
tephrites/basanitesyealso be used order to evaluate the applicability of provided

decision trees for the more evolved compositions.

1.2.Review of TectoneMagmatic Discrimination Methods of Basic Igneous

Rocks

In order to discriminate basalts and other basic igneous rocks based on ¢jveal ori
tectonemagmatic settings, following the use of a single discriminating criteria of
elements (such as Chayes, 1964; Chayes, 1965) or functions with the combination of
elements (such as Chayes and Velde, 1965), the traditional discrimination diagrams
(bivariate or ternary) have first been proposed by several researchers (bivariate: Pearce
and Gale, 1977; Pearce and Norry, 1979; Shervais, 1982; Pearce, 1982; ternary: Pearce
and Cann, 1973; Peare¢ al, 1977; Wood, 1980; Mullen, 1983; Meschede, 1986;
Cabanis and Lecolle, 1989). Discriminating functions with a combination of elements

or element ratios have also been applied in traditional discrimination diagrams by

several researchers (Pearce, 1976; Butler and Woronow, 1986).

Traditional discrimination ikgrams are still in use for nearly four decades in order to
classify different tectononagmatic settings such as island arc, continental rift, ocean
floor, ocean island and migceanic ridge on the basis of their chemistry and their
effectiveness is frequntly tested and evaluated by many other researchers (Verma,
2010, 2016; Li, 2015; Gomes and Verma, 2016; Verma, 2017).



These diagrams have been followed by mdlilthensional discriminant function
diagrams with the implementation of statistical methodshsas logratio
transformation and linear discriminant analysis (Agragtadl, 2004; Vermeet al,
2006; Agrawakt al, 2008) or with the implementation of machine learning methods
such as decision tree learning (Vermeesch, 2006a) or support vectonesg@&\WM),
random forest and sparse multinomial regression (SMR) approaches gtUaki
2017).

1.2.1.Elements as Discriminating Criteria

Chayes (1964) and Chayes (1965) amap!lied

a discriminating criterion.

Chayes (196) searched through an extensive database of oceanic island basalts
(Atlantic, Indian and Pacific) and circumoceanic basalts (Japan, South Pacific, South
America, Central America, Mexico, Alaska and Aleutian Chain, Kamchatka and
Kurile Chain and Indonesian the basis of their chemistry and included 834 analyses

of oceanic and 1003 analyses of circumoceanic rocks.

He evaluated the sample distributions of Thorntottle index and proposed a
classification based on T#@ontent and the degree of alkalinftglative to SiQ@ and

Al203) and came up with a statement that oceanic basalts are normatively alkaline and
contain more than 1.75% Ti@ontent in discrimination of oceanic and circumoceanic

basalts from each other.

Chayes (1965) examined the distributiof elements for oceanic and circumoceanic
basalts and determined that the average: T@htent of circumoceanic and ocean
island basalts are 1.15% and 3.05% with respectively. Although there are similar

differences through other oxides, they are highlgrtapped.

He also stated that T¥rontent of rocks along with alkalinity is a discriminating

factor between oceanic and circumoceanic basalts with a discrimination value of



1.75%. Out of 360 circumoceanic basalts, 32 samples and out of 497 oceans; basal

29 samples have been misclassified based onclfitent.
1.2.2.Traditional Bivariate Diagrams

Traditional bivariate diagrams are generally based on immobile or high field strength
elements such as Ti, Zr, Nb, Y, and V, providing an advantage for thesemsgyr

be applied for discrimination of altered samples.

Pearce and Cann (1973) published a binary diagram in order to discriminate ocean
floor basalts, lowpotassium tholeiites and cadtkali basalts from island arcs using
Tiand Zr. The TiZr diagram Figure 1.1) is applicable to the altered samples. Ocean
floor basalts (regions B and D), leMvtholeiites (regions A and B) and cadékali

basalts (regions B and C) are discriminated with this diagram.

10000
Ti
(ppm)

C

50 160 150
Zr (ppm)

Figurel.1. Bivariate diagram of Ti versus Zr by Pearce and Cann (1973)
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Dilek and Furnes (2009) recently published another bivariate diagranvefslis Zr
(Figure 1.2) in order to discriminate arc tholeiites, boninites, andocednic ridge

basalts from ach other.
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Figurel.2. Bivariate diagram of Ti versus Zr by Dilek and Furnes (2009)

Pearce (1975) studied four suites of volcanic rocks in Cyprus to investigate their past
tectonic environments. Peard®{5) published a new tectonic discrimination diagram
based on Cr alongith Ti (Figure 1.3 as amodified version of Pearce and Cann
(1973). He studied volcanic rocks of Cyprus to understand the tectonic history of the
island. The Troodos Massif is an aplite complex with a sequence of, from bottom

to top (Moores and Vine, 1971), a plutonic complex (Bottcher, 1969), sheeted
intrusive complex, lower pillow lavas, upper pillow lavas and pelagic sediments
(Robertson and Hudson, 1973). These rocks haverésaaf both oceafloor and

11



islandarc. Pearce (1975) used 6 samples of lower pillow lavas, 13 samples of diabases

and 9 samples of upper pillow lavas from Troodos Massif in Cyprus.

Ocean Floor Basalts

‘IOOO_._._._._._ _._._._._._._._._._._._._.% _____________________________________
€
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e
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Island Arc Low-K Tholeiites
10 ‘
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Figurel.3. Bivariate dagram of Pearce (1975)

Pearce (1975) first applied-Er-Y and TiZr diagrams (Pearce and Cann, 1971, 1973)

in order to eliminate rock samples of witkprate origin. However, these diagrams are
not satisfactory enough to distinguish between odleam and volcanic arc settings.

As elements Sr, Rb, and K are highly affected by alteration, Pearce (1975) carefully
applied T+Zr-Sr diagram (Pearce and Cann, 1973). Most samples fall into-ioean
basalts; Senriched samples fall into islasadc field. Parce (1975) developed a new
discrimination diagram using elements Ti and Cr in order to distinguish -Bloean

and islandarc basalts. According to the-Tir discrimination diagram, the lower

12



pillow lavas and diabases of the Troodos Massif fall into bo#anfloor basalts and
island arc tholeiites, whereas the upper pillow lavas have low Cr concentrations
indicating an islandirc origin as previously defined by Miyashiro (1973). He used
samples from Pearce and Cann (1973) to construct a bivariate diafyiarcr in

order to discriminate ocedloor basalts (OFB) and island arc ldatholeiites (LKT).

The importance of Ti is its relative insensitivity to secondary processes (Cann, 1970).
Cr is also not largely affected by alteration (Bloxam and Levis2)18Ad a good

discriminator between ocean floor and islardbasalts Figure 1.3.

Pearce and Gale (1977) studied the tectonic environments of formation of
volcanogenic massive sulfide deposits and porphyry tin and copper deposits. They
considered stablérace element geochemistry of méi@salts in these deposits
(especially Ti, Zr, Y, Nb, Cr and rare earth elements) and suggested a bivariate
diagram of Ti/Y versus Z¥ (Figure 1.4 in order to discriminate two grouped tectonic
settings from each othesimg a dividing line; which are the combination of different
tectonic settings: plate margins including island arcs andocedn ridges (ocean

floor basalts) or withirplates including rifts and ocean island settings. This diagram

is analogous to the Hr-Y diagram of Pearce and Cann (1973).

Pearce and Norry (1979) used analysis data of HH&fh-Field Strength Elements)
along with Ti, Zr Y, and Nb fronmafic and volcanic rocks. By the comparison of the
results of these analyses, they published a newarigiination diagram using Zr/Y
ratioand Zr Figure 1.5. Thiselement ratio to element diagram has a logarithmic scale
in both axes and discriminated between islare MOR andvithin-platesettings. On

the diagram, Zr content increases from istandand midoceanic ridge towards
within-plate basalts. Islardrc basalts, though some overlap exists, have lower Zr and
Zr/Y ratio with respect to midcean ridge basalts. Alkali basalts both in foagan
ridges and withirplate regimes have the highest Zréfios. This element ratimtio

bivariate diagram is still widely applied for discrimination of these settings.
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Figurel.4. Bivariate diagram of Pearce and Gale (1977)
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Figurel.5. Bivariate diagram of Pearce and Norry (1979)
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Pearceet al. 1981) introduced a TZr diagram Figure 1. for the lavas of the Oman
ophiolite, using lower backrc spreading units and upper arc units. The diagram
discriminates whin-plate lavas, migbcean ridge basalts, and arc lavas from each
other. Pearcet al. 1981) used samples of various sources as Pearce (1980) and Aldiss
(1978). In the diagram, the field defined for ruidean ridge basalts is completely

intersected wittarc lavas and withiplate lavas.

Within-Plate Lavas
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1000 T
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Figurel.6. Bivariate diagram of Pearet al. (1981)

Pearce (1982) published three diagrams: a binary diagram of Nb/Y versus Ti/Y ratios
on a loglog scalgFigure 1.7) K2O/Yb versus Ta/Yb ratios on a lbog scale (Figure
1.8), and Ce/Yb versus Ta/Yb ratios on allogscale (Figure 1.9).
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Figurel.7. Bivariate diagrams of Peace (1982) using Ti/Y versus Nb/Y
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Figurel.8. Bivariate diagrams of Peace (1982) usin@Kb versus Ta/Yb
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Figurel.9. Bivariate diagrams of Peace (1982) using Ce/Yb versus Ta/Yb

Shervais (1982) useanalyses of Ti and V to construct a new bivariate diagram that
can discriminate four tectonic settings within both modern and ophiolitic lavas: ocean
basins, island arcs, baekc basins, and continental interiors. Shervais (1982) stated
that MORB has aniform distribution of Ti/V without difference betweerMORB

and EMORB, and also tholeiitic flood basalts can be discriminated from MORB
despite their similarity. Tholeiitic and alkali basalts plot in distinct fields with
minimum overlap, reflecting seval factors such as mantle sources, degree of partial
melting, and volatiles. Volcanic rocks from island-egtated settings may be divided
into three groups based on their alkalinity, and they show broad variations of Ti and
V. Basalts in baclarc basis show overlaps with MOR and island arc volcanic rocks.
These settings were discriminated by the Ti versus V diagram of Shervais (1982),

using equiTi/V boundaries drawby eye (Figure 1.10).
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Figurel.10. Bivariate diagram of Shervais (1982)

Pearce (1983) published two diagrams: a bivariate diagram of Ta/Yb versus Th/Yb
(Figure 1.11) and a bivariate diagram of \&rsus Zr/Y (Figure 1.12). Therst
diagram is quite similar to diagrams of Peagtal. (L981), discriminating arcelated
basalts from withirplate and miebceanic ridge basalts, using a similar structure of
enclosed regions. A somewhat similar version, but including Nb (instead of Ta) was
proposed by Pearce and Peate (1995). The second diagr#me, other hand, simply
discriminates continental arcs from oceanic arcs using a single line. Pearce (1983)
stated that continental arcs have a higher ratio of Zr/Y compared to oceanic arcs,

regardless of their Zr content.
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Figurel.11 Bivariate diagrams by Pearce (1983) using Ta/Yb versus Th/Nb
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Figurel.12. Bivariate diagrams by Pearce (1983) using Zr versus Zr/Y
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Pearceet al. 1984) published a bivatia diagram of Cr v3iO2 (Figure 1.13in order
to discriminate SSZ (supisubduction zone) ophiolites from MOR ophiolites. The
SSZ ophiolite mantle is generally more residual than that of MOR ophiolites. They

are derived by higher degrees of melting sirailar source or by similar degrees of
melting of a less fertile source.
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Figurel1.13. Bivariate diagram of Tigversus Cr by Pearcst al. 1984)

Dilek et al. 007), on the other hand, modified thisgteam and published another
bivariate diagram of Y versus Cr as tiagram (Figure 1.14) in ordey discriminate
between boninites, arc tholeiites and romkan ridge basalts from each other. Dilek
et al. 007) used magmas of Westdype ophiolites inorder to define regions of

MORB and lavas and dikes of the Eastgioe ophiolites in order to define regions
of island arc tholeiites and boninites.
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Figurel.14. Bivariate diagram of Y versus Cr by Dilekal. 007)

Hollocheret al. 012) published two bivariatkagrams (Figure 1.15 and Figure 1.16)

in order to discriminate migbceanic ridge basalts, ocean islands and a variety -of arc
type basalts from each other. Hollocle¢ral. 012) used the alysis results of the
samples from the Upper Allochthon metamorphosed igneous rocks of the
Scandinavian Caledonides in Norway over a large region with-deéthed but
discontinuous units, for which analysis data were taken from PetDB. Data were
filtered inorder to include only volcanic glass with a Sr@nge of 455%. Element
conversion using a conversion factor was applied in order to increase the number of
samples plotted in diagrams. The filtered dataset included 1.586am&hic ridge
basalts, 518 @eaniecarc and 1.793 continental arc, 1.021 alkaline arc, 958-aarck
basin, and 2.438 ocean island samples. Discriminant lines were drawn by eye with

wide overlapping fields.
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Figurel.15. Bivariate diagrms of Hollocher (2012) using La/Yb vs Nb/La
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Figurel1.16. Bivariate diagrams of Hollocher (2012) using La/Yb vs Th/Nb
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Saccani (2015) published a new bivariate tectonomagmatic discrimination diagram
using NMORB-normalized values of Th and Nb for the tectonomagmatic
discrimination of different ophiolitic basal(gigure 1.17. More than 2000 ophiolitic
basalts from ten different basalt localities were used in order to obtain this diagram.
The diagram is usddr discrimination of convergent and divergent plate settings from
each other and also discrimination of backs, subduction unrelated settings and

rifted margins, forearcs, intraarcs, island arcs and volcanic arcs.
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Figurel.17. Bivariate diagrams of Saccani (2015) using normalized values of Th versus Nb
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1.2.3.Traditional Ternary Diagrams

Traditional ternary diagrams, as in the bivariate diagrams, are also based on relatively
immobile elements such as Ti, &, Hf, Nb, Y, and V. The use of these elements in
discrimination diagrams is an advantage for the application of diagram for altered
samples and especially from older terrains (Verma, 2010). Ternary diagrams can also

be replaced by natural legtio bivarate diagrams (Verma and Agrawal, 2010).

Pearce and Cann (1973) used analyses for Ti, Zr, Y, Nb, and Sr in basaltic rocks from
different tectonic settings to construct their discrimination diagrams. The distinctions
between different tectonic settings imetdiscrimination diagram were obtained by
selected elements as axes instead of discrimination functions, used by Pearce and Cann
(1971). Presenday volcanic rocks are classified based on tectonic settings associated
with their eruption. They defined fouanajor groups: oceaftoor basalts as diverging

plate margins, volcanic arc basalts as converging plate margins;islzeahbasalts

and continental basalts as witiptate regimes. Pearce and Cann (1973) selected
randomly distributed rock samples fromokmn tectonic settings in a statistically
sufficient quantity. Samples were fresh, yet a small number was altered. Altered
samples were not involved in diagrams of Sr. The results of analyses from the
literature were also used when acceptable. A compaaitiomt of 20% > CaO+MgO

> 12% were used to select rock samples. Pearce and Cann (1973) used 72 samples of
ocean floor basalts from ocean ridges, 46 samples eKltholeiites, 60 samples of
calcalkali basalts and 9 samples of shoshonites from volaweg, 78 samples of
ocean island basalts from ocean islands and 35 samples of continental basalts from
continental settings for the construction of discrimination diagrams. Elements to be
used for discrimination were selected as (1) they have great@ai@toncentration,

(2) they are insensitive to secondary processes such as weathering and/or
metamorphism, (3) their analyses are reproducibl&rI¥ diagram Figure 1.18 is

first used to discriminate basalts erupted in both oceanic and continexiés. pl
Within-plate basalts (region A), calalkaline basalts (region B and C), ocean floor

basalts (region C) and let¢ arc tholeiites (region C and D) are discriminated through
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this di agr am. For t he rockplsaanep | lea&s anlotto
discrimination by the FZr-Y diagram, Pearce and Cann (1973) established another
ternary diagram using #r-Sr (Figure 1.19. Tectonic discrimination diagrams are

much more efficient when constructed based on stable elements as they are not easily
affeced by secondary processes such as weathering and metamorphism (Pearce,
1975). The discrimination diagrams of Pearce and Cann (1971, 1973) are highly
efficient for distinguishing magma types as they use stable elements Ti, Zr, Y, and

Nb. Cr is another faiyl stable element which is resistant to alteration (Bloxam and

Levis, 1972).
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Figure1.18. Discrimination diagrams of Pearce and Cann (1973) using FZ100:3
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Figure1.19. Discrimination diagrams of Pearce and Cann (1973) using TZ1-(8/2

Woodet al. (979) stated that discrimination using ®rY is problematic for magma
types erupted at tectonically anomalous ridge segments with respect to thosé erup
at normal ridge segments. They also stated that these discrimination diagrams: (1) fall
at the discrimination of tectonically different raidean ridge segments, and (2) are
restricted to a certain number of immobile trace elements detected-ray X
fluorescence (XRF). Wooet al. 1979) developed a new discrimination diagram
using different elements (Th, Ta, Hf) which can be efficiently detected by instrumental
neutral activation analysis (INAA). Woaet al. 1980) reconsidered the Hifth-Ta
diagram Woodet al, 1979) by using additiondata (Figure 1.20). Bthe addition of
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new data, Wooet al. 1980) modified the previous diagram so that it is possible to

discriminate cal@alkaline lavas from island arc tholeiites. Waaidhl. 1980) enlarged

somefields and modified boundaries.

Figure 1.20. Discrimination diagram of Wood (1980), modified after Wadal. 979) using Hf/3,
Th and Nb/16

Mullen (1983) divided the entire ternary field into six m@tg: oceafsland tholeiites
(region A), midoceanic ridge basalts (region B), island arc tholeiites (region C),
boninites (region D), calalkaline basalts (region E) and ocesiand alkali basalts
(region F) using basic and ultrabasic rocks from diffex@eanic tectonisettings

(Figure 1.21). Boninites acalcalkaline basalt fields are not divided from each other
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by a solid line. Since the diagram uses Mn, which is a relatively mobile element, it is

especially applicable for fresh samples.

TiOo,

100

0 10 20 30 40 50 60 70 80 90 100
MnO P,O;

Figurel.21. Discrimination diagram of Mullen (1983) using BLiMnO*10, BOs*10

Meschede (1986) published theMb-Y diagram (Figure 1.22) with suggestion for

two different types of oceattoor basalt as NVMORB and EMORB (also known as
P-MORB) and their discrimination from each other using immobile trace element Nb.
N-MORBs are depleted in incompatible trace elements, \MORBS are generally
enriched. Meschede (1986) used a ternary diagram of Zr/4, Nb*2( andrder to
discriminate four tectonic settings for basaltic rocWéithin-plate alkali basalts
(region A and B)within-platetholeiites (region B and D),-EKIORB (region C) and
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N-MORB (region E) are discriminated through this diagram. The fields fseth
settings were defined on the basis of 1800 analyses of modern basalts with a
compositional range between 12 and 20 for CaO + MgO. The fields are-plisitén

alkali basalts, withirplate tholeiites, BMORB, N-MORB, and volcanic arc basalts.

100
Zr/4

Figurel.22. Discrimination diagram of Meschede (1986) using 2*Nb, Zr/4 and Y

Cabanis and Lecolle (1989) used a comparatively small number of samples in order
to publish a tectonic discrimination diagram on a ternpftot of LaY-Nb
concentrationsKigure 1.23. The diagram is used for the discrimination between
volcanic arc basalts, continental basalts, and oceanic basalts. Volcanic arc basalts are

subdivided into two groups: ca#tkali basalts and islararc tholéites. The settings
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are defined in enclosed regions and there are regions where no tectonic setting is

provided.
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Figurel.23. Discrimination diagram of Cabanis and Lecolle (1989) using Y/15, La/10 and Nb/8

1.2.4.Traditional Diagrams with Discriminating Functions

Pearce (1976) performed linear discriminant analysis for major element oxides in
order to discriminate six tectonic settings from each other: ocean floor basalts, island
arc tholeiites, calalkali basals, shoshonites, ocedsland basalts, continental

basalts. A maximum number of 75 samples for each tectonic setting is selected from
different localities. Only analyses where CaO+MgO are between 12 and 20% are

selected. Only fresh samples were used. Haighed five discriminant functions
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(Table 1.1). based on major element oxides (DF1, DF2, DF3, DF4, and DF5) and
presented two discrimination diagrams based on-DF2 DF3 (Figure 1.24)and
DF1-DF3 (Figure 1.25).

Tablel.1. Discrimination functions used in diagrams of Pearce (1976)

Discrimination Functions

DE1 +0.0088SiQ@-0.0774TiQ+0.0102Ab03+0.0066Fe@.0017MgG0.0143Cae
0.0155Na0-0.0007Kk0O

DE2 -0.0130SiG-0.0185TiQ-0.0129A503-0.0134Fe@0.0300MgG0.02HM CaCG
0.0481Na0+0.0715k0

-0.221SiQ-0.0532TiQ-0.0361Ab0s-0.0016Fe@0.0310Mg(G0.0237Ca®

DF3 0.0614Na0-0.0289Kk0
-1.2
Shoshonitic
-1.31 basalts
~
c
o
*LC'J -1.44 Within plate
2 basalts Calc-alkali basalt &
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Figurel.24. Discrimination diagrams of Pearce (1976) using DF1 and DF2
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Figurel.25. Discrimination diagrams of Pearce (1976) using DF2 and DF3
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Butler and Woronow (1986) proposed an alternative approach to the tectonic

discrimination of igneous rocks by using principal compoeatysis. Tiey created

a bvariate graph which uses two principal components (Table 1.2) in the form of

functions of Ti, Zr, Y, and SfFigure 1.26) The settings discriminated in this graph

are similar to Pearce and Cann (1973), yet this graph is accepted to be more

mathematical with respect to the originalriY diagram.

