Louisiana State University

LSU Digital Commons

LSU Master's Theses Graduate School

2016

Using Tourmaline As An Indicator Of Provenance: Development
And Application Of A Statistical Approach Using Random Forests

Erin Lael Walden
Louisiana State University and Agricultural and Mechanical College

Follow this and additional works at: https://digitalcommons.Isu.edu/gradschool_theses

6‘ Part of the Earth Sciences Commons

Recommended Citation

Walden, Erin Lael, "Using Tourmaline As An Indicator Of Provenance: Development And Application Of A
Statistical Approach Using Random Forests" (2016). LSU Master's Theses. 4490.
https://digitalcommons.Isu.edu/gradschool_theses/4490

This Thesis is brought to you for free and open access by the Graduate School at LSU Digital Commons. It has
been accepted for inclusion in LSU Master's Theses by an authorized graduate school editor of LSU Digital
Commons. For more information, please contact gradetd@Isu.edu.


https://digitalcommons.lsu.edu/
https://digitalcommons.lsu.edu/gradschool_theses
https://digitalcommons.lsu.edu/gradschool
https://digitalcommons.lsu.edu/gradschool_theses?utm_source=digitalcommons.lsu.edu%2Fgradschool_theses%2F4490&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/153?utm_source=digitalcommons.lsu.edu%2Fgradschool_theses%2F4490&utm_medium=PDF&utm_campaign=PDFCoverPages
https://digitalcommons.lsu.edu/gradschool_theses/4490?utm_source=digitalcommons.lsu.edu%2Fgradschool_