Tablel.2. Discrimination functions used in diagrams of Butler and Woronow (1986)

Discrimination Functions

Score 1

0.3707T+0.0668Z2r0.398Y+0.83626

Score 2

-0.3376T+0.5602Zr+0.7397Y +0.1582Sr
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Figurel.26. Discrimination diagrams of Pearce (1976) using DF1 and DF2

Velikonslavinsky and Kykrylov (2014) published new tectenagmatic
discrimination dagrams Figure 1.27 for basalts from tectonic settings of islaaats,
within-plates, midocean ridges, and pestllisional settings using discrimination
functions [able 1.3. They used a database from global geochemical datasets such as
GEOROC, PetDBIGBA, RidgeDB. They used a twstage discrimination. At first
stage, they discriminate WPB, IAB and MOR creating discriminating functions with
combinations of elements including major oxides ¢SOz, Al20s, FeO* (total iron

in form of FeO), MgO, CaONaO, K20, P.Os, Rb, Sr, Y, Zr, Nb, La, Ce, Nd, Sm,

Eu, and Yb). At the second stage, PCB (basalts ofqmilssional setting) is separated

with discriminating functions by a combination of major oxides and minor elements
(Rb, Sr, Y, Zr, and Nb).
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Figure 1.27. Discrimination diagrams of Velikoslavinsky and Kykrylov (2014) using discrimination

functions of (A) by major element contents, (B) by inert minor element contents
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Table1.3. Discrimination functions used in diagrams of Velikoslavinsky and Kykrylov (2014)

Discrimination Functions by major element contents

-4.6761n(TiO2/SIO)+2.5330n(Al 05/SIOy)-
0.3884n(Fe:04/SiOy)+3.9688n(FeO/SiQ)+0.8980n(MNO/SOy)-

DFL | 5.5832n(MgO/Si0y)-0.2896n(Ca0/Siq)-
0.2704n(N2:0/Si0)+1.0810n(K0/Si0y)+0.1848n(P,05/SiO,)+1.5445
+0.6751n(TiO./SiOy)+4.5898n(Al,05/SIOy)-

oFp | 2.0897n(FeOJSIO)+0.8514n(FEO/SIQ)+0.4334n(MnO/SIO)-

1.4832n(MgO/Si0y)-2.3621n(Ca0/SiQ)-
1.6558Nn(Na0/Si0s)+0.675Tn(K20/Si0y)+0.4130n(P.0s/Si05)+13.1639

Discrimination Functions by inert minor element contents

DF1 | 0.3518n(La/Th)+0.601%(Sm/Th)1.3450n(Yb/Th)+2.1056(Nb/Th)-5.4763

DF2 | -0.308n(La/Th)-1.180In(Sm/Th)+1.618H(Yb/Th)+1.226n(Nb/Th)-0.9944

1.2.5.New Multi-Dimensional Diagrams with Discriminating Functions

Agrawal et al. 004) applied linear discriminant analysis in order to discriminate
Pliocene to recent basic rocks on the basis of their major element chemistry (Figure
1.28). Four tectonic settings were discriminated: island arc, continental rift, ocean
island, and miebceanic ridge. 1159 samples with Si€»ntent less than 52% were
selected for discriminant analysis. Field boundaries were derived by computing
probability fundions. Multrdimensional discrimination diagram of discriminant
functions DF1 and DF2 (Table 1.4) obtained a success ratio of 76% to 96%.
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Figurel.28. Representative discrimination diagram from Agragtall. 2004)

Tablel.4. Discrimination functions used in diagrams of Agraeishl. 004)

Discrimination Functions

+0.258SiQ+2.395TiQ+0.106AbOs+1.019Fe05-6.778MNnO+0.405MgO+

DFL | 0.119C20+0.071N®-0.198K0+0.061350:-24.064

+0.730SiQ+1.119TiQ+0.156AbOs+1.332Fe05+4.376 MnO+0.493MgO+

DF2 1 0.936Ca0+0.882N8-0.291K0-1.572R0s-59.472

Vermaet al. 006) published five new discriminant function diagrams (Figure 1.29)
based on extensive database represees of basic and ultrabasic rocks using
discrimination functions (Table 1.5). Tectonic settings discriminated are island arc,

continental rift, oceatsland, and miebceanic ridge. 2732 samples were selected and
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major element data was used for discriamhanalysis. The diagrams were obtained

after logtransformation. They also obtained a high success ratio between 82% to 97%.

8
CRB

+ |AB
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2 MORB

3 ; ! :
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Figurel1.29. Representative discrimination diagram from Veghal. 006)

Tablel.5. Discrimination functions used in diagrams of Veratal. 006)

Discrimination Functions

-4.6761n(TiO2/Si0,)+2.5330n(Al ,O5/SIOy)-
0.3884n(Fe:04/SiO,)+3.9688n(FeO/SiQ)+0.8980n(MNO/SiOy)-
0.5832n(MgO/Si0y)-0.2896n(Ca0/SiQ)-
0.2704n(Na0/SiOy)+1.0810n(K ,0/Si0)+0.1845n(P,05/SiOz)+1.5445

+0.6751n(TiO2/SiO)+4.5895n(Al ,04/SiOy)-
2.0897n(Fe:04/Si0y)+0.8514n(Fe0/SiQ)+0.4334n(MNnO/SiOy)-
1.4832n(MgO/Si0y)-2.3621n(Ca0/SiQ)-
1.6558n(NaO/Si0s)+0.675Tn(K20/Si0y)+0.4130n(P.0s/Si05)+13.1639

DF1

DF2
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Upon the problems in major and trace element based discrimination diagrams,
Agrawalet al. 008) published new discrimination function based diagrams focusing
on five trace elements (La, Sm, Y¥b, Th) and four logransformed ratios (La/Th,
Sm/Th, Yb/Th, Nb/Th). The tectonic settings discriminated are island arc, continental
rift, ocean island, and midcean ridges. A total of 1645 samples were selected for
linear discriminant analysis. Agrawplesented a multidimensional discrimination
diagram(Figure 1.30pased on discriminant functions of DF1 and @F&ble 1.6)n

which continental rifts and ocean islands are plotted in a single region when all four
tectonic settings are to be discriminatgdhe same time. They also presented four
diagrams discriminating three settings out of four each time: I1AB, OI, and CRB;
MOR, IAB, CRB; MOR, IAB, Ol and OI, CRB, MOR.

MORB

DF2 o-
CRB+OIB

-4+ |IAB

DF1

Figure1.30. Representative discrimation diagram from Agrawadt al. 008)
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Tablel.6. Discrimination functions used in diagrams of Veratal. 006)

Discrimination Functions

DF1 | 0.3518n(La/Th)+0.6013(Sm/Th}1.3450n(Yb/Th)+2.1056(Nb/Th)-5.4763

DF2 | -0.308n(La/Th)-1.180In(Sm/Th)+1.618H(Yb/Th)+1.226n(Nb/Th)-0.9944

Verma and Agrawal (2011) published new tectonic discrimination diagrams for basic
and ultrabasic volcanic rocKkgigure 1.31) They applied logransformation to five
HFSE: TiQ, Nb, V, Y, and Zr. The database was compiled from previous studies of
Vermaet al. 006), Agrawalet al. 004, 2008), and Verma (2010). 1877 analyses
were used for discriminant analysis. The tectonic settings discriminated are island
arcs, cotinental rifts, oceaslands, and mighcean ridges. Five HFSE elements and
their logtransformed ratios (Nb/Ti§) V/TiO2, Y/TiO2, and Zr/TiQ) were used in
discriminant functions obtaining success ratios between 80% and 94%. Verma and
Agrawal (2011) alsqublished one diagram in which continental rifts and ocean
islands are plotted on the same region and four diagrams their triple combinations of

four tectonic settings were discriminated separately.

1.2.6.Discrimination using Machine Learning Methods

VermeeschZ006a) used the decision tree learning method of machine learning and
built two decision trees in order to discriminate between three different tectonic
settings for basaltic rocks; mmtean ridges, ocean islands, and island arcs. He used
756 samples fronglobal geochemical datasets of PetDB and GEOROC with their
major and trace element and isotope ratio measurements in order to build decision
trees. The first tree uses all samples with all elements and isotope ratios {F3gure

The second one only usaltered samples and immobile elements, thus expected to be

resistant against weathering and/or metamorphism (Fib3®. He stated that the
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success ratio for the application of the decision tree reaches up to 89% for the first tree
and 84% for the seod tree.

CRB
N IAB | AB

o~

CRB+OIB

DF2 (IAB - CRB - OIB)

MORB

DF2 (IAB - CRB+0IB - MORB)

OIB

4 0 4 8 8 4 0 4 8

-8 -
DF1 (IAB - CRB+OIB - MORB) DF2 (IAB - CRB - OIB)

OIB IAB CRB MORB

DF2 (IAB - OIB - MORB)
DF2 (ICRB- OIB - MORB)

MORB OB

3 4 0 ] ; ! 4 0 s 8
DF2 (1AB- OIB - MORB) DF2 (CRB- OIB - MORB)

Figurel.31. Representative discrimination diagrams from Verma and Agretvedl 011)

Agrawal and Verma (2007), on the other hand, stated several problems for Vermeesch
(2006a): The datasetncluded major deficiencies, classification results are
irreproducible, reported success ratios are inaccurate, the criteria of classification is
not objective, comparison of classification tree with LDA is inadequate and inviolable

rules of multivariate rntare of geochemical compositions have been violated.
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Ueki (2017) applied three different machine learning techniques (support vector
machine, sparse multinomial regression, and random forest) in order to discriminate
magmas from eight different tectic settings using representative basalt compositions
from global geochemical datasets (PetDB and GEOROC). Data published before 1990
were eliminated in order to prevent analytical uncertainties, and outliers were
excluded. The samples from problematicaldtes such as Azores, the Galapagos,
Iceland, and Chile, etc) were eliminated. A total of 2074 samples were used for
discrimination. The tectonic settings to be discriminated are -Gackbasins,
continental arcs, continental floods, island arcs, {ioteanic arcs, migceanic
ridges, oceanic islands, and oceanic plateaus. For discrimination, 20 elements
including major elements (S¥OTiO2, Al20s, FeOs, CaO, MgO, N2O, K20), along

with selected trace element (Sr, Ba, Rb, Zr, Nb, La, Ce, Nd, Hf, Sn¥,Gth, Lu,

Ta, Th) and 5 isotopic ratioPbP%Pb, 2°PbPOPh, 2°%PbP4Ph, 8'SrfeSr and
143NdA*Nd) were used. Ueki used geochemical compositional data normalized using
a oneparameter BoxCox transform before the application of machine learning
algorithms. The performance of discriminations obtained by machine learning
techniques was evaluated by-fbdld crossvalidation. Ueki showed that modern
techniques of machine learning can be a better option for teotagmatic
discrimination of igneous oks having high success ratios for support vector machine,

sparse multinomial regression, and random forest.

These modern technigues of machine learning along with the traditional methods are
still being tested by other researchers (Verma, 2017; GomeéZeandh, 2016; Verma

and Oliveira, 2015; Vermet al, 2015; Li, 2015, Pandarinath, 2014; Pandarinath and
Verma, 2013, Vermat al, 2012; Verma, 2010; Sheth, 2008) and compared with

traditional discrimination methods (bivariate and ternary diagrams)
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CHAPTER 2

DATABASE AND METHODO LOGY

2.1.Data Gathering and Import

The complete database is compiled for 5,114 samples of mainly basic and to a lesser
extent ultrabasic igneous rocks from known locations of uncontroversial tectonic
settings from all over the world dirtde from published literature. The database
includes the articles generally published after 1995 (with some exceptions). The aim
isto include the chemical analyses with high precision and accuracy so that the ratios
would reflect the true fractionationteeeen the elements. Thisactually very critical,

since any false fractionation effect, which may have raised from analytical errors, have
the potential of misclassification of the data. Therefore, the datedasestructed on
high-quality data that t= reflects the true geochemical nature of the investigated

basic lithology.

The geology, lithology, mineralogy, and geochemistry of samples along with source
rock characteristics of each location are referred from the original articles. Global
geochenical databases such as GEORWMG@inz or PetDB are avoided in the
construction of the database as they have significant errors that may result in false

interpretations (Gomez and Verma, 2016).
2.2.Data Cleaning

The database initially included all available séesgrom related articles. However, a

variety of sampleareeliminated in threestages based on certain criteria.
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Initially, the problematic sampleare eliminated from the database. Some of the
problematic samples include namneous lithologies. Thesare characterized by
sedimentary or metamorphic samples, whete analyzed to get petrogenetic
inferences, such as skaerived contributions, nature of the source, crustal
contamination. Some other problematic samples, however, are characterized by
appaent numerical inconsistencies with the rest of the samples in the dataset, which
result in unrealistic element ratios. This problem can be related to analytical errors or
can be simply attributed to typos made during the preparation of the manuscliipt. If a
samples from a certain data source are problematic, then the datasoonagletely

removed from the database or transferred to another database.

On the second stage, the data clearssglely based on the rock type of samples. The
rock typeis evaluated by chemical classification using the plot of LeMaitre (1987).
Since this study intends to discriminate the basic rocks, the igneous varieties included
in the database are basalts, trachybasalts, picrobasalts, foidites, tephrites/basanites.
Apart from continental arcs, there is a vast number of basaltic rocks sampled from the
other tectonic settings. Continental arcs, however, include a somewhat limited amount
of mafic compositions. The reason is mainly that continental arcs have a thick
continentalithospheric cap, which increases the change of mafic magmas to interact
with the continental crust whose composition significantly differs from that of oceanic
crust (e.g. Davidsoat al.1989; Bryantt al.2006; Stern 2010). Thus, the increasing
interadion between continental crust and greater residence times of the magmas
within the crustal magma chambers results in the extensive fractionation of mafic
magmas, which in turn produces a significant amount of highly evolved varieties (i.e.
intermediate amh silicic members) (e.g. Wilson 1989). Therefore, for continental arcs
only, basaltic andesites and basaltic trachyandesites are also included in the database
in order to increase the number of samples for this tectonic setting, which allowed to
make a beer comparison by homogenizing the sample distribution. All other rock
types (i.e. intermediate and acidic varietiag eliminated from the database at this

stage.
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On the final stage, all samples with missing values for critical elerasggminated
from the database. The el ements, deter mi
Yb, Zr, Hf, Sm, Nd, and Ti@) which are selected due to their petrogenetic significance

in different tectonic settings (which will be explained in the following paragjaphs
2.3.Classes (Tectonic Settings)

Classes (target features) in the database are characterized by seven tectonic settings,
namely continental arc, continental witkprate (including continental rifts and
continental flood basalts), miocean ridge, oceanic @roceanic bachkrc basin,
oceanic island, and oceanic plateau. The classification is intended to include nearly all
the tectonic settings. The continental bac&s, howeverjs excluded due to the

limited number of samples available in the literaturejcwtconsiderably inhibits
evaluating their petrogenetic features for discrimination. The continentalaoesk
thereforeareignored here for the construction of discrimination methods.

Another issue related to the classesbout oceanic baercs. Oeanic backarcs
genetically stay in between the rodean ridges and arcs. They begin their life by
rifting of the arcs, which can be triggered by the slabbatik (e.g. Martinez and
Taylor, 2002; 2006). This processes result in extension and riftitigeadirc, as well

as the upwelling of the asthenosphere. This stage is accompanied by diffuse
magmatism (e.g. Todet al.2010). The rifting and thinning of the arc crust eventually
reach a point where the oceanic crust is generated and spreading stextshd hife

of an oceanic baekrc can be simply divided into two stages as rifting and spreading.
It is important to note that since the rifting baankcs are immature (i.e not evolved to
spreading stage), they display #ike geochemical characteristicThe spreading
backarcs, on the other hand, are mature, and they show geochemical features between
what is cdlylped iaBygd BOiRBudy, only spreading baaics
aretaken into account into the evaluation, since they represent thgdnchemical
nature of oceanic baekrc systems. Brief information about the tectonic settings

included in the classification is as follows:
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- Continental arcs represent divergent plate boundaries, where the oceanic lithosphere
is subducted beneath thentimental lithosphere. The generation of primary magmas
primarily occurs via fluxinduced melting and may be sourced from asthenospheric
and/or continental lithospheric mantle. The presence of continental crust may add

some chemical complexities to the iarderived magmas en route the surface.

- Continentalwithin-plate settings are away from the plate boundaries, and the
magmatism here does not involve any recent subduction contribution. The magmatism
can be induced by mantle plumes, which resultsominental flood magmatism or
occurs via rifting (can be associated with/without plumes), resulting in continental rift

magmatism.

- Mid-oceanic ridges represent divergent plate boundaries where the two lithospheric
are moving apart from each othA&rgreat amount of oceanic lithosphere is created at
mid-ocean ridges. The magmatism is generated by adiabatic decompression melting,
which mainly leads to large degrees of melting. While most of the magmatism occurs

at the axis, some appear to be coneeatt offaxis in the form of seamounts.

- Oceanic arcs are similar to continental arcs in that they also represent the convergent
plate boundaries, and subduction is involved. However, in oceanic arcs, the
subduction occurs beneath another oceanmdjphere, so the system is entirely
oceanic (i.e. the continental lithosphere is not involved). The melting is similarly
occurring through mainly the flusnelting. Oceanic arcs are relatively simple systems
compared to the continental arcs since they ddnobude continental crust in their

petrogenesis.

- Oceanic badlarcs are extensional systems created behind the arcs. They are
somewhat between miocean ridges and oceanic arcs. Mature {zack are
characterized by spreading, creating oceanic djthere like miebcean ridges.
However, because subduction is involved, unlike-padan ridges, they may have a
subduction component similar to oceanic arcs. Melting takes place viafluzed

melting and/or decompression melting.
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- Oceanic plateaus aammong oceanic withiplate settinggRichards et al., 1989)

They include a large volume of basaltic products, covering vast areas on the ocean
floor. The magmatism is believed to be created by decompression melting of large
plumeheads, which results the production of very large volumes of mafic magma

in a short period. They are somewhat similar to continental flood magmatism in this

respect.

- Oceanic islands are also oceanic witplate settings, like the oceanic plateaus
(Davies, 199Q)Oceanic ilnds are generally characterized by chains of volcanoes,
whose origins are generally thought to be linked to mantle plumes. Although oceanic
islands are mainly made up of voluminous mafic products, the size is not comparable

to those of oceanic plateaus.

Brief information (tectonic settings, number of compiled references, number of

locations, number of samples) is givernable 2.1

Table2.1. Brief Information on Tectonic Settings

Tectonic setting Number of Number of Number of
references locations samples

Continental Arcs 15 6 322
Continental WithirPlates 28 15 678
Mid-Oceanic Ridges 17 8 2,213
Oceanic Arcs 26 15 604
Oceanic BaclArcs 11 9 208
Oceanic Islands 15 11 715
Oceanic Plateaus 13 5 374
TOTAL 125 69 5,114

Several locations selected for database are Andes, Aeolian and Aegean Sea for

continental arcs, Africa, Brazil and Paraguay for continewni#hin-plates, East
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Pacific Rise, MidAtlantic Ridge, Indian and Atlantic Ridges for mideanic rilges,
Greater and Lesser Antilles, Mariana and Vanuatu for oceanic arcs, Manus Basin, Lau
Basin and Izu Bonin for oceanic baakcs, Hawaii, Iceland and Young Rurutu for

oceanic islands and Kerguelen, Ontong Java and Manihiki for oceanic plateaus.
2.4.Feature Selection

The database initially included all available information in related articles such as
major elements (SiTIO2, NaO, K20, FeO / Fgls, MgO, MnO, CaO, AlOs, P.Os),

minor and trace elements (Th, La, Nb, Y, Yb, Zr, Hf, Sm, Nd, Ce, Dy, Pr, EdQl6;d

Ho, Er, Tm, Lu, Pb, Rb, Sr, Ba, Cs, Ta, U, Sc, V, Cr, Ni, Cu, Co, Sb, Zn) and isotope
ratios £'SrFoSr, 143Nd/A4Nd, 2°PbPOPh, 20 PbP*4Phb, 298P b F%PD).

Although there are many elements available to consider, it is not so straightforward to
apgy all of them when the effects of alteration considered. Alteration of the igneous
rock can occur during weathering or metamorphism. The igneous rocks generated at
mid-ocean ridges, for example, start experiencing hydrothermal metamorphism
immediately afer their production at the ridge axis (e.g. Bach and-Biden 2010).
During this process, which may involve
oceanic crustal lithologies up to amphibolite facies (e.g. Seyéted.1991; Bach

and FruhGreen 2010). With the ongoing spreading, the effect of hydrothermal
metamorpism diministes as the lithologies are displaced away from the ridge axis.
Following this, the alteration continues, but under very-lemperature conditions

this time (lowT alteration/weathering). The altered oceanic crust can be further
modified duringsubduction (e.g. Pearce and Pea895; Spandleet al.2004). The
crustal lithologies undergo dehydration with increasing temperature, and they can be
metamorphosed, for example, under blueschist to eclogite facies following a cold

subduction.

Whethertis of continental or oceanic origin, old igneous rocks are likely to be altered.
In addition, as mentioned above, some lithologies may go through multiple stages of

alteration as the fate of subducted oceanic crustal rocks. The critical thing hete is tha
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the introduction of fluid phase may mobilize some elements, causing their loss or gain
in the host lithology. The mobilization is known to primarily effect the-lonic
potential elements, such as Rb, Ba, K, Si etc. In contrast, the elements with
intermediate ionic potential, like HFSE and RERare Earth Elemengre mainly
known to be fluidimmobile (e.g. Pearce 1975; Staudigehl.1996; Bach and Frih
Green 2010). Although the stability of the latter group of elements (HFSE and REE)
are mostly vall under weathering and legrade metamorphic conditions
(greenschist facies), their relative immobility have also been reported for-gigtukr
metamorphic conditions (i.e. amphibolite, blueschist, and eclogite facies; Spetndler
al.,2004; Johnet al.2010; Sayitet al.2016. Mobilization may cause significant
fractionation of the mobile elements (among themselves and/or relative to immobile
ones). Their use (either as absolute abundances or ratios) should be carefully handled
or avoided when making petyenetic inferences. Therefore, for altered rocks, the use
of fluid-immobile elements would be a better choice to infer pristine geochemical

features inherited from the protolith/original rock.

Considering the potential effects of mobilization on the aetteocks as explained
above, only the flulimmobile elementareconsidered in this study. It must be noted
that most major and minor elements are known to be mobile in fluids. The most
resistant ones appear to be Ti, Al, P, and Cr. However, apart fraimeTothers can

also be mobilized to some extent under hydrothermal metamorphism (Pearce 1975).
Thus, of these, only Tis included in this study as an element that can reflect the

pristine geochemical features under a broad spectrum of alteration @esditi

Isotope ratios are among the least used discriminators when taking into account the
tectonomagmatic discrimination methods published thus far. The only study in this
regard is that of Vermeesh (2006 who involved®’Sr£°Sr for the decisiotreebased
tectonomagmatic discrimination. Sr isotopic ratio, however, can be strongly affected
through interaction with seawater (e.g. Bathal.2003), which makes it a highly
unreliable discriminator. On the other hand, Nd and Pb isotopic ratios remain

unaffected upon interaction with seawater, thus they can act as better proxies for the
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tectonomagmatic discrimination. However, in spite of this petrogenetic superiority,
the higher analytical costs of isotopic systems make them less available for most
datasets. Also, ageorrection poses another problem. Since isotopic ratios can
significantly differ from the measured ones, this issue requires the precise age for
every sample included for the petrogenetic considerations. However, providing age
data for ever sample on the ancient rocks is a highly difficult job, especially regarding
the ones from the mélanges. Thus, although the isotopic ratios may serve some
invaluable information, their low applicability makes them less deserved features for

fingerprintingof the igneous rocks.

Another issue to be noted that absolute values of relatively immobile elearents
only used for calculation of ratios but not used in the construction of discrimination
methods. Thiss one of the critical points in this study eenthe Orange software is

not able to calculate the elemental ratios from the absolute abundances, which might
be suitable for the construction of decision trees. Thus, the consideration of elemental
ratios, which is believed to be of a petrogenetic sicguifce js devised and introduced
manually, not by the software. One of the advantages of using ratios over absolute
abundances is to minimize the effect of fractional crystallization (FC). Another strong
constraint comes from the fact that since the paming of fluid-immobile trace
elements is highly dependent on the residual mineralogy, they are powerful features
in reflecting petrogenetic characteristics, including the nature of mantle source region,
degree of partial melting, and contribution of duttion components (e.g. Pearce
1983; McKenzie and OO0ONions 1991; Weaver

Using element ratios instead of absolute abundances also increases the discrimination
ability of constructed decision trees as an element ratio would be much more
discriminating feature when compared to absolute abundance of each element used in
calculation of ratio (e.g. Th/Nb compared to Th and NHyre2.1).
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Figure 2.1. The difference between the discrimination potential of element ratios and their absolute

abundance

One of the problems when dealing with the datasdte missing data, which make
their use undesirable since this situation would caosa significant bias and
inconsistentiences in the tectonomagmatic discrimination. Thus, although they are
relatively immobile, the large amounts of missing data regarding the REE, Ce, Dy, Pr,
Eu, Gd, Tb, Ho, Er, Tm, and lareignored as they result the loss of huge amounts

of data. Selected relatively immobile elements are Th, La, Nb, Y, Yb, Zr, Hf, Sm, Nd
and TiQ. Selected relatively immobile elements are highly correlated with elements
ignored due to the large amount of missing data, therefa, alimination has no

negative effect on the performance of constructed dedisen Figure2.2).
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Figure2.2. Representative example to strong correlation betwekected relatively immobile elements
and elements eliminated due to high amount of missing data

Applied ratios of immobile elements are Th/Nb, La/Nb, Th/La, Zr/Hf, Zr/Nb, La/Y,
La/Yb, Nb/Y, Nb/Yb, Sm/Y, Sm/Yb, Nd/Zr, La/Sm, Sm/Hf, Y/Yb, Zr/Sm, Zr/Y,
Zr/Yb, Th/Y, Th/Yb, Sm/Nd, Sm/Nb, Zr/Ti§) Nd/TiOz, Nb/TiOz, TiO2/Y and
TiO2/Yb. An additional feature as Nb/Nb* is also added with a formula of

W T L WU
B X O T U
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2.5. Splitting Database

The database is first dividedto two datasets: TrainiAgst dataset and external
dataset. Then, trainiAgst dataset is randomly divided by Orange software as training
dataset and test dataset in proportions of 80% and 20%, with respectively. Training
dataset is the dataset usedthe construction of discrimination methods. The test
dataset is the dataset similar to training dataset and used for the initial test for the
performance of discrimination methods. The external dataset is the dataset different
than the training and testtdaets and used for the test for external applicability of

discrimination methods to different tectonic settings and locations all over the world.
2.6.Methodology (Decision Tree Learning)
2.6.1.Non-Mathematical Explanation of Decision Tree Learning

Data science ishe discipline of processing and analyzing data for the purpose of
extracting valuable knowl edge. The term
but became popular recently with developments in technology. Various domains such
as commerce, medicine, darresearch are applying dateven discovery and

prediction in order to gain some new insights, such as Google, which tracks user clicks

in order to improve its search engine results and ads.

Data science is the science of exploring data in order towiscseful patterns and

obtain valuable insights. The use of decision trees is one of the promising and popular
approaches of data science. Decision trees are simple but also successful techniques
for predicting and explaining the relationship betweenowarifeatures (such as
element concentration or ratio of element concentration) of an item (such as a rock)

and its target value (such as its tectonic setting).

Decision trees are mulfiurpose applications especially for classification problems as
they areself-explanatory and easy to follow, flexible in handling a variety of input
data, adaptable in processing datasets with errors and missing data, and useful for large

datasets. They are successful predictors for a relatively small computational effort.
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When a decision tree is used for a task of classification instead of regression, it is
generally defined as fdAclassification treeo.
object or an instant (such as a rock) into a predefined set of classes (swtbras te
settings) based on their attribute values (geochemical features such as element
concentrations or ratios of element concentrations). Decision trees have a typical
structure which is like a tree, starting with a root node and ending with leaf nodes
(Figure2.3).

CRITERIA 1 (FEATURE A <X) | Root node
True | False

|
| | CRITERIA 2 (FEATURE B <Y) | Branches

Leaf nodes | CLASS 1 True I | False
| CRITERIA 3 (FEATURE C<Z) |

True False
CLASS 2

Figure2.3. Structure of a decision tree

Decision trees are very popular techniques due to their simplicity and transparency. A
decision tree can lefined as a classifier as a recursive partition of the instance space
or as a predictor, h: XY, that predicts a label associated with an instance x following

a route from a root node to a leaf node. Y can be defined as classes, for this case, is
tectonic settings, such as rodeanic ridge, continental arc, continental witplate,

oceanic arcpceanic baclarc, oceanic island, oceanic plateau. X can be defined as
features, for this case, as ratios of certain relatively immobile elements. Decision trees

are widely applied to prediction problems.

The decision tree is made of nodes. The amounbdés depends on the factors such

as complexity of tree, size of tree. A node without any incoming edge is known as root
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node. Classification starts with root node. Nodes with one incoming edge and at least
two outgoing edges are called as either intemndke or test node. All other nodes are

called either leave or terminal node or decision node.

Depending on the level of depth, each internal node splits internal space into at least
two subspaces based on the result of a discrete function. At the endeof t
classification by a decision tree, each leaf is assigned to one class representing the

most appropriate target value.

Instances are classified by navigating from the root of the tree until a leaf node based
on the tests along the path, including rood®, each internal node and finally a leaf

node. Decision tree induction is closely related to rule induction. Each path from the
root of a decision tree to one of the leaves can be transformed into a rule simply by

combination ofll conditions along thesay.

Generally, decision trees that are not complex are preferred in order to prevent
overfitting. Tree complexity has a significant effect on accuracy. Complexity of a tree
can be measured by these metrics: total number of nodes, total number oftteaves,

depth and number of attributes used.

Decision tree learning requires three main components: task T, experience E, and
performance P. In this case, T is classifying rocks based on their tectonic settings, E
is the tectonic settings of rock samplesrairting set, and P is the percentage of

samples correctly classified.

The data used to train the model is called the training set. The training set is presented
in the form of a table, in which each row represents rocks, and each column represents
the featire of those rocks such as element concentrations or ratios of element

concentrations. One column, on the other hand, corresponds to the target attribute,

which is the tectonic setting of rock.

The concept of overfitting is essential for the success a$idectrees. If a decision

tree classifier perfectly fits training data but fails to classify external datasets

57



successfully, it Figure2.4)c Tdat meauds thatahe decidion tree i n g 0O

did not learnbut summarized the data. In the decision trees, overfitting is generally

observed as a result of too many nodes relative to the amount of training data.

Another concept is underfitting, on which decision tree fails both for the training data
and external ataset. In bigger trees, the classifier tends to overfit; yet in smaller trees,

there is a tendency of classifier towards underfittiigyre2.4).

A X A X
X X
X X X
X XXX X7y X X
XX X XX X
Underfitting Appropriate fitting Overfitting

Figure2.4. Underfitting and overfitting examples

However, the classification of all instances successfully is not possible of selected
feature space. Therefore, we have to restrict decision tree to a small portion of possible
solutions and to find the optimum size figcision tregFigure 2.5). The optimum

size for decision tree avoids both underfitting and overfitting.

Decision trees are one of the effective techniques for classification. They assure
computational feasibilityrad allow the representation of mutimensional decision
space as a twdimensional tree graph. Building a tree may seem to be complicated.

On the other hand, using a classification tree is extremely simple.
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Optimum model

Overfitting

External set

Prediction Error

e Traini. t
Underfitting raining se

Low Model Complexity High

Figure 2.5. Representation of optimum model based on prediction errors on training and external
datasets

2.6.2.Mathematical Explanation of Decision Tree Learning

Only brief informationis given for the mathematical explanation of decision tree

learning. Fodetailed information, Breimaf2017) shall be referred.

In a typical decision tree, a training set is introduced, and the goal is to form a
classification model to predict previously unseen samples, which are known as test set

or external set.

A training %t is denoted as S = B(Ay) where A denotes the set of input attributes
containing n attributes: A={a...,a ..., a} and y represents the class variable or

the target attribute. Attributes can be either nominal or numeric.

For a training set S with input attributest A = {al, a2, . . ., an} and a nominal target
attribute y from an unknown fixed distribution D over the labeled instance space, the

goal is to induce an optimal classifier with minimum generalization error.
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The generalization error is defined as theatassification rate over the distribution

D, which can be expressed by the equation

- 0"YYHO O aw & «O"YY @

h N
where L (y, DT(S), D) is the zero one loss function defined with equations

R . nQ@ O°YY w
0 WOYY w 0O OVY
The main goal is to induce the best classifrea set of classifiers that most accurately

classify the members of instance space.

An induction algorithm or simply inducer (also known as learner) is an entity that
obtains a training set and forms a model that generalizes the relationship between the

input attributes and the target attribute and to produce a classifier.

The notation DT represents a decision tree inducer, and DT(S) represents a
classification tree thas induced by performing DT on a training set S. Using DT(S),

it is possible to predidhe target value of a tuple,.XThis prediction is denoted as
DT(S)(%).

Suppose we have N data points with J dimensions, which can be expressed as
X={®w, éw, ém} (1 O n O N). All data "Ngoints bel
c | ék|| éaahd classification of these data points based on the classes is

expected by using J features. For this case, N represents the number of basic igneous

rock samples, J represents ratios of selected relatively immobile elements, K

represets tectonic settings as classes.

The basic idea behind classification trees is to approximate the parameter space by a
piece size constant function, in other words, to partioimto M disjoint regions
{R1, é . m, £ Rw}(Figure2.6).
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A partition is defined by two quantities at any stage of the recursive process: the split
variables j (1 O j-DO<J}) an®d)thd@hepbut pps
partition, where the node impurity«{) is minimum.
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Figure2.6. Representation of a decision tree in a-tlimensional graph
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Let pmk be the proportion of class k observations in node m, then

v Y n p N
This particular formbQm( T) i s call ed the AGI Nni i ndex of
partitioning process continues until alltheend des ar e fApureo i .e. all/l

same class. The maximum sized tree thus obtained perfectly describes the training
data. In other word$, has zero bias. However, for the purpose of prediction, this tree

IS not optimal, because it overfits the training data, causing high variance.

The tree with optimal predictive power smaller than the largest possible tree and
can be f o-compg!| byi igospr uni-cnaggmp IDeX ii tnye drhiet dircios
atree T as

S
e Y 60 Y 8 g%

with |T| the number of terminal nodes in Ty thhe number of observations in the mth

terminal node, & T) the fAnodedi mMpurdguwat idbenf iannd U a
par ameter . For a given U @ TUothatiminimizes possi bl e
cpAT) over all possible subtrees of the largest possible tree T

wi "Qa.Q¢,

Y "Yé "y We

Y

-

Repeating this procedurerfo a r ange of values 0 O U O b p
sequence of trees §JTu; ..., Tu mgdxExcept for To, these trees no longer have only

pure enenodes. Impure endodes are assigned the class that dominates them.

Prediction errors versus the numhsr nodes are plotted for each of the nested

subtrees.
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Trees with fewer nodes tend to have a larger bias. The smallest tree with
misclassification error not exceeding minimum misclassification error plus one

standard error is selected as the final decigmm
2.6.3.Evaluation of Decision Trees

Several indicatorareevaluated in order to determine and evaluate the quality of the
decision tree. Evaluation of the decision tree performance is a fundamental aspect of
data science and machine learning. The indusegives a training set as input data

and constructs a decision tree. Both the decision trees and inducer can be evaluated as

an evaluation criterion.
2.6.3.1.Generalization Error and Classification Accuracy

Let DT(S) be a decision tree for a training set S. Tdreegnlization error of DT(S) is

its probability to misclassify an instance selected from instance space.

The classification accuracy of a decision tree is one minus the generalization error,

and is the primary evaluation criteria for decision trees.

The trining error is defined as the percentage of correctly classified samples in the
training set. The training error can also be used instead of the classification accuracy,

but it can result in bias especially with an inducer with a risk of overfitting.
2.6.3.2 Alternatives for Accuracy Measurement

Precision is an alternative to measure the performance of decision tree. Precision

measures the number of positive samples also classified as positive by decision tree.
Precision = (True positive) / (True positive + Fgiesitive)

Another parameter is sensitivity (which is also known as recall), which is the ratio of

true positives to the total number of positives.

Sensitivity = True positive / Positive
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Generally, there is a tradeoff between precision and sensitivityné&ease in one
parameter results in a decrease in the aherfigure2.7). Theproblem, in this case,

Is known as multcriteria decision making, which can easily be solved by weighted
sum model. Using this teclgque, two criteria are combined into a single criterion by
using appropriate weighting. The basic principle is the additive utility assumption. The
F-measure can be calculated with the formula: F = 2.P.R /(P+R), which can also be
explained graphically af¢ difference between classification (false positive + true

positive) with actual (true positive + false negatiffeigure2.8).

Recall 4

P
-

Precision

Figure2.7. Graph of recall versuggcision

Classification

Figure2.8. Representation of false positive (FP), true positive (TP) and false negative (FN)
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The Fmeasure can have a value between 0 and 1. It obtains its highest value when
two sets (classifation and actual) are identical and the lowest value when they are

completely different.
2.6.3.3.Confusion Matrix

The confusion matrix gives information about the number of correctly and incorrectly
classified samples for each clagslfle2.2). A positive example, classified correctly

is defined as a true positive (TP), misclassified defined as false positive (FP).
Likewise, a negative example, classified correctly is defined as a true negative (TN),

misclassified definedsafalse negative (FN).

Table2.2. Structure of a confusion matrix

Predictive Negative Predictive Positive
Negative Examples A B
Positive Examples C D

Based on TP, TN, FP, FN; which are shown as c lmlirethe figure, with respectively;

several calculations can be made:

Accuracy is (a+d)/(a+b+c+d)
Misclassification rate is (b+c)/(a+b+c+d)
Precision is d/(b+d)

True positive rate (recall) is d/(c+d)
False positive rate is b/(at+b)

True negative rate (spéicity) is a/(a+b)

= =/ 4 A4 A4 A4 -

False negative rate is c/(c+d)
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2.6.3.4.ROC Curve

ROC (Receiver Operating Characteristiag)rve is another measure, which is the
graphical representation for the tradeoff between true positive angésitive rates
(Figure 2.9). The ideal point on the ROC curve would be (0,1) where all positive

examples are classified correctly, and no negative examples are misclassified.

True positive

rate A

1

0.8

0.6

0.4

» False positive
rate

1 0.2 0.6 0.4 0.2

Figure2.9. Graph of true posite rate versus false positive rate

2.6.3.5.Lift Curve

Lift is another popular method for the evaluation of probabilistic meth@agure
2.10). Lift is a measure of the effectiveness of a classification model calcalstbe
ratio between the results obtained with and without the model. Lift curves are visual
aids for evaluating performance of classification models. However, confusion matrix
evaluates models on the whole population, whereas lift curves evaluate a part o

portion of population.
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Figure2.10. Lift curve graph

2.6.3.6.Area Under Curve (AUC)

Area under curve (AUC) is a useful metric for the performance of classifier as it is not

affected by the imbalance of trainiegt. Therefore, it is more informative to evaluate

AUC instead of misclassification rate. It can be used to compare different models if

their ROC curves armtersecting figure 2.11). Bigger AUC is an indicator foa

better model.
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—— -
__________

p False positive

0.2 0.4 0.6 0.8 1.0

Figure2.11. Graph of true positive versus false positive
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2.6.4.Splitting Decision Trees

Decision tree induces generally split decision trees using univariate discrete splitting
functions. Inother words, an internal node is split according to the value of a single

attribute.
2.6.4.1.lmpurity -based criteria

Given a random variable x with k discrete values, distributed according to P = (p1, p2,
, pk), an i mpuritYy Rmetahsaur es aitsi saf ifeusn ctthieo

conditions:
A G (pP)oo.

A G (P) i msisuchithaticompanentpf=1.

A G (P) ibki maxiOGnuim @ fk, pi = 1/Kk.
A G (P) is symmetric with respect to compone
A G (P) is smooth (ndtSranfeer enti abl e everywher e

It should be noted that if the probability vector has a component of 1 (the variable x
gets only one value), then the variable is defined as pure. On the other hand, if all

components are equal the level of impurity reaches the maximum.

Givena training set S the probability vector of the target attribute y is defined as:

5 “Y ” “Y F‘B ” s % “Y
V] S i <
oA SRS

<

2.6.4.2 Information Gain

Information Gain is an impuritpased criterion that uses the entropy measure

(originating from informationtieory) as the impurity measure.
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Information gain is closely related to the maximum likelihood estimation (MLE),
which is a popular statistical method used to make inferences about parameters of the

underlying probability distributvn from a given dataset.
2.6.4.3.Gini Index

The Gini index is an impuritpased criterion that measures the divergences between

the probability distributionsfdhe target attributes values.
2.6.4.4.Gain Ratio

The gain ratio normalizes the information gain with this éqna

0¢ Q¢ T o DO WERY
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The information gain is calculated for all attributes. As a consequence of considering
only attributes that have performed at least as welhasverage information gain,

the attribute that has obtained the best ratio gain is selected. Quinlan (1988) has shown
that the gain ratio tends to outperform simple information gain criteria, both in
accuracy and in terms of classifier complexity. A pgnas assessed for the

information gain of a continuous attribute with many potential splits.
2.6.5.Stopping Decision Trees

A decision tree is grown until a stopping criterion is provided. The following

conditions are generally accepted and applied as effesttpping criteria:

1. Allinstances in each leaf of the training set are correctly clas¢ifeddnging
to the same class)

2. The maximum tree depth is reached.

3. The number of cases in the terminal node is less than the minimum number of
cases for parent nodes.

4. If nodesaresplit, the number of cases in one or more child nodes would be

less than the minimum number of cases for child nodes.
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5. The best splitting criterion is not greater than a certain threshold.
2.6.6.Pruning Decision Trees

If a constructed decision treesults in overfitting, then the pruning of decision tree is

applied, and the common method is ecsnplexity pruning.

Cost complexity pruning (also known as weakest link pruning or error complexity
pruning)proceeds in two stages (Breim&917). In theifst stage, a sequence of trees
TO, T1, ..., Tkis built on the training data where TO is the original tree before pruning
and Tk is the root tree. In the second stage, one of these trees is chosen as the pruned
tree, based on its generalization errotinegtion. The tree Ti+1 is obtained by
replacing one or more of the strees in the predecessor tree Ti with suitable leaves.
The subtrees that are pruned are those that obtain the lowest increase in the apparent
error rate per pruned leaf:

- 18000 RY - "AY
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where U (T, S) indicates the error rate of
denotes the number of leaves in T. Pruned (T, t) denotes the tree obtaineddiygepla

the node t in T with a suitable leaf. In the second phase, the generalization error of

each pruned tree is estimated. The best pruned tree is then selected. If the given dataset

is large enough, the authors suggest breaking it into a training set@oding set.

The trees are constructed using the training set and evaluated on the pruning set. On

the other hand, if the given dataset is not large enough, they propose usiRg cross

validation methodology, despite the computational complexity implication
2.6.7.Advantages and Disadvantages of Decision Trees
The main advantages of decision trees can be listed as:

1. They are selexplanatory and easy to follow. A decision tree can be easily
understood and followed by ngumofessional user.

2. They can handle both namal and numeric input attributes.
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3. Their representation is rich.

4. They can handle datasets with errors and missing data.

5. Decision trees are considered to be-panametric. In other words, they do
not include any assumptions about the spatial distributicabout classifier
structure.

6. Decision trees are simple as they only require to follow conditions along a

single path from the root to the leaf.
On the other hand, the disadvantages of a decision tree can be listed as:

1. They mostly require that the targétréouteto have only discrete values.

2. They show low performance when complex interactions are present.

3. They are ovesensitive to irrelevant attributes or to noises making decision
trees unstable. A minor change in one split may change everything from tha
split to the leaf nodes.

4. Missing data and errors can be handled, but extreme effort and attention are

required.

2.6.8.Application of Decision Tree Learning to TectoneMagmatic

Discrimination

Tectonemagmatic discriminatiomethods for mafiggneous rocks areoastructed

and suggested by using the Decision Tree Method in Orange (a free Data Mining
software) based on tectonic settings as classes and ratios of relatively immobile
elements as featurebBhe database is divided into three groups: Training dataset, te
dataset, and external dataset. The training dataset is used to construct the tectono
magmatic discrimination methods. The test dataset is used to run an initial control for
the quality of constructed trees. External datasets are used to check thal extern
applicability of constructed trees in varying conditions (such as geographical location,
geological setting, geochemical characteristics, geological age, alteration etc).
Multiple decision trees are constructed for the tectmagmatic discrimination of

basic andultrabasic igneous rockEigure2.12). First, subductiosrelated settingare
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discriminated from norsubductioarelated settings. Subduction settings are
continental arcs, oceanic arcs, and oceanic-back whereas nesubduction settings
are continental withiplates, midoceanic ridges, oceanic islands and oceanic

plateaus.

Three alternative decision trees are constructed for techagonatic discrimination
between subduction settings and +sabbducton settings. The first decision tree
involves only ratios of relatively immobile elements and has only one branch. The
second decision tree is a miitianched decision tree that involves ratios of relatively
immobile elements and also Nb/Nb* ratio. Elermmtios using Ti@ areeliminated

for the third decision tree to propose an alternative decision tree.

As the first alternative of tectormagmatic discrimination between subduction and

nonsubduction settings,@ecision stumps constructed.

Out of 2.62 samples (training and test set), 2.114 samples are used to construct the

decision tree, and 528 samples are used to test the decision tree.

Selected features are only element ratios of selected immobile elements (Th, La, Nb,
Y, Yb, Zr, Hf, Sm, Nd, TiQ). Absolute values of immobile elements are only used

for calculation of element ratios and then ignored in the construction of decision trees.

Out of selected element ratios (Th/Nb, La/Nb, Th/La, Zr/Hf, Zr/Nb, La/Y, La/YDb,
Nb/Y, Nb/Yb, Sm/Y, Sm/Yb, Nd/ZrLa/Sm, Sm/Hf, Y/Yb, Zr/Sm, Zr/Y, Zr/YD,
Th/Y, Th/Yb, Sm/Nb, Sm/Nd, Zr/Tig) TiO2/Y, TiO2/Yb, Nd/TiOz, Nb/TiCz), Th/Nb

Is the feature with highest information gain (0.528), gain ratio (0.264), and gini index
(0.276) (Table 2.3 for the tecbno-magmatic disgemination between subduction and

nonsubduction settings.

As the second alternative of tectemagmatic discrimination between subduction and

nonsubduction settings, a muliranched decision tree is constructed.
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Selected features are only element ratios of selected immobile elements (Th, La, Nb,
Y, Yb, Zr, Hf, Sm, Nd, TiQ). Absolute values of immobile eteents are only used

for calculation of element ratios and then ignored in the construction of decision trees.

Table2.3. Information gain, gain ratio and gini index of most discriminative features

Feature Information Gain | Gain Ratio Gini Index
Th/Nb 0.528 0.264 0.276
La/Nb 0.445 0.222 0.229
Sm/Nb 0.214 0.107 0.098
Zr/Nb 0.173 0.086 0.072
Sm/Hf 0.155 0.078 0.085

Selected ratios of relatively immobile elements are Th/Nb, La/Nb, Th/La, Zr/Hf,
Zr/Nb, La/Y, La/Yb, Nb/Y, Nb/Yb, Sm/Y, Sm/Yb, Nd/Zr, La/Sm, Sm/Hf, Y/YDb,
Zr/ISm, ZrlY, Zr/Yb, Th/Y, Th/Yb, Sm/Nb, Sm/Nd, Zr/TiQ TiO2/Y, TiO2/YDb,
Nd/TiO2, Nb/TiOz along with Nb/Nb* ratio.

As the third alternative of tectorrmagmatic discrimination between subductio a

nonsubduction settings, another mibbtianched decision tree is constructed.

Selected features are only element ratios of selected immobile elements (Th, La, Nb,
Y, Yb, Zr, Hf, Sm, Nd, TiQ). Absolute values of immobile elements are only used

for calaulation of element ratios and then ignored in the construction of decision trees.

Selected ratios of relatively immobile elements are Th/Nb, La/Nb, Th/La, Zr/Hf,
ZrINb, La/Y, La/Yb, Nb/Y, Nb/Yb, Sm/Y, Sm/Yb, Nd/Zr, La/Sm, Sm/Hf, Y/Yb,
Zr/ISm, ZrlY, Zr/Yb, Th/Y, Th/Yb, Sm/Nb, Sm/Nd along with Nb/Nb* ratio. Ratios
of relatively immobile elements including TiQZr/TiO2, TiO2/Y, TiO2/Yb, Nd/TiOz,

and Nb/TiQ) are ignored for the alternative decision tree.
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If this classification returns with a result of subdocirelated settings, then one of

two approaches would be selected.

At the first approach, the arelated settingsre discriminated from the baekrc

setting and then anelated settingarediscriminated from each other.

For discrimination of arc anblackarc settings, out of 668 samples (training and test

set), 535 samples are used to construct the decision tree, and 133 samples are used to
test decision tree. Later, for discrimination of oceanic arc from continental arc settings
within arcrelated amples, out of 562 samples (training and test set), 450 samples are

used to construct decision tree, and 112 samples are used to test decision tree.

At the second approach, oceanic settiaugsliscriminated from continental settings,

and then oceanic setgjsarediscriminated from each other.

For the discrimination of oceanic and continental settings, out of 668 samples (training
and test set), 535 samples are used to construct the decision tree, and 133 samples are
used to test the decision tree. Lafer, discrimination of oceanic arc from oceanic
backarc settings within samples of oceanic setting, out of 487 samples (training and
test set), 390 samples are used to construct decision tree, and 97 samples are used to

test decision tree.

If the classifiation returns with a result of neubductiorrelated settings, then first
mid-oceanic ridges and oceanic plateausdiscriminated from continental within

plates and oceanic islands.

If nonsubductiorrelatedsetting is either migceanic ridge or oceanplateau, then
theseare discriminated from each other. If it is either continental wiblete or

oceanic island, then theasediscriminated from each other.

For the discrimination ohon-subductiorrelated settings into two parts as mid
oceanic ridg and oceanic plateau as first part and continemithin-plates and
oceanic islands as second part, out of 1.974 samples (training and test set), 1.580

samples are used to construct decision tree, and 394 samples are used to test decision
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tree. Later, fodiscrimination of midoceanic ridges from oceanic plateaus within the
first part, out of 1.120 samples (training and test set), 896 samples are used to construct
decision tree, and 224 samples are used to test decision tree. For discrimination of
continental within-plates from oceanic islands within the second part, out of 854
samples (training and test set), 684 samples are used to construct decision tree, and

170 samples are used to test decision tree.
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CHAPTER 3

RESULTS

3.1.Constructed Decision Trees

Multiple sets of decision trees are constructed for the teattagmatic discrimination

for basic igneous rocks (1) between subduction (SUB) andsuabduction
(NONSUB) settings, (2) between arc apackarcrelatedsettings, (3) withinarc
related settings, (4) beveen oceanic and continental settings, (5) within oceanic
settings, (6) between minceanic ridge (MOR) / oceanic plateau (OP) and oceanic
island (Ol) / continentalithin-plate(CWP), (7) between MOR and OP, (8) between

Ol and CWP. Two multbranched dasion trees are constructed for each sets.

For the first decision tree, all element ratios are included as features; yet, for the second
one, TiQ-related ratios are not included in order to construct an alternative decision

tree.
3.1.1.Discrimination Between Subduction and Non-Subduction Settings

The first set of decision trees is constructed for the teatmsgmatic discrimination
between SUB and NONSUB settings. SUB settings are continental arcs (CA), oceanic
arcs (OA) and oceanic baekc basins (OBAB) wheredONSUB settings are MOR,

OP, Ol and CWP.

In addition to the decision trees, a decision stuRigufe 3.} is also constructed in
order to examine if it may result underfitting even when an effective discriminating
feature (e.g. Th/NDb) is applied. Nb/Nis4tio is not included in the construction of

decision stump.

The first decision tree has 4 levels in depth using Nblirst level, TiQ/Yb at the
second level, Zr/Nb at third level, and La/Nb at the fourth Ievigiufe 3.2. Nb/Nb*
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is an effective dicriminating feature due to the diverse betwawf Th and La relative
to Nb.The second decision tree has only 2 levels in depth, using Nb/Nb* at first level
and Nb/Y at the second levéligure 3.3) No further levels could be constructed for

further disrimination.

Decision rules for constructed deoisitrees are given in Figure 3.4, Figure 3.5 and

Figure 3.6 respectively.

Th/Nb < 0.161

NONSUB SUB

Figure3.1. Decision stump for discrimination between subduction angsnbducion settings

Nb/Nb* < 0.699

Ti02/Yb < 0.860 NONSUB

SUB Zr/Nb < 12.321

NONSUB La/Nb < 2.031

NONSUB SUB

Figure3.2. The first decision tree to discriminate between subduction andufmiuction settings
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Nb/Nb* < 0.699

Nb/Y < 0.850 NONSUB

SUB NONSUB

Figure3.3. The second decision tree toaiminate between subduction and reubduction settings

IF (Th/Nb < 0.161) :
Classification: Nonsub
ELSE :
Classification: Sub

Figure3.4. Decision rule for the decision stump

IF (Nb/Nb* < 0.699) :
IF (TiO2/Yb < 0.860) :
Classification: Sub
ELSEIF (Zr/Nb < 12.321):
Classification: Nonsub
ELSEIF (La/Nb < 2.031) :
Classification: Sub
ELSE :
Classification: Nonsub

Figure3.5. Decision rule for the first decisidree
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IF (Nb/Nb* < 0.699) :
IF (Nb/Y < 0.850) :
Classification: Sub
ELSE :
Classification: Nonsub
ELSE:
Classification: Nonsub

Figure3.6. Decision rule for the second decision tree

3.1.2.Discrimination Within Subduction Settings

The second set of decision trees is constructed for the tectagmatic
discrimination within subdumon-relatedsettings. Subductierelatedsettings are OA,
CA and OBAB {Table 3.).

I f the sample is either classified or
within subductiorrelatedsettings is required. Two alternative paths are provided a
this stage: discrimination between (1) arc dadkarcrelatedsettings, (2) oceanic

and continental settings.

Table3.1 Subduction settings

Subduction Settings Arc vs Back-Arc Oceanic vs Continental
Oceaic Back-Arcs Back-Arc
Oceanic
Oceanic Arcs
Arc
Continental Arcs Continental
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3.1.2.1.The First Path for Discrimination Within Subduction Settings

The first path involves twagtage discrimination within subduction settings: (1)

between arc anbackarcrelaedsettings, (2) withirarcrelatedsettings.

3.1.2.1.1Discrimination Between Arc andBack-Arc-Related Settings

Two decision trees are constructed for the tectnagmatic discrimination between
arc andbackarcrelatedsettings. Both decision trees have 5 lewéldepth. Thdirst
decision tree (Figure 3. ise Nb/Nb* at first level, Nd/Zr at the second level, aYQ
and Nd/TiQ at the third level, Y/Yb at fourth level and Zr/Hf at fifth level. The second
decision tree (Figure 3.8), on the other handNig@&lb* at first level, Nd/Zr at second
level, Zr/Hf and Zr/Nb at third level, Zr/Y and Y/Yb at fourth level and Nd/Zr and
Zr/Hf at fifth level.

Nb/Nb* < 0.500
I
I ]
ARC Nd/Zr < 0.138
I
| ]
TiO2/Y < 0.055 Nd/TiO2 < 9.907
| ' | | ' |
BACK-ARC ARC Y/Yb < 10.655 ARC
[ ' |
Zr/Hf < 27.143 ARC
|
[ |
ARC BACK-ARC

Figure3.7. The first decision tree to discriminate between atchatkarcrelatedsettings
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[ |
ARC Nd/Zr < 0.138

Zr/Hf < 31.613 Zr/Nb < 14.340

ARC BACK-ARC ARC Y/Yb < 10.655

Zr/Hf < 34.653 ARC

ARC BACK-ARC

Figure3.8. The second decision tree to discriminate between arbatehrcrelatedsettings

Decision rules for constructed decision trees are given in Figure 3.9 and Eiiyre

respectively.

IF (Nb/Nb* < 0.500} :
Classification: Arc
ELSEIF (Nd/Zr < 0.138) :
IF (TiO2/Y < 0.055) :
Classification: Back-Arc
ELSE :
Classification: Arc
ELSEIF (Nd/Ti0O2 < 9.907) :
IF (Y/Yb < 10.655):
IF (Zr/Hf < 27.143)
Classification: Arc
ELSE :
Classification: Back-Arc
ELSE:
Classification: Arc
ELSE:
Classification: Arc

Figure3.9. Decision rule for the first decision tree
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IF (Nb/Nb* < 0.500) :
Classification: Arc
ELSEIF (Nd/Zr < 0.138) :
IF (Zr/Hf < 31.613) :
Classification: Arc
ELSE:
Classification: Back-Arc
ELSEIF (Zr/Hf < 14.340) :
Classification: Arc
ELSEIF (Y/Yb < 10.655) :
IF(Y/Yb < 34.653):
Classification: Arc
ELSE:
Classification: Back-Arc
ELSE:
Classification: ARC

Figure3.10. Decision rule for the second decision tree

3.1.2.1.2Discrimination Within Ar c-Related Settings

Two decision trees are constructed for the tectoagmatic discrimination within
arcrelatedsettings (oceanic arcs and continental arcs from each other). Both decision
trees have 7 levels of depth. The first decision treau(Ei§.1) use Zr/TiQ at first

level, Th/Nb and La/Nb at second level, Nd/ZTi&nd Zr/Yb at third level, Zr/Tig)

La/Yb and Y/Yb at fourth level, Y/Yb, Sm/Hf and Zr/Hf at fifth level, Nb/Nb*, Zr/Sm
and La/Nb at sixth level and Nb/Y, Th/Y, Sm/Hf and Zr/Hf at sevédeniel. The
second decision tree (Figure 3)1&e Zr/Sm at first level, La/Nb and Sm/Y at second
level, Nb/Nb* and Y/Yb at third level, Th/La, Sm/Hf and Zr/Y at fourth level, La/Y,
Sm/Nd, Nb/Nb*, Sm/Hf and La/Nb at fifth level, Sm/Hf, Zr/Nb, La/Y, Th/Lada
Nb/Y at sixth level and Sm/Y, Nb/Nb* and Zr/Hf at seventh lefz&cision rules for

constructed decision trees are given in Figure 3.13 and Figure 3.14, respectively.
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IF (Zr/TiO2 < 66.310) :
IF (Th/Yb < 0.198):
IF (Nd/TiO2 < 9.058) :
IF (Zr/Ti02 < 49.014) :
Classification : OA
ELSEIF (Y/Yb < 10.513):
IF (Nb/Nb* < 0.385) :
IF (Nb/Y < 0.048)
Classification: CA
ELSE:
Classification: OA
ELSE:
Classification; CA
ELSE:
Classification: OA
ELSEIF (La/Yb < 2,195) ;
Classification : CA
ELSE :
Classification: OA
ELSE:;
Classification: OA
ELSEIF (La/Nb < 5.725) :
IF (Zr/Yb < 63.462) :
IF(Y/Yb < 9.089):
IF (Sm/Hf < 1.091):
Classification: QA
ELSEIF (Zr/Sm < 22.308) :
IF (Th/Y <0.022):
Classification: CA
ELSE:
Classification: OA
ELSE:
Classification: CA
ELSEIF (Zr/Hf < 35.657):
Classification; OA
ELSEIF (La/Nb < 3.254) :
IF (Sm/Hf < 1.410} :
Classification: CA
ELSE:
Classification : OA
ELSEIF ( Zr/Hf < 37.233):
Classification: OA
ELSE:
Classification: CA
ELSE:
Classification: CA
ELSE:
Classification: OA

Figure3.13. Decision ruldor the first decision tree
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IF{Zr/Sm < 22.480) :
IF (La/Nb < 4.930):
IF (Nb/Nb* < 0.403) :
IF {Th/La < 0.083) :
IF (La/Y < 0.291):
Classification: CA
ELSE:
Classification: CA
ELSEIF (Sm/Nd < 0.247) :
IF (Sm/Hf < 1.731) :
Classification: OA
ELSE:
Classification: CA
ELSEIF (Zr/Nb < 39.773) :
Classification: OA
ELSEIF (Sm/Y < 0.121) :
Classification: OA
ELSE:
Classification: CA
ELSE:
Classification: CA
ELSE:
Classification: OA
ELSEIF {(Sm/Y < 0.129) :
IF(Y/Yb <10.248) :
IF (Sm/Hf < 1.091) :
Classification: OA
ELSEIF (Nb/Nb* < 0.385):
IF {La/Y < 0.268) :
IF (Nb/Nb* < 0.373):
Classification: OA
ELSE:
Classification: CA
ELSE :
Classification: CA
ELSE:
Classification: CA
ELSEIF (Sm/Hf < 1.533) :
Classification: OA
ELSEIF (Sm/Hf < 1.581) :
Classification: CA
ELSE:
Classification: OA
ELSEIF (Y/Yb < 9.967):
Classification: CA
ELSEIF {Zr/Y < 5.280) :
IF (La/Nb < 2.932) :
IF(Th/La < 0.128):
Classification: CA
ELSE:
Classification: OA
ELSEIF (Nb/Y < 0.065) :
Classification: OA
ELSEIF (Zr/Hf < 38.023)
Classification: OA
ELSE:
Classification: CA
ELSE:
Classification: CA

Figure3.14. Decision rule for the second decision tree
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3.1.2.2.The Second Path for Discrimination Within Subduction Settings

The second path involves tvabage discrimination within sdioiction settings: (1)

between oceanic and continental settings, (2) within oceanic settings.

3.1.2.2.1 Discrimination Between Oceanic and Continental Settings

Two decision trees are constructed for the tectmagmatic discrimination between
oceanic and continertsettings. Both decision trees have 7 levels of depth. The first
decision tree (Figure 3.15) use Sm/Yb at first level, Nd/Zr at second level, Th/Nb and
Y/YDb at third level, Zr/TiQ, La/Nb, Nb/Nb* and La/Sm at fourth level, La/Nb, Nd/Zr
and Nb/Yb at fifthlevel, TiG/Y, Nb/Nb* and Th/Nb at sixth level and Zr/Hf and
Th/La at seventh level. The second decision tree (Figure 3.16) use Sm/Yb at first level,
Nd/Zr at second level, Th/Nb and Y/Yb at third level, Th/La, La/Nb, Nb/Nb* and
La/Sm at fourth level, SmAINd/Zr and Nb/Yb at fifth level, La/Nb, Nb/Nb* and
Th/Nb at sixth level and Nb/Y, Zr/Hf and Th/La at seventh level. Decision rules for

constructed decision trees are given in Figure 3.17 and Figure 3.18, respectively.

3.1.2.2.2 Discrimination Within Oceanic Settings

Two decision trees are constructed for the tectoagmatic discrimination within
oceanic settings (oceanic arcs and oceanic-beclbasins from each other). Both
decision trees have 6 levels of depth. The first decision tree (Figureu3eLIn/Nb

at first level, Sm/Yb and Zr/Hf at second level, La/Nb and Th/Nb at third level,
Nb/Nb*, Nd/Zr and TiQ/Yb at fourth level, Nb/Nb* and Zr/Hf at fifth level and Y/Yb

and Nb/Yb at sixth level. The second decision tree (Figure 3.20) use Th/Nb at first
level, SmiYb and Zr/Hf at second level, La/Nb and Th/Nb at third level, Nb/Nb*,
Nd/Zr and La/Sm at fourth level, Nb/Nb* and Sm/Y at fifth level and Y/Yb at sixth
level. Decision rules for constructed decision trees are given in Figure 3.21 and Figure

3.22, respectiely.
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IF (Zr/Y < 3.815):
IF (La/Nb < 5.592) :
IF (Zr/Nb < 38.704} :
IF (Zr/Y < 2.831):
Classification: Oceanic
ELSEIF (Y/Yb < 10.248) :
IF (La/Yb < 2.975) :
Classification: Continental
ELSE:
Classification: Oceanic
ELSE:
Classification: Oceanic
ELSEIF (Nd/TiO2 < 9.242) :
IF (TiO2/Y < 0.037):
Classification: Continental
ELSE :
Classification: Oceanic
ELSEIF (Nb/Nb* < 0.236) :
IF(Y/Yb<9.677):
Classification: Continental
ELSE:
Classification: Oceanic
ELSEIF (Sm/Hf < 1.389) :
Classification: Oceanic
ELSE :
Classification: Continental
ELSEIF (Nd/TiO2 < 9.720) :
Classification: Oceanic
ELSEIF (Y/Yb < 10.201) :
Classification: Continental
ELSEIF ( Zv/Y < 5.444) :
IF (Zr/Hf < 37.714) :
Classification: Oceanic
ELSEIF (Nd/TiO2 < 13.649) :
Classification: Oceanic
ELSE:
Classification: Continental
ELSEIF (Sm/Hf < 2.419) :
Classification: Continental
ELSE:
Classification: Oceanic

Figure3.17. Decision rule for the first decision tree
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IF (Zr/Y < 3.815):
IF (La/Nb < 5.592);
IF (Zr/Nb < 38.704) :
IF (Zr/Y < 2.831):
Classification: Oceanic
ELSEIF (Y/Yb < 10.248) :
IF (La/Yb < 2.975) :
Classification: Continental
ELSE :
Classification: Oceanic
ELSE:
Classification: Oceanic
ELSEIF (Sm/Y < 0.124) :
Classification: Oceanic
ELSEIF (Nb/Nb* < 0.236) :
IF (Zr/Y < 3.487):
Classification: Oceanic
ELSE :
Classification: Continental
ELSEIF (Zr/Hf < 41.429):
Classification: Continental
ELSE :
Classification: Oceanic
ELSEIF (Nd/Zr < 0.111):
Classification; Oceanic
ELSEIF (Y/Yb < 10.201) :
Classification: Continental
ELSEIF ( Zr/Y < 5.444) :
IF (Zr/Hf < 37.714) :
Classification: Oceanic
ELSEIF (La/Nb<2.829):
Classification: Oceanic
ELSE:
Classification: Continental
ELSEIF (Sm/Hf < 2.419) :
Classification: Continental
ELSE:
Classification: Oceanic

Figure3.18. Decision rule for the second decisioretre
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IF (Th/Nb < 0.155) :
IF (Sm/Yb < 1.298) :
Classification: OBAB
ELSEIF (La/Nb < 1.25):
IF (Nb/Nb* < 0.896) :
Classification: OA
ELSE:
Classification: OBAB
ELSE:
Classification: OA
ELSEIF (Zr/Hf < 33.028) :
Classification: OA
ELSEIF (Th/Nb < 0.333):
IF (Nd/Zr < 0.138):
IF (Nb/Nb* < 0.452) :
IF (Y/Yb < 10.09):
Classification: OBAB
ELSE:
Classification: OA
ELSE:
Classification: OBAB
ELSE:
Classification: OA
ELSEIF (TiO2/Yb < 0.497) :
IF (Zr/Hf < 40) :
Classification: OA
ELSEIF (Nb/Yb < 1.269) :
Classification: OA
ELSE:
Classification: OBAB
ELSE:
Classification: OA

Figure3.21. Decision rule for the first decision tree
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IF (Th/Nb < 0.155) :
IF (Sm/Yb < 1.298) :
Classification: OBAB
ELSEIF (La/Nb < 1.25) :
IF (Nb/Nb* < 0.896) :
Classification: OA
ELSE :
Classification: OBAB
ELSE:
Classification: OA
ELSEIF (Zr/Hf < 33.028) :
Classification: OA
ELSEIF (Th/Nb < 0.333):
IF (Nd/Zr < 0.138):
IF (Nb/Nb* < 0.452) :
IF (Y/Yb < 10.09) :
Classification: OBAB
ELSE :
Classification: OA
ELSE :
Classification: OBAB
ELSE:
Classification: OA
ELSEIF (La/Sm < 2.439):
Classification: OA
ELSEIF (Sm/Y < 0.143) :
Classification: OBAB
ELSE:
Classification: OA

Figure3.22. Decision rule for the second decision tree
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3.1.3.Discrimination Within Non -Subduction Setings

The third set of decision trees is constructed for the teatmagmatic discrimination
within nonsubduction settings. Subduction settings are MOR, OP, Ol and CWP. At
first stage, MOR and OP (Groupdrediscriminated from Ol and CWP (Group 2). If
the sample is classified as Group 1, a further discrimin&iequired between MOR

and OP. If the sample is classified as Group 2, a discriminigtapplied between Ol

and CWP.

3.1.3.1.Discrimination Between Group 1 (Mid-Oceanic Ridge and Oceanic
Plateau) andGroup 2 (Oceanic Island and ContinentaWithin -plate) Settings

The first step of discrimination within nesubduction settings is discrimination of
samples into two sufroups: group 1 consisting samples of to@kanic ridges and
oceanic plateaus and gro@pconsisting samples of oceanic islands and continental

within-plates.

Two decision trees are constructed for the tectoagmatic discrimination within
nonsubduction settings (MOR and OP as Group 1, Ol and CWP as Group 2). Both
decision trees have 7 let¢ of depth. The first decision tree uSes/Yb at first level,
Nd/Zr at second level, Th/Nb and Y/Yb at third level, Zr/4i0a/Nb, Nb/Nb* and
La/Sm at fourth level, La/Nb, Nd/Zr and Nb/Yb at fifth level, 7/, Nb/Nb* and
Th/Nb at sixth level and ZrfHand Th/La at seventh level (Figure 3.23).

The second decision tree uses Sm/Yb at first level, Nd/Zr at second level, Th/Nb and
Y/YDb at third level, Th/La, La/Nb, Nb/Nb* and La/Sm at fourth level, Sm/Hf, Nd/Zr
and Nb/Yb at fifth level, La/Nb, Nb/Nb* an@ih/Nb at sixth level and Nb/Y, Zr/Hf

and Th/La at seventh level (Figure 3.24).

Decision rules for constructed decision trees are given in Figure 3.25 and Figure 3.26,

respectively.

97



sBumas uonoNPOS-UIYIIM S1eUlWLIDSIP 0] 8811 UOoISIoap 1Sl 8yl "€2°c anbi4

98

do-4ol dMl-io dM2-10 dJO-4oW
,|_|_ _|_|_
_JL _ I ! _|_L
o 600 > QNAL L > JAN/AN d0-HOW ZH00 > MZOLL dm-o
$6161 > GA/AN M0 J0-HOW damye| | SELO7IZN d0-HoW d0-4OW 900L > gN/e]
6/5°7 > Ws/e FTL > ONAN 89/°0> 9N /e 0v'SS > COIWZ
_ _ ] _ _ _
dmd-io LIFLL>GA/A 5500 > AN/YL d0-4oW
[ |
|
9¢1'0>Z/PN 91L'0>1Z/PN




dM2-10 JO-HOW

—

dMIH0 6L0°0 > AN/ML

E—

S6L'6L > GAAN dM>-10

6LET > WS/
|

d0-40W

sBumas uononNEQOIYIM S)RUILULIOSIP 0] 93.) UOISIIaP PU02as ayl ‘2 ainbi4

aMX>-Io

—

600> 1YL

dMo-10

dO-HOW

d0o-4oi

did-10

L

§'8¢ > JH/Z

LLF'L> £AN/AN

dO-HowW

d0-40l

did-Io

I—

I

9E0°0 > AN dMd-I0

——

I ——

TRl > :AN/AN

did-io

LLFLL>GA/A

L

910 > Z/PN

STl'0>IZ/PN

d0-40W

I —

89.0> AN/ ¥

£50°L > ON/eT

dO-HOW

E——

LOF'L > JH/WS JO-HOW

I

820°0> ML

S50'0> GN/YL

d0-JOW

SLLI0>1Z/PN

99



IF (Sm/Yb < 1.747}:
IF (Nd/Zr < 0.116):
Classification: MOR-OP
ELSEIF (Th/Nb < 0.055) :
IF (Zr/TiO2 < 55.404) :
IF (La/Nb < 1.006) :
Classification: OI-CWP
ELSEIF (TiO2/Y < 0.042) :
Classification: OI-CWP
ELSE:
Classification: MOR-OP
ELSE:
Classification: MOR-OP
ELSEIF (La/Nb < 0.768) :
Classification: MOR-OP
ELSEIF (Nd/Zr < 0.125) ;
Classification: MOR-OP
ELSEIF (Nb/Nb* < 1.411):
IF (Zr/Hf < 38.5) :
Classification: MOR-OP
ELSE:
Classification: OlI-CWP
ELSEIF (Th/La < 0.09) :
Classification: OI-CWP
ELSE:
Classification: MOR-OP
ELSEIF (Nd/Zr < 0.136) :
IF(Y/Yb<11417):
IF (Nb/Nb* < 1.242) :
Classification: OlI-CWP
ELSE :
Classification: MOR-OP
ELSEIF (La/Sm < 2.379) :
Classification: OI-CWP
ELSEIF (Nb/Yb < 19.195) :
IF (Th/Nb < 0.079) :
Classification: MOR-OP
ELSE :
Classification: OI-CWP
ELSE:
Classification; OlI-CWP
ELSE:
Classification: OI-CWP

Figure3.25. Decision rule for the first decision tree
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IF (Sm/Yb < 1.747):
IF (Nd/Zr < 0.116) :
Classification: MOR-OP
ELSEIF (Th/Nb < 0.055) :
[F (Th/La < 0.038):
Classification; MOR-OP
ELSEIF (Sm/Hf < 1.401):
Classification: MOR-OP
ELSEIF (La/Nb < 1.053) :
Classification: OI-CWP
ELSEIF (Nb/Y < 0.036) :
Classification; OI-CWP
ELSE:
Classification: MOR-OP
ELSEIF (La/Nb < 0.768) :
Classification: MOR-OP
ELSEIF (Nd/Zr < 0.125) :
Classification: MOR-OP
ELSEIF (Nb/Nb* < 1.411):
IF (Zr/Hf < 38.5):
Classification: MOR-OP
ELSE :
Classification: OI-CWP
ELSEIF (Th/La < 0.09):
Classification: QI-CWP
ELSE:
Classification: MOR-OP
ELSEIF (Nd/Zr < 0.136):
IF(Y/Yb<11417):
[F (Nb/Nb* < 1.242) :
Classification; OI-CWP
ELSE:
Classification: MOR-OP
ELSEIF (La/Sm < 2.379) :
Classification: OI-CWP
ELSEIF (Nb/Yb < 19.195) :
IF (Th/Nb < 0.079) :
Classification: MOR-OP
ELSE:
Classification: OI-CWP
ELSE:
Classification: OI-CWP
ELSE :
Classification: OI-CWP

Figure3.26. Decision rule for the second decision tree
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3.1.3.2.Discrimination Between Mid-Oceanic Ridges and Oceanic Plateaus

Two decision trees are constted for the tectormagmatic discrimination between

MOR and OP. The first decision tree has 6 and the second one has 7 levels of depth.
The first decision tree us@$/Y at first level, Zr/Hf at second level, Nb/ Ti@t third

level, Th/Y and Zr/Y at forth level, Zr/Y, Zr/Nb, and Th/La at fifth level, Th/La and
Nb/Nb* at sixth level (Figure 3.27).

The second decision tree uses Th/Y at first level, Zr/Hf at second level, Zr/Nb at third
level, Sm/Yb and Zr/Hf at fourth level, Zr/Nb, La/Nb, Y/Yb and Zr&iffifth level,
Th/La, La/Y and Zr/Nb at sixth level and Sm/Y at seventh level (Figure 3.28).

Decision rules for constructed decision trees are given in Figure 3.29 and Figure 3.30,

respectively.

3.1.3.3.Discrimination Between Oceanic Islands and ContinentalVith in-plates

Two decision trees are constructed for the tectnagmatic discrimination between

Ol and CWP. Both decision trees have 8 levels of depth. The first decision tree uses
Nb/Y at first level, Zr/Yb at second and third levels, Sm/Nb and Zr/Y attidevel,

Th/Nb and TiQ/Y at fifth level, Th/Nb, Nb/ TiQ, Y/Yb and Zr/Hf at sixth level,
Sm/Nd, Th/La, Sm/Yb, Nb/Y and Th/La at seventh level and La/Y, Zr/Nb, Zr/Yb,
Sm/Nb and La/Sm at eighth level (Figure 3.31).

The second decision tree uses Nb/Y atfievel, Zr/Yb at second and third levels,
Sm/Nb and Zr/Y at fourth level, Th/Nb and Sm/NDb at fifth level, Th/Nb, Sm/Nb, Zr/Y
and Zr/Hf at sixth level, Sm/Nd, Y/Yb, Zr/Yb and Nb/Yb at seventh level and La/Y,
Zr/Nb and Sm/Nd at eighth level (Figure 3.32).

Decision rules for constructed decision trees are given in Figure 3.33 and Figure 3.34,

respectively.
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IF (Th/Y < 0.009) :
Classification: MOR
ELSEIF (Zr/Hf < 38.745) :
IF (Nb/TiO2 < 3.288) :
IF (Th/Y <0.011):
IF (Zr/Y < 2.547) :
Classification: OP
ELSEIF (Th/La < 0.057) :
Classification: OP
ELSE :
Classification: OP
ELSE :
Classification: OP
ELSEIF (Zr/Y < 3.758) :
IF (Zr/Nb < 3.265) :
Classification: OP
ELSE:
Classification: MOR
ELSEIF (Th/La < 0.077) :
Classification: OP
ELSEIF (Nb/Nb* < 1.223) :
Classification: OP
ELSE :
Classification: MOR
ELSE :
Classification: MOR

Figure3.29. Decision rule for the first decisioree
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IF (Th/Y < 0.009) :
Classification: MOR
ELSEIF (Zr/Hf < 38.745) :
IF (Zr/Nb < 17.041) :
IF (Sm/Yb < 1.306) :
IF (Zr/Nb < 3.265) :
Classification: OP
ELSE :
Classification: MOR
ELSEIF (La/Nb < 0.847) :
IF (Th/La < 0.063) :
Classification: OP
ELSE :
Classification: MOR
ELSE :
Classification: OP
ELSEIF (Zr/Hf < 37.076) :
IF (Y/Yb < 9.845) :
IF (La/Y < 0.159) :
IF (Sm/Y < 0.103):
Classification: OP
ELSE:
Classification: MOR
ELSE :
Classification: OP
ELSEIF (Zr/Hf < 37.673):
Classification: MOR
ELSEIF (Zr/Nb < 18.324) :
Classification: OP
ELSE :
Classification: MOR
ELSE:
Classification: MOR

Figure3.30. Decision rule for the second decision tree
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IF (Nb/Y < 3.149):

ELSE:

IF (Zr/Yb < 40.756) :
Classification: Ol
ELSEIF (Zr/Yb < 95.082) :
IF (Sm/Nb < 0.371):
IF (Th/Nb < 0.103) :
IF(Th/Nb < 0.054) :
Classification: Ol
ELSEIF {(Sm/Nd < 0.231) :
IF (La/Y < 1.538):
Classification: CWP
ELSE:
Classification: Ol
ELSEIF {Zr/Nb < 7.212) :
Classification: Ol
ELSE:
Classification: CWP
ELSEIF (Nb/TiQ2):
Classification: CWP
ELSEIF (Th/La < 0.097) :
Classification: CWP
ELSE:
Classification: Ol
ELSE:
Classification: CWP
ELSEIF (Zr/Y < 11.879) :
IF (TiO2/Y < 0.1):
IF({Y/Yb < 14.855} :
IF(Sm/Yb < 4.14):
IF (Zr/Yb < 106.66) :
Classification: CWP
ELSE:
Classification: Ol
ELSE:
Classification: CWP
ELSEIF (Nb/Y < 2):
Classification: Ol
ELSE:
Classification: CWP
ELSEIF (Zr/Hf < 39.5) :
Classification: Ol
ELSEIF (Th/La < 0.111):
IF (Sm/Nb < 0.246) :
Classification: Ol
ELSE:
Classification: CWP
ELSEIF (La/Sm < 4.896) :
Classification: CWP
ELSE:
Classification: Ol
ELSE:
Classification; CWP

Classification: CWP

Figure3.33. Decision rule for théirst decision tree
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IF (Nb/Y < 3.149) :
IF (Zr/Yb < 40.756) :
Classification: Ol
ELSEIF (Zr/Yb < 95.082) :
IF (Sm/Nb < 0.371):
IF (Th/Nb < 0.103) :
IF (Th/Nb < 0.054) :
Classification: Ol
ELSEIF (Sm/Nd < 0.231) :
IF (La/Y < 1.538):

ELSE:

ELSEIF (Zr/Nb < 7.212):
Classification: Ol
ELSE:
Classification: CWP
ELSEIF (5Sm/Nb < 0.335) :
IF (Y/Yb <11.455):
Classification: Ol
ELSEIF (La/Y < 0.642) :
Classification: CWP
ELSE:
Classification: Ol
ELSE:
Classification: CWP
ELSE:
Classification: CWP
ELSEIF (Zr/Y < 11.879):
IF (Sm/Nb < 0.145) :
IF (Zr/Y < 7.027):
Classification: Ol
ELSEIF (Zr/Yb < 106.601) :
Classification: CWP
ELSE:
Classification: Ol
ELSEIF (Zr/Hf < 38.898) :
Classification: Ol
ELSEIF (Nb/Yb < 24,392) ;
IF (Sm/Nd < 0.208) :
Classification: CWP
ELSE:
Classification: Ol
ELSE:
Classification: Ol
ELSE:
Classification: CWP
ELSE :
Classification: CWP

Classification: CWP

Classification: Ol

Figure3.34. Decision rule for the second decision tree
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3.2.Classification Results (Decision Trees)
3.2.1.Discrimination Between Subduction and NorSubduction Settings

One decision stump using /N ratio (Figure3.35 and two multbranched decision
trees (Figure3.36 and Figure3.37) are constructed for the discrimination between
subduction and nesubduction settings. Using training set, success ratios for

discrimination at each level of dephe determined.

Th/Nb < 0.161

NONSUB SUB
1549 NONSUB 487 SUB
78 SUB 34 NONSUB
%95.2 %93.0

Figure3.35. Classification results of the decision stump to discriminate between subduction and non

subduction settings

For confusion matrix, showing the tectemagmatic discriminationesults for
training+test and external datasets; true positive (TP) represents samples of subduction
settings classified as subduction, true negative (TN) represents samples- of non
subduction settings classified as rsubduction, false positive (FP) repzass
samples of noisubduction settings classified as subduction and false negative (FN)

represents samples of subduction settings classified asubaluction.

When confusion matrix for training and test datasets are evaluated, the overall success
ratio for tectonemagmatic discrimination between subduction and-swrduction

settings is high for all levels of three decision tr8esh(e3.2).
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Nb/Nb* < 0.699

SUB NONSUB
467 SUB 1547 NONSUB
36 NONSUB 64 SUB
%92.8 %96.0
Nb/Y < 0.850
|
I I
suB NONSUB
467 SUB 27 NONSUB
9 NONSUB 0 SUB
%698.1 %100

Figure3.37. Classification results of the second decision tree to discriminate between subduttion an
non-subduction settings

Table 3.2. Confusion Matrix Summary for Training and Test Datasets for TedWagmatic
Discrimination Between Subduction and NSabduction Settings

Tree 1 Tree 2 Tree 3

Level 1| Level 1| Level 2| Level 3| Level 4| Level 1| Level 2
TP 577 591 587 591 591 591 591
TN 1,932 1,928 1,964, 1,962, 1,964 1,928| 1,962
FP 42 46 10 12 19 46 12
FN 91 77 81 77 77 77 77

When confusion matrix for external datasets are evaluated, the overall satitess
for tectonemagmatic discrimination between subduction andsudrduction settings

remain high for all levels of three decision treéalfle3.3).

Decision stump correctly discriminated all articles excegotitle from CA, 4 articles
from CWP, 6 articles from OA, 4 articles from OBAB, 1 article from Ol and 1 article
from OP (Table 3.4). Only 6 articles have major fails at discrimination between

subduction and nesubduction related settings for training dest sets.
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Table 3.3. Confusion Matrix Summary for External Datasets for Tectgiagmatic Discrimination

Between Subduction and N&ubduction Settings

Tree 1 Tree 2 Tree 3

Level 1| Level 1| Level 2| Level 3| Level 4| Level 1| Level 2
TP 375 396 395 396 396 396 393
TN 1,937 1,942 1,981, 1,977, 1,977 1,942 1,979
FP 69 64 25 29 29 64 27
FN 91 70 71 70 70 70 73

Table3.4. Misclassifications in training and test dsgts by decision trump for discrimination between

subduction and nesubduction settings

g o | 8] 28 | o2

5 5 S | 2 | =8

o © x il =
Mullen 2017 Cascade Arc CA 35 6 17.14
Coe 2008 South Africa CWP 27 23 85.19
Gibson 2000 Picrite CWP 16 18.75
Janney 2002 South Africa CWP 11 2 18.18
Mirnejad 2006 Leucite Hills CWP 10 10 100.00
Bedard 1999 Canada OA 12 2 16.67
Jolly 2007 Greater Antilles Arc OA 37 5 13.51
Jolly 2008 Greater Antilles Arc A OA 98 1 1.02
Pearce 2005 Mariana OA 11 1 9.09
Todd 2012 Fiji Tonga OA 13 5 38.46
Tollstrup 2010 Izu Bonin OA 51 2 3.92
Beier 2015 Manus Basin OBAB 5 83.33
Leat 2004 Sandwich OBAB 3 60.00
Pearce 1995 Lau OBAB 25 24 96.00
Pearce 2005 Mariana OBAB 53 33 62.26
Jackson 2010 Samoa Ol 135 0.74
Neal2002 Kerguelen oP 35 8.57
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Decision stump mainly sustains its success for external dafaséie 3.5) All CA
and Ol are classified correctly. Misclassifications for MOR in external dataset are
observed. Other than these, the general trend of mididassns in training and test

datasets is also observed in external dataset.

Table 3.5. Misclassifications in external datasets @gcision stumpfor discrimination between

subduction and nesubduction séihgs

: o | 8] -2 | =g

= 5 S | stz | 2§

o O = i 4o
Davies 2006 Aldan Shield CWP 7 7 100.00
Frey 1996 Bunbury CWP 10 2 20.00
Gibson 1993 Rio Grande Rift CwpP 15 7 46.67
Gibson 1995 Brazil Paraguay CWP 25 11 44.00
Gibson 1995 Southeast Brazil CWP 32 5 15.63
Gibson 2005 Tristan CwP 14 12 85.71
Mana 201%East African Rift CWP 29 3 10.34
Olierook 2016 Bunbury CwP 8 6 75.00
Xu 2001 SW China CWP 25 11 44.00
Kelley 2013 EPR MAR MOR 562 2 0.36
Pyle 1995 Indian Pacific MOR 17 1 5.88
Jolly 2008 Greter Antilles Arc B OA 78 1 1.28
Kdnig 2008 Subduction Zones OA 6 3 50.00
Straub 2010 Izu Bonin OA 48 2 4.17
Tamura 2011 Mariana OA 19 2 10.53
Wharton 1994 Viti Levu OA 6 1 16.67
Woodhead 2001 Mixed OA 23 1 4.35
Bezos 2009 Lau Basin OBAB 34 34 100.00
Harrison 2003 East Scotia OBAB 5 5 100.00
Ikeda 2016 Mariana OBAB 15 12 80.00
Ishizuka 2009 Izu Bonin OBAB 30 21 70.00
Mortimer 2007 South Fiji Northland | OBAB 12 9 75.00
Frey 2002 Kerguelen OP 17 1 5.88
Weis 2002 Kerguelen oP 29 1 3.45
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The first detsion tree is more successful at discrimination of subduction and non

subductiorrelated settings (Table 3.6). The amount of articles with misclassification
slightly increase but number of articles with major fails decrease from 6 to 4. Most of
misclassifcations are solved at advanced levels of decision tree, using multiple

criteria.

Table 3.6. Misclassifications in training and test datasets by first decision tree for discrimination

between subduction and meubduction settings

0 X n X n R 1% X
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(@] (@) o (@) (@) O o (@]
@ @ © @ © © @ @
@ o o @ © @ o o
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x 0 a w w w w w o w w
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O P < w w w w w w ] ]
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Hickey Vargas 2016 Andear] CA 55 1 2
Mullen 2017 Cascade Arc CA 35 6 17 7 20 6 17 6 17
Coe 2008 South Africa CWP 27 22 81
Gibson 2000 Picrite CWP 16 2 13 2 13
Hanghoj 2003 East Greenlar;, CWP 103 1 1
Larsen 2003 West Greenlan| CWP 23 1 4 1 4 1 4 1 4
Mirnejad 2006 Leucite Hills | CWP 10 10 100
Arevalo 2010 Mixed MOR 512 5 1 5 1 5 1 5 1
Kempton 2002 Indian MOR 63 2 3 2 & 2 3 2 3
Nauret 2006 Central Indian | MOR 34 1 3 1 3 1 3 1 3
Bedard 1999 Canada OA 12 3 25 3 25 3 25 3 25
Jolly 2007Greater Antilles OA 37 4 11 4 11 4 11 4 11
Jolly 2008 Greater Antilles | OA 98 1 1 1 1 1 1 1 1
Todd 2012 Fiji Tonga OA 13 3 23 5 38 3 23 3 23
Beier 2015 Manus Basin OBAB 6 5 83 5 83 5 83 5 83
Leat 2004 Sandwich OBAB 5 3 60 3 60 3 60 3 60
Pearce 1995 Lau OBAB 25 17 68 17 68 17 68 17 68
Pearce 2005 M&@ana OBAB 53 31 58 31 58 31 58 31 58
Neal 2002 Kerguelen OoP 35 2 6 1 3 1 3 1 3
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The first decision tree is also applicable to external datasets successfully, especially to
CA, Ol and OP (Table 3.7). Other than this, the trend of misclassificatiomaifong

and test dataset is similar to that of external dataset.

Table 3.7. Misclassifications in external datasets by first decision tree for discrimination between

subduction and nonsubduction settings

ol ¥ o & o ¥ %) =5
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o (e} o (e} o @) o o
© @ @ © o @ o o
@ o o @ o o o o
_ %) I w [ i} w i w w
< 11 - — N ~N ™ ™ < <
Zz ) = 1 _ _ 1 _ — — —
4 0 a ] w w w w w w w
> < = > > > > > > > >
[e) — < w w w w w w w w
L} O n | — — — — — | |
Davies 2006 Aldan Shield CWP 7 7 | 100 4 57 7 | 100 7 100
Frey 1996 Bunbury CWP 10 1 10 1 10 1 10 1 10
Gibson 199Rio Grande Rift| CWP 15 7 47 3 20 4 27 4 27
Gibson 2005 Tristan CWP 14 12 86
Olierook 2016 Bunbury CWP 8 5 63 5 63 5 63 5 63
Shuying 2015 South China | CWP 12 1 8 1 8 1 8 1 8
Xu 2001 SW China CWP 25 4 16 2 8 2 8 2 8
Jenner 2012 Mixed MOR 588 1 0 1 0 1 0 1 0
Kelley 2013 EPR MAR MOR 562 7 1 7 1 7 1 7 1
Pyle 1995 Indian Pacific MOR 17 1 6 1 6 1 6 1 6
Jolly 2008 Greater Antilles | OA 78 1 1
Konig 2008 Subduction Zon¢ OA 6 3 50 3 50 3 50 3 50
Straub 2010 Izu Bonin OA 48 2 4 2 4 2 4 2 4
Woodhead 2001 Mixed OA 23 1 4 1 4 1 4 1 4
Bezos 2009 Lau Basin OBAB 34 21 62 21 62 21 62 21 62
Harrison 2003 East Scotia | OBAB 5 5| 100 5| 100 5 100 5 100
lkeda 2016 Mariana OBAB 15 12 80 12 80 12 80 12 80
Ishizuka 2009 Izu Bonin OBAB 30 18 60 18 60 18 60 18 60
Mortimer 2007 South Fiji OBAB 12 8 67 8 67 8 67 8 67
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The second decision tree is both simpler in structure and more successful at
discrimination of subduction and n@abductiorrelated settings for training and test
datasets (Table 3.8)8 articles have misclassifications, only 4 of which have major

failures.The decision tree is especially successful for ORand OP.

Table 3.8. Misclassifications in training and test datasetségonddedsion tree for discrimination

between subduction and neaobduction settings
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Mullen 2017 Cascade Arc CA 35 6 17 6 17
Coe 2008 South Africa CWP 27 22 81
Gibson 2000 Rrite CWP 16 2 13 2 13
Hanghoj 2003 East Greenland CWP 103 1 1 1 1
Larsen 2003 West Greenland CWP 23 1 4
Mirnejad 2006 Leucite Hills CWP 10 10 100
Arevalo 2010 Mixed MOR 512 5 1 5 1
Kempton 2002 Indian MOR 63 2 3 2 3
Nauret 2006 Central Indin MOR 34 1 3 1 3
Bedard 1999 Canada OA 12 3 25 3 25
Jolly 2007 Greater Antilles Arc OA 37 4 11 4 11
Jolly 2008 Greater Antilles Arc A OA 98 1 1 1 1
Todd 2012 Fiji Tonga OA 13 3 23 3 23
Beier 2015 Manus Basin OBAB 6 5 83 5 83
Leat 2004 Sandwich OBAB 5 3 60 3 60
Pearce 1995 Lau OBAB 25 17 68 17 68
Pearce 2005 Mariana OBAB 53 31 58 31 58
Neal 2002 Kerguelen OoP 35 2 6 1 3
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The second decision tree, similar to the decision stump and decision tree, is also
successfully applicable to external datagé&ble 3.9). Only 4 articles (2 CWP, 1 OA
and 1 OBAB) have major failures. Ol and OP are correctly discriminated.

Table 3.9. Misclassifications in external datasetsd®conddecision tree for discriminatiobetween

subduction and nesubduction settings
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Bryant 2006 Andes CA 3 1 33
De Astis 2000 Aeolian CA 23 1 4
Santo 2004 Aeolian CA 31 1 3
Davies 2006 Aldan Séld CWP 7 7 100 7 100
Frey 1996 Bunbury CWP 10 1 10 1 10
Gibson 1993 Rio Grande Rift CWP 15 7 47 1 7
Gibson 1995 Brazil Paraguay CWP 25 12 48
Gibson 1995 Southeast Brazil CWP 32 5 16
Gibson 2005 Tristan CWP 14 12 86
Mana 2015 ast African Rift CWP 29 1 3
Olierook 2016 Bunbury CWP 8 5 63 5 63
Shuying 2015 South China CWP 12 1 8 1 8
Xu 2001 SW China CWP 25 4 16 3 12
Jenner 2012 Mixed MOR 588 1 0 1 0
Kelley 2013 EPR MAR MOR 562 7 1 7 1
Pyle 1995 Indian Pacific MOR 17 1 6 1 6
Konig 2008 Subduction Zones OA 6 3 50 3 50
Straub 2010 Izu Bonin OA 48 2 4 2 4
Woodhead 2001 Mixed OA 23 1 4 1 4
Bezos 2009 Lau Basin OBAB 34 21 62 21 62
Harrison 2003 East Scotia OBAB 5 5 100 5 100
lkeda 2016 Mariana OBAB 15 12 80 12 80
Ishizuka 2009 IziBonin OBAB 30 18 60 18 60
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The trends of misclassifications for trainindest datasets and external datasets are

similar to each other.

3.2.2.Discrimination Within Subduction Settings

3.2.2.1.The First Path for Discrimination Within Subduction Settings

The first pah involves twestage discrimination within subduction settings: (1)

between arc anblackarcrelatedsettings, (2) withirarcrelatedsettings.

3.2.2.1.1 Discrimination Between Arc andBack-arc-related Settings

Two multi-branched decision trees (Figure 38&1 Figue 3.39 are constructed for
the discrimination betweearc and backarcrelated settings. Using training set,

success ratios for discrimination at each level of depth are determined.

For confusion matrix, showing the tectemagmatic discrimination ressltfor
training+test and external datasets; true positive (TP) represents sani@dekaric
relatedsettings classified as baekc, true negative (TN) represents samples of arc
related settings classified as arc, false positive (FP) represents sangrleretHted
settings classified as baekc and false negative (FN) represents sampleaakarc

relatedsettings classified as arc.

When confusion matrix for training and test datasets are evaluated, the overall success
ratio for tectonemagmatic disemination between arc arohckarcrelatedsettings

are higher for the last two levels of two decision trdeble3.10).

When confusion matrix for external datasets are evaluated, the overall success ratio
for tectonomagmatic discrimination between arc abdckarcrelated settings

decreases in varying degrees for the second ffedse(3.1].
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Table 3.10. Confusion Matrix Summary for Training and Test Datasets for TedWagmatic
Discrimination Between Arc arBackarcrelatedSettings

Tree 1 2

Level 2 3 4 5 2 3 4 5
P 86 84 92 92 86 82 89 88
TN 550 557 553 556 550 554 554 556
FP 12 5 9 6 12 8 8 6
FN 20 22 14 14 20 24 17 18

Table3.11. Confusion Matrix Summary for External Datasets for Tectglagmatic Discrimination
Between ArandBack-arcrelatedSettings

Tree 1 2

Level 2 3 4 5 2 3 4 5
TP 68 62 62 62 68 68 58 58
TN 348 348 347 347 348 354 350 351
FP 16 16 17 17 16 10 14 13
FN 34 40 40 40 34 34 44 44

The first decision tree correctly discriminated articles of subdustktiings as arc
related and backrcrelated settings except of 8 articles for training and test datasets
(Table 3.12).For this 8 articles, no major failures in discrimination is observed.
Misclassifications in the first levels are solved through the @lelepels in decision

tree.

The first decision tree is relatively more successful at OA and CA with respect to
OBAB for the discrimination of ar@and backarcrelated settings in training and test
datasetsOnly 1 articles from OA has misclassificationthva misclassification ratio
less than 10%.

123



Table3.12. Misclassifications bfirst decision tree for discrimination between arc and kacksettings

%) o\° ) S 0 o\° ) S
14 o 14 14 14 14 o 14
@) o o o o o o @)
o o o v o o o o
o o o v o 12 o 14
a 1) | i} [ [ w [ [ |
< L N ~N ™ ™ < < n 0
Z [} = 1 | 1 1 1 1 1 |
@ 0 a w w w w w w w w
> < = > > > > > > > >
@] — < w w w w 1] w w w
=) O ) — — — | — — — —
Mullen 2017 Cascade Arc CA 35 4 11 3 9 3 9 3 9
Bedard 1999 Canada OA 12 2 17 1 8 3 25 1 8
Jolly 2007 Greater Antilles OA 37 1 3
Jolly 2008 Greater Antille OA 98 1 1 1 1
Pearce 2005 Mariana OA 11 1 9 1 9 1 9 1 9
Beier 2015 Manus Basin OBAB 6 1 17 1 17 1 17 1 17
Pearce 1995 Lau OBAB 25 6 24 6 24 2 8 2 8
Pearce 2005 Mariana OBAB 53 13 25 13 25 11 21 11 21

The first decision tree sustains its suscks discrimination between arc and back
arcrelated settings for external datas@table 3.13) External articles from CA can

be correctly classified, whereas misclassifications are observed for OA and OBAB. 3
articles (1 from OA and 2 from OBAB) compddy fail at discrimination. Other than
these 3 articles3 more articles also have major failulowever, decrease in the
classification ratio in these articles does not affect the overall success ratio as their
sample amounts are rather limitedesshan 10Gsamples per articl@he general trend

of misclassifications in external dataset is similar to that of training and test datasets.
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Table3.13. Misclassifications bfirst decision tree for discriminiain between arc and baekc settings

) S ) S ) S 0 S
x g 14 g 14 14 x 14
o (e} @) (e} (e} o @) o
o fod 04 fod rd [0 o [0
o o o o o o o o
_ %) w i} w i} [ w w w
< Ll o~ N ™ ™ < < [To) [To)
Z [} = — — 1 — 1 — — —
o ) a w | w | ] w w w
> < = > > > > > > > >
[e) ] < ] w [ w [ | [ [
o) O n — — — — — | | |
Kénig 2008 Subduction OA 6 6 100 6 100 6 100 6 100
Kénig 2010 Subduain OA 4 2 50 2 50 2 50 2 50
Pearce 199%V. Pacific OA 5 1 20 1 20 1 20 1 20
Straub 2010 Izu Bonin OA 48 2 4 2 4 2 4 2 4
Tamura 2011 Mariana OA 19 4 21 4 21 5 26 5 26
Woodhead 2001 Mixed OA 23 1 4 1 4 1 4 1 4
Harrison 2003 East Scotia| OBAB | 5 5 100 5 100 5 100 5 100
lkeda 2016 Mariana OBAB | 15 3 20 3 20 3 20 3 20
Ishizuka 2009 Izu Bonin OBAB | 30 15 50 20 67 20 67 20 67
Mortimer 2007 South Fiji | OBAB | 12 5 42 6 50 6 50 6 50
Sinton 2003 Manus OBAB | 6 6 100 6 100 6 100 6 100

The second decision treeatso successful at discrimination between arc and-back
arcrelated setting§Table 3.14)8 articles have misclassifications with only 1 major
failure. The misclassifications in the first levels are later solved with increasing levels
of depth. Only 1 aitle from CA has misclassificatioifhese two decision trees give

similar results for training and test dataset when considered.
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Table 3.14. Misclassifications byseconddecision tree for discrimination betexe arc and baekrc

settings
) S ) S ) S ) S
14 14 14 14 14 14 14 14
(e} o o] o e} (e} o] o
o @ o @ o o o o
[ o 14 o o [ o o
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o ) a w | w | ] w w w
> < = > > > > > > > >
[e) ] < ] w [ w [ | [ i
L) O N — — — — — | — —
Mullen 2017 Cascadq¢ CA 35 4 11 4 11 5 14 4 11
Arc
Bedard 1999 Canadg OA 12 2 17 1 8
Pearce 2005 Mariang OA 11 1 9 1 9 1 9 1 9
Peate 1997 Vanuatu| OA 37 1 3 1 3
Todd 2012 Fiji Tonga] OA 13 4 31 2 15 1 8 1 8
Beier 2015 Manug OBAB | 6 1 17 5 83 5 83 5 83
Basin
Pearce 1995 Lau OBAB | 25 6 24 6 24 2 8 2 8
Pearce 2005 Mane | OBAB | 53 13 25 13 25 11 21 11 21

The second decision tree sustains its success for external dasddet3.15)Similar
to the first decision tree, all articles from CA in external dataset are correctly
discriminated and the general trend for missifesation through the articles and

tectonic settings for external dataset is similar to that for training and test dataset.

Two articles of OBAB completely fails at discrimination, however, the amount of

samples per articles is limited so their effecbwarall ratio of success remain limited.
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Table 3.15. Misclassifications byseconddecision tree for discrimination between arc and fck

settings
%) c\o (7)) o\o %) o\o %) c\o
14 14 o x 4 14 14 14
(@] (@] (o] (@] (@] (@] (@] (o]
x x o x x x x x
o o o o o o o o
) %) w w wi wi wi w w w
< [T o~ o~ ™ ™ < < [Te) [To)
z ()] = _ — 1 1 1 — 1 —
4 0 a w w i} m} i} w w w
=) < = > > > > > > > >
o — < ] ] | | W ] ] ]
) O %)) — — — — — — — —
Jolly 2008 Greater Antilles B OA 78 1 1
K&nig 2008 Subduction OA 6 6 100 1 17 1 17 1 17
Kdnig 2010 Subduction OA 4 2 50 1 25 1 25 1 25
Pearce 1999 Wearn Pacific | OA 5 1 20 1 20 1 20 1 20
Straub 2010 Izu Bonin OA 48 2 4 2 4 2 4 2 4
Tamura 2011 Mariana OA 19 4 21 4 21 6 32 6 32
Wharton 1994 Viti Levu OA 6 1 17 1 17
Woodhead 2001 Mixed OA 23 1 4 1 4 1 4 1 4
Harrison 2003 East Scotia | OBAB | 5 5 100 5 100 5 100 5 100
lkeda 2016 Mariana OBAB | 15 3 20 3 20 4 27 4 27
Ishizuka 2009 Izu Bonin OBAB | 30 15 50 15 50 22 73 22 73
Mortimer 2007 South Fiji OBAB | 12 5 42 5 42 7 58 7 58
Sinton 2003 Manus OBAB 6 6 100 6 100 6 100 6 100

3.2.2.1.2Discrimination Within Arc-related Settings

Two multi-branched decision trees (FiguBglOand Figure3.41) are constructed for
the discrimination within arc and related settings. Using training set, success ratios for

discrimination at each level of depth are determined.

127



sBumas parejaire UIYIM S1RUILILIOSIP 0 8BISIDAP 111} 8} JO SYNSal uoneanyisse|d o' ainbi4

£68% £99% .
1'96% . :
YO<¢ VoS VL m.Wm%\M m(m%mxc 001% 001% 0'05%
¥ 57 ¥0 ol VO 62 : Y00 Y20 VO 1
3 Yo Vo <__wu 6 ﬂ@On ¥l6 VO£ Yol
| _ _ <_u (7] 2]
F_L. _ _ |
€ECLE > JHAZ OLF'1 > JH/WS o _
s vornh 0% 0P/ 0% B0 D ™
¥o /L
5 o i} Jat 199 e
| | T T T T
I T !
YSTE > qN/eT 7 > WS/l s
> At -~ 20¢ m%%g S/7 - S8E0> 44 N/AN
¥28E ¥i0 YO L W .w_m_\o o
<_womm ¥O 61 ¥395 o8 Yoo «mm
! q_o [») vo Yo 2]
: L _ | [ _ |
159 mm_ @v &__._:N 160 vwwﬁ\sm €LS0L > GAZA
A v &.uu_.w\o £'76% £'99% 001%
VO Ec vJ95 YO £ <wom_ﬁ %oU 3 VOO
<_o <_u Yo 2] vo vo
_ ,|_|_ [ [
_ |
S :
o mmohm@\m._,; 61 NN .w@mm,\ﬁ ¥LO'6Y > ZOILNZ
YO L voz/l Y08 (B
el v v38l vGor
| 7 ? i
_ ]
- |
0 9F m%.Nw mtﬁ 850°6 > ZOIL/PN
¥30 Yo/ o%u:mo V5o
vo 9z W7zl YO 061 berd
Vo 0 YOts
_ |
- I
ST/ m. .wm@wz\m._ 861°0 > gAMYL
Y0 86 oo
¥izeel <M\uu.wwmw
(2] vo

128



"QQo;
ol £99%

sBumas paFay@IM S1euIWLIOSIP 01 3811 UOISIDBP PU0Das ay) JO S)NSal UoNeolIsse|D ‘T s ainbiH
001%

! 005%
Ve a5 0% | | YOL Gati
YO8l ¥o v Wi vae || B vosl
2] YO ) Yo | 2) ¥o
mwo.mmmw\%I\‘_N €/€0 > xaON/AN LZL'0> A/WS
y 0019% o . : 6% 001% :
Vakd o || W 5T et a1 2 Wl Yoo LB
¥2 0T ¥or || YOEL oK ¥dT Vo9 ¥o e vast || VPl voz
Y2 ¥o vo 3) [} Yo ¥o vo 2 vo
_|_|_ I [ | | |
I |
$90'0 > AN 8710 > BTUL 8070 > A/®1 ELL6E > ANAZ LEL'L > JH/IS
VL% 5'/8% 00L% £99% | | 00L% 1'99% 5'06% T3%% 001% T96%
e vor || Y B 5o ¥o5 Yol Vel Voe voxe
[2] s_u [{) ) ¥o vo ¥o [ Yo 3]
L . I L — 1 E——— | I
E6'C > ON/eT '] > JH/W 0> . g
0015 Goce 8% m_owwx\ S 00L% 98¢ ovmmm.zsz 001% 74 @w w,h@z\sm 162 mov_ %\m._
7ol e e ol Y06 ¥20 ¥z o&
ot vo4¢ ¥08 s WIEL v v 69 ¥ 5¢
2] 0) 2] vo q_o <_u
T |
0BCS>AIZ EEC’L > JH/WS 1601 > JH/WS €800 > B/UL
£9% 001% 3 _%gv 9ggd T69% 509%
Yoot Y00 VO FIEL V0§ kayid
Yoy baYi ¥ 1T bis) ) ¥Jgl YOIl
¥ ] vo vo [#) Vo
[ | [ [
| I
£96°6 > AA/A 8YT 0L > qA/A £0t'0 > «9N/IN
T6/% 90£% ool §'LL%
P[o)44 §6L ¥o0 Eayiz
YO8 ¥0 9¢ Y0051 YO 8Ll
? i ? ?
T I
6210 > A/WS 0£6't > gN/eT
1"£9% ££8%
v0 85 el
Y266 YO #hC
2] v0
[ J
08t'ZC > WS/Z

129



For confusion matrix, showing the tectemmagmatic discrimination results for
training+test and external datasets; true positive (TP) represents samples of oceanic
arcs classified as oceanic arajegmegative (TN) represents samples of continental
arcs classified as continental arc, false positive (FP) represents samples of continental
arcs classified as oceanic arc and false negative (FN) represents samples oceanic arcs

classified as continentalar

When confusion matrix for training and test datasets are evaluated, the overall success
ratio for tectonemagmatic discrimination between oceanic arc and continental arc
settings have an increasing trend with increasing levels in depth for both nlées®
(Table3.16).

When their applicability to external datasets are evaluated, both decision trees with
their all levels shall be accepted to be applicable for teetmagmatic discrimination
between oceanic aemd continental arc settings with a decrease in their success ratios
(Table3.17).

Table3.16. Confusion Matrix Summary for Training and Test Datasets for Tediagmatic

Discrimination Between Oceanic Arc and Continental Arc Settings

Tree 1 2

Level | 2 3 4 5 6 7 2 3 4 5 6 7
TP 308 | 298 | 368 | 367 | 362 | 370 | 360 | 360 | 352 | 367 | 372 | 368
TN 147 | 168 | 120 | 128 | 162 | 160 | 105 | 105 | 149 | 160 | 166 | 171
FP 34 13 61 53 19 21 76 76 32 21 15 10
FN 73 83 13 14 19 11 21 21 29 14 9 13

The first decision tree is successful at the discrimination between OA and CA (Table
3.18). The amount of articles with misclassifications are higher when compared to that
in previous discriminations. However, amouwftmisclassifications per articles are

small so that only 1 article has major failure at discrimination.
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Table3.17. Confusion Matrix Summary for External Dataset for Tectbtagmatic Discrimination
Between Oeanic Arc and Continental Arc Settings

Tree 1 2

Level | 2 3 4 5 6 7 2 3 4 5 6 7
TP 106 99 175 | 176 | 164 | 157 | 176 | 176 | 139 | 163 | 169 | 178
TN 136 | 136 | 83 68 75 72 54 54 73 95 | 108 | 107
FP 5 5 58 73 66 69 87 87 68 46 33 34
FN 117 | 124 | 48 47 59 66 47 47 84 60 54 45

The first decision tree is also applicable to external datasets yet, the amount of
misclassifications per articles slightly increase with more major failures. (Table 3.19).
The second decision tree is similar to the first decision tree for discrimindtion o
training and test dataset (Table 3.20) and for external dataset (TablerB1irends

of misclassification are similar between first and second decision tree and between
training-test dataset and external dataset. There is no unexpected abruptiohange

success ratio for a specific tectonic setting or an article.

3.2.2.2.The Second Path for Discrimination Within Subduction Settings

3.2.2.2.1 Discrimination Between Oceanic and Continental Settings

Two multi-branched decision trees (FiguB&l2and Figure3.43 are constucted for

the discrimination between oceanic and continental settings. Using training set,
success ratios for discrimination at each level of depth are deterforecbnfusion

matrix, showing the tectoAmagmatic discrimination results for training+testd
external datasets; true positive (TP) represents samples of oceanic settings classified
as oceanic, true negative (TN) represents samples of continental settings classified as
continental, false positive (FP) represents samples of continental seltisgjfed as
oceanic and false negative (FN) represents samples of oceanic settings classified as
continental.
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Table 3.18. Misclassifications byfirst decision tree for discrimination between oceanic arc and

continentalarc settings

LEVEL 2 ERRORS
LEVEL 2 ERROR %
LEVEL 3 ERRORS
LEVEL 3 ERROR %
LEVEL 4 ERRORS
LEVEL 4 ERROR %
LEVEL 5 ERRORS
LEVEL 5 ERROR %
LEVEL 6 ERRORS
LEVEL 6 ERROR %
LEVEL 7 ERRORS
LEVEL 7 ERROR %

JOURNAL
CLASS
SAMPLES

Gertisser 2000 Aeolia CA 5 1 20 1 20 4 80

Hickey Vargas 2016 Andean CA 55 1 2 1 2 8 15 8 15 3 5 5 9

Hickey Vargas 2016 Chile CA 34 1 3 1 3 26 76 26 76 1 3 4 12

Metrich 2001 Aeolian CA | 10 2 20 2 20 2 20 2 20

Mullen 2017 Cascade Arc CA | 35 9 26 9 26 18 51 11 31 11 31 3 9

Portnyagin 2015 Kamchatka| CA | 3 3 100 | 3 100

Simon 2014 Kamchatka CA | 39 23 59 2 5) 3 8 2 5 2 5 3 8

Bedard 1999 Canada OA | 12 5 42 5 42 5 42

Hickey Vargas 2013 Daito OA | 8 4 50 4 50 2 25 1 13

Jolly 2007 Geater Antilles OA | 37 14 38 14 38 3 8 3 8 4 11 1 3

Jolly 2008 Greater Antilles | OA | 98 15 15 20 20 8 8 7 7 8 8 1 1

Pearce 1995 South Sandwic| OA | 14 1 7 1 7
Pearce 2005 Mariana OA 11 2 18 2 18

Peate 1997 Vanuatu OA | 37 8 22 10 27 1 3] 5 14 4 11 2 5
Rojas Agramonte 2017 OA | 15 9 60 9 60 3 20 3 20 4 27 4 27

Lesser Antilles

Singer 2007 Auletian OA | 48 18 38 18 38 8 17 4 8
Todd 2012 Fiji Tonga OA | 13 2 15 2 15 2 15 1 8 3 23
Tollstrup 2010 Izu Bonin OA | 51 4 8 7 14 1 2 1 2 3 6 2 4

Yogodzinski 2015 Western OA 19 7 37 7 37
Auletian
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Table 3.19. Misclassifications byfirst decision tree for discrimination between oceanic arc and

continentalarc settings

al = o T o | o T o ¥ o =
@ © @ @ @ @ @ @ @ @ @ @
o o o o o o o o o o o o
@ © @ © @ © @ © © © © ©
[hd [ [hd [ [hd [ [hd @ [hd @ [hd @
) %) 1] w 1] w 1] w 1] w 1] w 1] w
< w o~ o~ ™ ™ < < 0 [T} © © ~ ~
Z ) g - _ _ 4 _ 4 _ 4 1 — 1 —
e ) L w L w L w w w w w w w
3 < <§: > > > > > > > > > > > >
L w L w L w w w w w w w
] (@) n - = - = - = - = - | | |
Bailey 2009 Santorini CA | 45 1 2 1 2 12 27 27 60 26 58 18 40
Bryant 2006 Andes CA | 3 1 33 1 33 1 33 1 33
Calanchi 2002 Aeolian CA | 8 2 25 2 25 8 100 | 8 100 | 8 100 | 8 100
De Astis 1997 Aeolian CA 18 2 11 2 11 1 6 3 17
De Astis 2000 Aeolian CA | 23 1 4 1 4 8 35 8 35 4 17 6 26

lanelli 2017 Norh Patagonian | CA | 9 1 11 1 11 4 44 4 44 4 44 3 33

Santo 2004 Aeolian CA | 31 20 65 20 65 19 61 28 90
Zelenski 2018 Kamchatka CA | 4 3 75 3 75 3 75 2 50
Finney 2008 Okmok OA | 3

Jolly 2008 Greater Antilles Arg OA | 78 43 55 50 64 13 17 14 18 23 29 13 17

Kénig 2008 Subduction Zone§y OA | 6 1 17 1 17 1 17
K6nig 2010 Subduction Zoney OA | 4 1 25 1 25 1 25
Leslie 2009 Fiji Arc OA | 11 6 55 6 55 2 18

Pearce 1999 Western Pacific| OA | 5 4 80 4 80 3 60 1 20 1 20 2 40

Stellin 2002 Shishaldin OA 4 1 25 1 25

Straub 2010 Izu Bonin OA | 48 33 69 33 69 27 56 24 50 22 46 28 58
Tamura 2011 Mariana OA 19 9 47 9 47 3 16 3 16
Wharton 1994 Viti Levu OA | 6 1 17 1 17 1 17

Woodtead 2001 Mixed OA | 23 5 22 5 22 2 9 4 17 3 13 3 13
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Table3.20. Misclassifications bgecondlecision tree for discrimination between oceanic arc and

continentalarc settings

LEVEL 2 ERRORS
LEVEL 2 ERROR %
LEVEL 3 ERRORS
LEVEL 3 ERROR %
LEVEL 4 ERRORS
LEVEL 4 ERROR %
LEVEL 5 ERRORS
LEVEL 5 ERROR %
LEVEL 6 ERRORS
LEVEL 6 ERROR %
LEVEL 7 ERRORS
LEVEL 7 ERROR %

JOURNAL
CLASS
SAMPLES

Gertisser 2000 Aeolian CA 5 5 100 | 5 100 | 5 100 | 2 40 2 40 2 40

Hickey Vargas 208 Andean | CA 55 3 5 3 5 2 4 3 5 3 5 3 5

Hickey Vargas 2016 Chile CA 34 5 15 5 15 5 15 1 3 3 9

Metrich 2001 Aeolian CA 10 10 100 | 10 100 | 10 100

Mullen 2017 Cascade Arc CA 35 19 54 19 54 4 11 10 29 3 9 2 6

Simon 2014 Kamchatka CA 39 34 87 34 87 6 15 6 15 6 15

Bedard 1999 Canada OA 12 1 8 1 8 1 8 1 8
Hickey Vargas 2013 Daito OA 8 3 38 3 38 3 38 3 38 2 25
Hochstaedter 2001 Izu Bonin| OA 2 1 50

Jolly 2007 Greater Antilles OA 37 5 14 5 14 6 16 3 8 3 8 3 8

Jolly 2008 Greater Antilles OA 98 2 2 2 2 6 6 3 8 3 3 3 8

Pearce 1995 South Sandwiclf OA 14 4 29
Pearce 2005 Mariana OA 11 1 9
Peate 1997 Vanuatu OA 37 5 14 5 14 5 14 2 5 2 5

Rojas Agramonte 2017 Lessq¢ OA 15 3 20 3 20 3 20 1 7 1 7 1 7
Antilles

Singer 2007 Auletian OA 48 10 21 10 21 12 25 5 10 4 8 3 6
Todd 2012 Fiji Tonga OA 13 1 8 1 8 3 23 3 23 2 15 3 23
Tollstrup 2010 Izu Bonin OA 51 1 2 1 2 1 2 2 4
Yogodzinski 2015 W Auletian| OA 19 2 11
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Table3.21. Misclassifications bgecondiecision tree for discrimination between oceanic arc and

continentalarc settings

LEVEL 2 ERRORS
LEVEL 2 ERROR %
LEVEL 3 ERRORS
LEVEL 3 ERROR %
LEVEL 4 ERRORS
LEVEL 4 ERROR %
LEVEL 5 ERRORS
LEVEL 5 ERROR %
LEVEL 6 ERRORS
LEVEL 6 ERROR %
LEVEL 7 ERRORS
LEVEL 7 ERROR %

JOURNAL
CLASS
SAMPLES

Bailey 2009 Santorini CA 45 27 60 27 60 8 18 28 62 10 22 10 22

Bryant 2006 Andes CA 3 1 33 1 33 1 33

Calanchi 2002 Aeolian CA | 8 8 100 | 8 100 | 8 100 | 1 13 2 25 2 25

De Astis 1997 Aeolian CA 18 10 56 10 56 10 56 3 17 3 17 3 17

De Astis 2000 Aeolian CA 23 14 61 14 61 14 61 4 17 5 22 5 22

lanelli 2017 N Patagonian| CA 9 2 22 2 22 2 22

Santo 2004 Aedn CA | 31 27 87 27 87 27 87 8 26 11 35 12 39

Jolly 2008 Antilles Arc B | OA 78 18 23 18 23 22 28 27 35 18 23 10 13

Ko6nig 2008 Subduction OA | 6 2 33 2 33 2 33 2 33
Ko6nig 2010 Subduction OA | 4 3 75 3 75 3 75 3 75
Leslie 2009 Fiji Arc OA 11 1 9 1 9 1 € 1 G

Pearce 1999 W Pacific OA | 5 1 20 1 20 1 20 1 20

Straub 2010 Izu Bonin OA 48 9 19 9 19 30 63 12 25 14 29 14 29

Tamura 2011 Mariana OA 19 4 21 4 21 4 21 4 21 4 21 3 16

Wharton 1994 Viti Levu OA 6 1 17 1 17 1 17 1 17

Woodhead 2001 Mixed OA 23 4 17 1 4 2 9 3 13
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When confusion matrix for training and test datasets are evaluated, the overall success
ratio for tectonemagmatic discrimination between oceanic and continental settings
have an increasing trend with increasing levels in depth for both decisiorBmnees (

Not a valid bookmark seltreference). When their applicabilityo external datasets

is evaluated, the first decision tree seems to fail as a result of overfitting for both
tectonic settings, oceanic and continental, whereas the second decision tree seems to
fail as a result of overfitting only for discrimination odrdinental settingsT@able

3.23).

Table3.22. Confusion Matrix Summary for Training and Test Datasets for Tedagmatic
Discrimination Between Oceanic and Contirzdi8ettings

Tree 1 2

Level 2 3 4 5 6 2 3 4 5 6
TP 452 452 455 459 467 451 451 454 460 467
TN 101 101 133 151 163 100 100 131 145 151
FP 80 80 48 30 18 81 81 50 36 30
FN 35 35 32 28 20 36 36 33 27 20

Table3.23. Confusion Matrix Summary for External Dataset for Tectbtammatic Discrimination
Between Oceanic and Continental Related Settings

Tree 1 2

Level 2 3 4 5 6 2 3 4 5 6
TP 274 274 271 268 264 284 284 294 292 302
TN 113 113 84 97 100 100 100 72 84 75
FP 28 28 57 44 41 41 41 69 57 66
FN 51 51 54 57 61 41 41 29 33 23

Two decision trees have similar results on discrimination of samples from articles of
subductiorrelated settings for both training and external dataBetd. decision tree
is succsasful for the discrimination of training dataset (Table 3.24) with only 1 major

failure and sustains its success for external dataset (Table 3.25).
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Table3.24. Misclassifications byirst decision tree for digimination between oceanic and continental

settings

LEVEL 2 ERRORS
LEVEL 2 ERROR %
LEVEL 3 ERRORS
LEVEL 3 ERROR %
LEVEL 4 ERRORS
LEVEL 4 ERROR %
LEVEL 5 ERRORS
LEVEL 5 ERROR %
LEVEL 6 ERRORS
LEVEL 6 ERROR %

JOURNAL
CLASS
SAMPLES

Gertisser 2000 Aeolian CA 5 5 10

o
[é)]

10

o
[é)]

10

o
(&)

100 | 5 100

Hickey Vargas 2016 Andean| CA 55 | 6 11 6 11 2 4 6 11 2 4

Hickey Vargas 2016 Chile CA 34 | 14 41 14 41 14 41 3 9 3 9

Metrich 2001 Aeolian CA 10 2 20

Mullen 2017 Cascade Arc CA 35 19 54 19 54 18 51 11 31 5 14
Portnyagin 2015 Kamchatka| CA 3 2 67

Simon 2014 Kamchatka CA 39 | 36 92 36 92 5 13 5 13 3 8
Bedard 1999 Canada OA 12 2 17
Hickey Vargas 2013 Daito OA 8 2 25 2 25 4 50 2 25 2 25
Jolly 2007 Greater Antilley OA 37 | 6 16 6 16 3 8 3 8 3 8
Arc

Jolly 2008 Greater Antilley OA 98 | 2 2 2 2 7 7 4 4 3 3
Arc A

Pearce 2005 Mariana OA 11 2 18

Peate 1997 Vanuatu OA 37 | 7 19 7 19 2 5 3 8 2 5

Rojas Agramonte 2017dsser| OA 15 | 5 33 5 33 3 20 3 20 2 13
Antilles

Singer 2007 Aletian OA 48 | 9 19 9 19 4 8 7 15 2 4

Tollstrup 2010 Izu Bonin OA 51 2 4 1 2 2 4

Yogodzinski 2015 W Auletiann OA 19 | 2 11 2 11 3 16

Pearce 1995 Lau OBAB | 25 1 4 1 4

Pearce 2005 Mariana OBAB | 53 1 2 1 2 1 2 3 6 1 2

The trend of nsclassifications through the articles of training (Table 3.26) and

external (Table 3.27) datasets are similar in the second decision tree.

139



Table3.25. Misclassifications byirst decision tree for discrimii@n between oceanic and continental

settings
%] o %] o %) o %) o %) x
s 2| 5| g & g g gl & g
£\ B E| B g| B | & g &
[ [ | w [
zl:, & N & ™ 2 < = o L © ©
Z ) = 1 1 1 1 1 1 1 1 1 1
@ 0 o ] w w w w w w w w w
) < = > > > > > > > > > >
le) | < [ w [ i [ w ] w [ w
] (@] n - - — — | — — — - — — |
Bailey 2009 Santorini CA 45 14 31 14 31 18 40 14 31 11 24
Bryant 2006 Andes CA 3 1 33 1 33
Calanchi 2002 Aeolian CA 8 5 63 5 63 8 100 | 8 100 | 8 100
De Astis 1997 Aeolian CA 18 1 6 1 6 4 22 5 28 5 28
De Astis 2000 Aeolian CA 23 1 4 1 4 5 22 6 26 6 26
lanelli 2017 N Patagoan | CA 9 2 22 1 11 1 11
Andes
Santo 2004 Aeolian CA 31 7 23 7 23 20 65 9 29 9 29
Jolly 2008 Greater Antilley OA 78 11 14 11 14 19 24 9 12 13 17
Arc B
Konig 2008 Subduction Zone| OA 6 1 17 1 17
Konig 2010 Subduction Zone| OA 4 1 25 1 25
Leslie 2009 Fiji Arc OA 11 3 27 3 27 1 9 1 9
Pearce 1999 Western Pacifig OA 5 3 60 3 60 3 60 3 60 4 80
Straub 2010 Izu Bonin OA 48 11 23 11 23 27 56 18 38 25 52
Wharton 1994 Viti Levu OA 6 1 17 1 17 2 33 1 17 2 33
Woodhead 2001 Mixa OA 23 1 4 1 4 3 13 1 4 2 9
Bezos 2009 Lau Basin OBAB | 34 2 6 2 6
Harrison 2003 East Scotia OBAB | 5 4 80 4 80 4 80
lkeda 2016 Mariana OBAB | 15 1 7 1 7 1 7 1 7
Ishizuka 2009 Izu Bonin OBAB | 30 11 37 11 37 6 20 14 47 10 33
Mortimer 2007 South Fiji OBAB | 12 5 42 5 42 2 17 4 33 2 17
Sinton 2003 Manus OBAB | 6 1 17 1 17

140



Table3.26. Misclassifications bgecondlecision tree for discrimination between oceanic and

continental seings

» X 0 X n X 0 S n S
14 14 14 14 14 14 o o 14 o
(e} @) @) @) o o o o o o
o x o o o o o nd o nd
o 14 o 14 o 12 o o o o
_ 1% w | | | [ [ [ i} w i}
< LL| ~N N ™ ™ <t < n n © ©
Z ) — 1 1 1 1 1 1 1 _ i _
x 0 % T w w w w w w w w w
) < = > > > > > > > > >
le) ] < ] [ [ [ [ w [ w w [
] (@] u] — | — | — — — - — -
Gertisser 2000 Aeolian CA 5 5 100 5| 100 5| 100 5| 100 5| 100
Hickey Varga2016 Andean| CA 55 | 6 11 6 11 2 4 6 11 1 2
Hickey Vargas 2016 Chile | CA 34 | 14 41 14 41 13 38 2 6 3 9
Metrich 2001 Aeolian CA 10 2 20 2 20
Mullen 2017 Cascade Arc | CA 35 | 20 57 20 57 23 66 20 57 18 51
Portnyagin 2015 Kamchatkg CA 3 2 67
Simon 2014 Kamchatka CA 39 | 36 92 36 92 3 8 3 8 1 3
Bedard 1999 Canada OA 12 2 17
Hickey Vargas 2013 Daito | OA 8 3 38 3 38 4 50 2 25 1 13
Jolly 2007 Greater Antille§ OA 37 | 6 16 6 16 3 8 3 8 2 5
Arc
Jolly 2008 Greater Antille§ OA 98 | 2 2 2 2 6 6 1 1 2 2
Arc A
Pearce 2005 Mariana OA 11 1 9
Peate 1997 Vanuatu OA 37 | 7 19 7 19 3 8 3 8 2 5
Rojas 2017 Lesser Antilles | OA 15 | 5 33 5 33 3 20 3 20 2 13
Singer 2007 Auletian OA 48 | 9 19 9 19 4 8 8 17 5 10
Todd 2012 Fiji Tonga OA 13 1 8 1 8
Tollstrup 2010 Izu Bonin OA 51 5 10 4 8 1 2
Yogodzinski 2015 Wst OA 19 | 2 11 2 11 3 16 2 11
Auletian
Pearce 2005 Mariana OBAB 53 | 1 2 1 2 1 2
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Table 3.27. Misdassifications byseconddecision tree for discrimination between oceanic and

continental settings

n I 0 I 0 I 0 S S
4 @ o @ o @ o o @ o
o (] o (] o] (] o o 8 o
o o o o o o o o o
o o o o o o o 14 o 14
_ %) | w [ w [ w [ | w |
< (In} N ~N ™ ™ <t < n 0 © ©
Z ) = 1 1 1 1 1 1 1 1 — 1
x 0 o w w w w w w w w w w
) < = > > > > > > > > > >
le) | < [ w [ w [ w [ [ w [
] (@] n — — — — — — — | — |
Bailey 2009 Santorini CA 45 25 56 25 56 28 62 25 56 24 53
Bryant 2006 Andes CA 3 1 33 1 33
Calanchi 2002 Aeolian CA 8 5 63 5 63 8 | 100 8 | 100 8 | 100
De Astis 1997 Aeolian CA 18 1 6 1 6 4 22 5 28 5 28
De Astis 2000 Aeolian CA 23 1 4 1 4 5 22 6 26 7 30
lanelli 2017 Patagoniaj CA 9 1 11 1 11 3 33 2 22 2 22
Andes
Santo 2004 Aeolian CA 31 7 23 7 23 20 65 9 29 18 58
Zelenski 2018 Kamchatka | CA 4 1 25 1 25 1 25 1 25 1 25
Finney 2008 Okmok OA 3
Jolly 2008 Geater Antilles| OA 78 11 14 11 14 20 26 10 13 12 15
Arc B
Leslie 2009 Fiji Arc OA 11 3 27 3 27 1 9 1 9
Pearce 1999 Western Pacifi OA 5 1 20
Straub 2010 Izu Bonin OA 48 3 6 3 6 5 10 4 8 5 10
Wharton 1994 Viti Levu OA 6 1 17 1 17 2 33 1 17 1 17
Woodhead 2001 Mixed OA 23 1 4 1 4 3 13
Harrison 2003 East Scotia | OBAB | 5 5 100 5| 100 5| 100
lkeda 2016 Mariana OBAB | 15 1 7
Ishizuka 2009 Izu Bonin OBAB | 30 12 40 12 40 5 17 12 40 6 20
Mortimer 2007 South Fiji OBAB | 12 5 42 5 42 2 17 4 33 2 17
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3.2.2.2.2 Discrimination Within Oceanic Settings

Two multi-branched decision trees (FiguB&l4and Figure3.45 are constructed for
the discrimination within oceanic settings. Using training set, success ratios for

discrimination &each level of depth are determined.

For confusion matrix, showing the tectemmagmatic discrimination results for
training+test and external datasets; true positive (TP) represents samples of oceanic
backarcs classified as oceanic baaics, true negate (TN) represents samples of
oceanic arcs classified as oceanic arcs, false positive (FP) represents samples of
oceanic arcs classified as oceanic bagls and false negative (FN) represents
samples of oceanic baelkcs classified as oceanic arcs. Whenfasion matrix for
training and test datasets are evaluafBable 3.28), the overall success ratio for
tectonemagmatic discrimination between oceanic arc and oceanicdvackettings

have an increasing trend Wwiincreasing levels in depth for classification of oceanic
backarcs but decreasing trend for classification of oceanic arcs at both decision trees.
When their applicability to external datasets are evaluated, both decision trees with
their all levels shabe accepted to be applicable for tectanagmatic discrimination
between oceanic arc and oceanic bak settings without a significant decrease in
their success ratio3 §ble3.29).

The first decision tree sucsgully discriminate<OA and OBAB from each other for

both training (Table 3.30) and external (Table 3.31) datasletonly 6 articles for
training and 10 articles for external dataset with misclassifications. Each dataset has
only 1 article with major fdure. Misclassifications through articles have similar
trends. The second decision tree is also very similar to the first one for both training
(Table 3.32) and external (Table 3.33) datasets.
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Table 3.28. Confusion Matrix Summary for Training and Test Datasets for TedWagmatic

Discrimination Between Oceanic Arc and Oceanic Baok Settings

Tree

Level 2 3 4 5 6 2 3 4 5 6
TP 77 83 97 94 98 77 83 97 98 99
TN 378 377 366 376 374 378 377 366 371 369
EP 3 4 15 5 7 3 4 15 10 12
EN 29 23 9 12 8 29 23 9 8 7

Table 3.29. Confusion Matrix Summary for External Dataset for Tectbfagmatic Discrimination

Between Oceanic Arc and Oceanic Bakic Settings

Tree

Level 2 3 4 5 6 2 3 4 5 6
TP 54 77 80 80 81 54 77 80 81 81
TN 219 219 211 213 208 219 219 211 197 195
EP 4 4 12 10 15 4 4 12 26 28
EN 48 25 22 22 21 48 25 12 21 21

Table3.30. Misclassifications byirst decision tree for discrimination between oceanic arc and

oceanic baclarc settings

%) X %) X %) X @ X %) X
o o o o
o} x o} x o x o x o} x
= 0 x o x x i
< 0 u o = o = o 0 o e o e
Z 2 7 w & i e i [ w e i o
I < o w w wi w w
> = = N o~ ™ ™ < < 0 10 © ©
e} [©] < — . — 1 — O — 4 _ o
= %) | o o o w o w o o o
o > o > o > o > o >
— 5 - 5 - 5 - 5 - 5
Bedard 1999 Canada | OA 12 2 17 2 17 2 17 2 17 2 17
Hoc_hstaedter 2001 Iz4 OA 2 1 50 1 50
Bonin
Peate 1997 Vanuatu OA 37 1 3 1 3 1 3
Todd 2012 Fiji Tonga | OA 13 1 8 1 8 7 54 2 15 3 23
Beier 2015 Manus OBAB | 6 1 17 1 17 1 17 1 17 1 17
Pearce 2005 Mariana | OBAB | 53 21 40 20 38 12 23 14 26 11 21
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Table3.31. Misclassifications byirst decision tree for discrimination between oceamand

oceanic baclarc settings

%) S %) B %) I %) B %) I
o o o o o
of & o § 9o & ¢ 8§ ¢ &
= % d d o [id x
< 9] u o a5 o = o e 4 5 o e
= n a x o x 74 x o Tl 4 x o
x < o w wi w w w
=) d = S o~ 2 ™ j < ﬂ [t} f ©
9 P w o w o w o w o w o
@ b @ 3 o o @ 3 a o
= 4 = 4 - 5 - 4 - 5
Kénig 2008 Subduction | OA 6 1 17 1 17 1 17 1 17 1 17
Pearce 1999V. Pacific OA 5 1 20 1 20 2 40
Straub 2010 Izu Bonin OA 48 2 4 2 4 3 6 2 4 5 10
Tamura 2011 Mariana OA 19 4 21 4 21 4 21
Wharton 1994 Viti Levu | OA 6 2 33 1 17 2 33
Woodhead 2001 Mixed OA 23 1 4 1 4 1 4 1 4 1 4
Ikeda 2016 Mariana OBAB | 15 5 33 5 33 5 33 5 33 5 33
Ishizuka 2009 Izu Bonin | OBAB | 30 24 80 9 30 7 23 7 23 6 20
Mortimer 2007 South Fiji| OBAB 12 8 67 5 42 4 33 4 33 4 33
Sinton 2003 Manus OBAB | 6 6 100 6 100 6 100 6 100 6 100

Table3.32. Misclassifications bgecondiecision tree for discrimination between oceanic arc and

oceanic baclarc settings

0| Sl o8|l &g
14 14 14 4 14
@ 14 g 14 14
4 n|l21ocl8locl8loc|l8locl|8lao
< n L o o 2 © x 14 x @ & x
z 2 |g|S|E|b|8(5|g|5) 8|58
% 5 = Nl ||| ¥ < wlw | 9 e
o] [©] < — — — — —
S G|T|g|T|d|T|d|T|d|T|a
> > > > >
ozl |||zl | o3
e e = O = = A O ) e I
Bedard 1999 Canada OA 12 | 2 17 | 2 17 | 2 17 | 3 25 | 3 25
Hochstaedter 2001 Izu Bonin OA 2 1 50 1 50
Jolly 2007 Greater Antilles Arc OA 37 1 8 3 8 3 8
Jolly 2008 Grater Antilles Arc A | OA 98 1 1 1 1 1 1 1 1
Peate 1997 Vanuatu OA 37 1 8 1 8 1 3
Todd 2012 Fiji Tonga OA 13 |1 8 1 8 7 54 | 2 15 | 3 23
Beier 2015 Manus Basin OBAB 6 1 17 | 1 17 1 17 1 17 | 1 17
Pearce 2005 Mariana OBAB 53 | 21 |40 [ 20 | 38 |12 [ 23 | 11 | 21 | 9 17
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Table 3.33. Misclassifications byseconddecision tree for discrimination between oceanic arc and

oceanic baclarc settings

2l a2 212|222 l2]|a
S1S5|¢l18|g|18(¢|8&|¢|8
= 0 i x x i x
s 2 = - - I - A 2 A - - -
4 2 a w w w w u ww w w w w
=) = = N o~ ® ™ - < 0 10 © ©
o O < - 1 ~ — = — - — = —
- n u m u fm} u ] u | u |
ol >slal=>lal>slal>lal >
w ] u ] u ] w w u ]
= = = - = o = - = =
Kdnig 2008 Subduction OA 6 1 17 1 17 1 17 1 17 1 17
Pearce 1999 Western Pacifi¢ OA 5 1 20 2 40 2 40
Straub 2010 Izu Bonin OA 48 2 4 2 4 3 6 5 10 6 13
Tamura 2011 Mariana OA 19 4 21 12 63 12 63
Wharton 1994 Viti Levu OA 6 2 33 1 17 2 33
Woodhead 2001 Mixed OA 23 1 4 1 4 1 4 1 4 1 4
Ikeda 2016 Mariana OBAB 15 5 B8] 5 33 5 33 5 B8] 5 33
Ishizuka 2009 Izu Bonin OBAB 30 24 80 9 30 7 23 6 20 6 20
Mortimer 2007 South Fiji OBAB 12 8 67 5 42 4 33 4 33 4 33
Sinton 2003 Manus OBAB 6 6 100 6 100 | 6 100 | 6 100 6 100

3.2.3.Discrimination Within Non -Subduction Settings

3.2.3.1.Discrimination Between Group 1 (Mid-Oceanic Ridge and Oceanic

Plateau) and Group?2 (Oceanic Island and ContinentaWithin -plate) Settings

Two multi-branched decision trees (FiglB&6and Figure3.47) are constructed for
the discrimination between group 1 (radeanic ridge and oceanic plateau) and group
2 (oceanic island and contm@l within-plate) of norsubduction settings. Using

training set, success ratios for discrimination at each level of depth are determined.
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For confusion matrix, showing the tectemmagmatic discrimination results for
training+test and external datasets; true positive (TP) represents samples of group 2
classified as grqu2, true negative (TN) represents samples of group 1 classified as
group 1, false positive (FP) represents samples of group 1 classified as group 2 and

false negative (FN) represents samples of group 2 classified as group 1.

When confusion matrix for traing and test datasets are evaluated, the overall success
ratio for tectonemagmatic discrimination between group 1 (rorkanic ridges and
oceanic plateaus) and group 2 (oceanic islands and continentalpldtes) settings

are increasing with the inaseing depth of the first decision tré@able3.34). For the
second decision tree, on the other hand, it is increasing for group 2 but nearly stable

for group 1 with slight fluctuations at third and fourth levels.

Table3.34. Confusion Matrix Summary for Training and Test Datasets for TedWagmatic
Discrimination Between Group 1 and Group 2 of Mubduction Settings

ree 1 2
Level 2 3 4 5 6 7 2 3 4 5 6 7
TP 680 765 769 763 763 812 680 765 769 763 763 814

TN 1,082 | 1,048 | 1,057 | 1,071 | 1,071 | 1,078 | 1,082 | 1,048 | 1,056 | 1,077 | 1,077 | 1,077

FP 38 72 63 49 49 42 38 72 64 43 43 43

FN 174 89 85 91 91 42 174 89 85 91 91 40

When confusion matrix for external datasets are ewvadiidhe overall success ratio

for tectonemagmatic discrimination between group 1 (foickanic ridge and oceanic
plateaus) and group 2 (oceanic islands and continental vplies) related settings
decreases in varying but not significant degrees fasebend treeslable3.35). Both
decision trees obtain very similar success for discrimination of group 2 with increasing

level of depth but a reverse pattern for discrimination of group 1 is observed so that
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the swecess ratio for the discrimination of group 1 decreases with increasing level of

depth for both decision trees, which can imply the potential of overfitting for group 1.

Table3.35. Confusion Matrix Summaryf External Dataset for Tectoidagmatic Discrimination

Between Group 1 and Group 2 of NBabduction Settings

Tree 1 2
Level 2 3 4 5 6 7 2 3 4 5 6 7
TP 406 473 479 461 461 489 406 473 479 461 461 489

TN 1,432 | 1,258 | 1,298 | 1,318 | 1,318 | 1,350 | 1,432 | 1,258 | 1,320 | 1,372 | 1,372 | 1356

FP 35 209 169 149 149 117 35 209 147 95 95 111

FN 133 66 60 78 78 50 133 66 60 78 78 50

Both decision trees successfully discriminate group 1 (MOR and OP) and group 2 (Ol
and CWP) from each other for both training and externalseéédé There are no major
failures for the discrimination of training set by the first decision tree (Table 3.36). 4
articles from CWP, 4 articles from MOR, 5 articles from Ol and 3 articles OP have
misclassificationsThe first decision tree is succes$fudpplicable to external datasets
(Table 3.37) with only 2 articles completely misclassified. Trend of misclassification

through the articles are similar to each other for both training and external datasets.

Second decision tree dglite similar to theifst decision tree based on the distribution
of misclassifications through the training (Table 3.38) and external (Table 3.39)
datasets. Both decision tree is successful for discrimination of training set and

applicable to external datasets without haxang abrupt change in success ratios.

Second decision tree has also no major failures in training dataset but a few articles
with major and complete failures, which does not effect the overall ratio of success

for this decision tree as the amount of sampldkese articles are limited.
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Table3.36. Misclassifications byirst decision tree for discrimination between group 1 and group 2 of

non-subduction settings

2 i < < S < < <
g A 2 [V |[Q)la|S || |B|lo|lo | ~|R
= ©] ] - - - - - - - - - - - -
Hanghoj 2003 E Greenlan{ CWP 103 |15 [ 15 | 9 9 8 8 9 9 9 9 4 4
Larsen 2003 W Greenland CWP 23 | 6 26 | 5 22 | 5 22 | 5 22 | 5 22 | 5 22
Peate 2003 E Greenland | CWP 41 | 13 | 32 1 2 1 2 1 2
Rooney 2012 Afar Plume | CWP 33 |1 3 1 & 1 3 1 3 1 3 1 &
Arevalo 2010 Mixed MOR 512 |11 | 2 27 | 5 23 | 4 19 | 4 19 | 4 12 | 2
Gale 2011 MAR MOR 70 12 | 17 14 {20 | 14 | 20 | 12 | 17 | 12 | 17 | 12 | 17
Kempton 2002 Indian MOR 63 1 2 1 2 1 2 1 2

Yi 2000 Atlantic MOR 15 4 27 8 53 [ 8 53 | 4 27 | 4 27 | 4 27
Dixon 2008 Hawaii Ol 52 | 7 13 | 6 12 | 6 12 | 6 12 | 6 12 | 2 4
Jackson 2010 Samoa Ol 135 | 6 4 1 1 1 1 1 1
Kokfelt 2006 Iceland Ol 80 53 | 66 33 |41 (33 |41 | 33 |41 |33 |41 |15 | 19
Salters 2010 Walvis Ol 37 19 | 51 17 | 46 | 17 | 46 | 19 | 51 | 19 | 51 | 6 16
Stracke 2003 Iceland Ol 43 |43 |100| 15 (35 |15 |35 |15 |35 |15 (35 | 7 16
Neal 2002 Kerguelen OoP 35 |11 (31 (12 {34 |12 | 34 | 11 | 31 | 11 | 31 | 13 | 37
Sano 2012 Shatsky OP 99 4 4 1 1 1 1 1 1

Tim 2011 Manihiki OP 13 1 8 1 8 1 8 1 8 1 8
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Table3.37. Misclassifications byirst decision tree for discrimination between group 1 and group 2 of

non-subduction settings

% A g N i e i by § v i: © § ~ ii
2 < P> g1 s (&S| 2] ¢ R R - ¢ | g
S o 5 | %8138 |8|8 |83|8 |83|8 (8|8
Davies 2006 Aldan Shield| CWP 7 1 14 1 14 1 14

Endress 2011 Egypt CWP 14 12 | 86 6 43 6 43 6 43

Frey 1996 Bunbury CWP 10 10 | 100 | 10 | 100 | 10 | 100 10 | 100 10 | 100 10 | 100
Furman 2006 Afar Plume | CWP 37 2 5 1 3 1 3 2 5 2 5 2 5
Gibson 1995 SE Brazil CWP 32 1 8 1 3 1 3 1 8 1 3 1 3
Mana 201%EAR CWP 29 2 7 1 3 1 3 1 3 1 3 1 3
Olierook 2016 Bunbury CWP 8 7 88 6 75 6 75 6 75 6 75 6 75
Shuying 2015 South Ching CWP 12 4 33 |3 25 | 3 25 4 33 4 33 3 25
Xu 2001 SW China CwWP 25 1 4 1 4 1 4 1 4 1 4 1 4
Jenner 2012 Mixed MOR 588 7 1 23| 4 19 | 3 19 | 3 19 | 3 25 | 4
Kelley 2013 EPR MAR MOR 562 |21 |4 80 |14 |63 |11 45 | 8 45 | 8 50 | 9
Zhang 2014 South Pacific| MOR 118 72 | 61 48 | 41 48 | 41 48 | 41

Gibson 2005 Tristan Ol 32 24 |75 |19 |59 | 19 | 59 22 | 69 22 | 69 13 | 41
Kitagawa 2008 Iceland Ol 107 35 | 33 17 | 16 17 | 16 22 | 21 22 | 21 12 | 11
Peate 2010 Iceland Ol 18 2 11 1 6 1 6 2 11 2 11 1 6
Borisova 2002 Kerguelen | OP 7 3 (43 |7 |100| 7 100 |7 100 |7 100 |7 100
Frey 2002 Kerguelen OoP 17 1 6 1 6 2 12 2 12 2 12 8 47
Shafer 2004 Owong Java | OP 10 1 10 1 10 1 10 1 10

Tejada 2002 Ontong Java| OP 63 1 2 1 2 1 2 1 2 1 2
Trela 2015 Kerguelen oP 19 15 | 79 15 | 79 13 | 68 13 | 68 13 | 68
Weis 2002 Kerguelen OP 29 5 17 5 17 5 17 5 17
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Table3.38. Misclassifications bgecondiecision tree for discrimination between group 1 and group

2 of nonsubduction settings

1 )

< u X o\° P N S S
g a Z ([Y|la [Qla|f|[I|v|b|lolo | ~|K
> < = | ¢2(2|g|g|lg|gig]2/2s] 2 Q] Q
(@] — < [} () [} (1) [} () [} (@) [} [} (] Q
= (@) %) B I ) [ () e e ) e B e A R
Hanghoj 2003 East cwp | 103]|15 |15 |9 |9 |8 |8 |9 |9 |9 |9 |4 |4

Greenland

Larsen 2003 West

CWP 23 | 6 26 |5 22 | 5 22 | 5 22 | 5 22 | 5 22
Greenland

Peate 2003 East

Greenland CWP 41 | 13 | 32 1 2 1 2 1 2
Rooney 2012 Afar
Plume CWP 33 |1 3 1 3 1 3 1 3 1 3 1 3

Arevdo 2010 Mixed MOR 512 | 11 | 2 27 | 5 21 | 4 15 | 3 15 | 3 13 | 3

Brandl 2012 EPR MOR 10 2 20 | 2 20

Gale 2011 MAR MOR 70 12 | 17 14 (20 | 14 | 20 | 12 | 17 | 12 | 17 | 12 | 17
Yi 2000 Atlantic MOR 15 | 4 27 | 8 53 | 8 53 | 4 27 | 4 27 | 4 27
Dixon 2008 Hawaii Ol 52 |7 13 | 6 12 | 6 12 | 6 12 | 6 12 | 2 4
Jackson 2010 Samoa | Ol 135 | 6 4 1 1 1 1 1 1
Kokfelt 2006 Iceland Ol 80 |53 |66 |33 |41 |33 |41 |33 |41 |33 |41 |15 |19
Salters 2010 Walvis Ol 37 |19 |51 |17 |46 |17 |46 |19 |51 |19 |51 |6 16
Stracke 2003 Iceland Ol 43 | 43 | 100| 15 |35 |15 |35 |15 |35 |15 |35 |5 12
Neal 2002 Kerguelen OoP 35 11 | 31 12 (34 |12 | 34 |11 | 31 |11 | 31 | 13 | 37
Sano 2012 Shatsky OoP 99 4 4 4 4 1 1 1 1

Tim 2011 Manihiki OoP 13 1 8 1 8
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Table3.39. Misclassifications bgecondlecison tree for discrimination between group 1 and group

2 of nonsubduction settings

— (%]

< w =3 S o X S S
4 A g2 | Y|y |9l || |v|b|o|ld | ~]|K
) < = - - - - - - - T - - -
o = < Q ) ] () ) ) Q () o ) ) )
m O n | | | — 1 | | — | | | |
Davies 2006 Aldan | c\yp |7 |1 | 14 1 |14 |1 |14

Shield

Endress 2011 Egypt CWP 14 12 | 86 | 6 43 6 43 | 6 43

Frey 1996 Bunbury Cwp 10 10 | 100 | 10 | 100 | 10 | 100 | 10 | 100 | 10 | 100 | 10 | 100

Furman 2006 Afar

Plume CWP 37 2 5 1 S 1 3 2 5 2 5 2 5

Gibson 1995 SE Brazil| CWP 32 1 3 1 8 1 3 1 3 1 3 1 3

Mana 2015EAR Cwp 29 2 7 1 3 1 3 1 3 1 S 1 S

Olierook 2016 Bunbury] CWP 8 7 88 | 6 75 | 6 75 | 6 75 | 6 75 | 6 75

Shuying 2015 South

China CwpP 12 4 33 | 3 25 [ 3 25 | 4 33 | 4 33 |3 25

Xu 2001 SW China CwpP 25 1 4 1 4 1 4 1 4 1 4 1 4

Jenner 2012 Mixed MOR 588 | 7 1 23 | 4 22 | 4 22 | 4 22 | 4 28 | 5

Kelley 2013 EPR MAR| MOR 562 | 21 | 4 80 (14 |79 |14 |36 | 6 36 | 6 41 | 7

Pyle 1995 Indian

P ciic MOR | 17 1 |6 |1 |6 |16 |1 |6 |1 |6
Gibson 2005 Tristan | Ol 32 |24 |75 |19 |59 |19 [59 |22 |69 |22 |69 |13 |41
Kitagawa 2008 Iceland| Ol 107 |35 |33 |17 |16 |17 |16 |22 (21 |22 |21 |12 |11
Peat 2010 Iceland ol 18 |2 |12 |1 |6 |1 |6 |2 |12 |2 [12 |1 |®
Eg:gggﬁfooz op |7 |3 |4 |7 |100|7 |1200|7 |1200|7 |200]|7 | 100
Frey 2002 Kerguelen | OP 17 |1 |6 |1 |6 |2 |12 |2 |12 |2 |12 |8 |47
f:\f‘;er 2004 0ntong | 10 1 (120 {1 |20 |1 |20 |1 |10

Trela 2015 Kerguelen | OP 19 15|79 |15 |79 |13 |68 | 13 | 68 | 13 | 68
Weis 2002 Kerguelen | OP 29 5 (17 |5 |17 |5 |17 |5 |17
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3.2.3.2.Discrimination Between Mid-Oceanic Ridges and Oceanic Plateaus

Two multi-branched decision trees (FigiB&l8and Figure3.49 are constructed for
the discrimination btween midoceanic ridge and oceanic plateau. Using training set,

success ratios for discrimination at each level of depth are determined.

For confusion matrix, showing the tectemmagmatic discrimination results for
training+test and external datasetsietpositive (TP) represents samples of oceanic
plateaus classified as oceanic plateaus, true negative (TN) represents samples of mid
oceanic ridges classified as rodeanic ridges, false positive (FP) represents samples
of mid-oceanic ridges classified aseanic plateaus and false negative (FN) represents

samples of oceanic plateaus classified asoog&hnic ridges.

When confusion matrix for training and test datasets are evaluated, the overall success
ratio for tectonemagmatic discrimination between mideanic ridges and oceanic
plateaus are continuously increasing with the increasing level of depth in both decision

trees with a few exception$gble3.40).

When confusion matrix for external datasets are evalu#te overall success ratio
for tectonemagmatic discrimination between mideanic ridges and oceanic

plateaus decreases in varying degrees for the secondTadds341).

The first decision tree is quite sessful at the discrimination of MOR and OP for
training dataset, especially for samples of articles from MOR (Table 3.42). Only 1

article from MOR has misclassification and this is solved at sixth level.

The same success is also observed in externaletlatéth a similar trend for the
distribution of misclassification through the articles of MOR and Tiblg3.43).
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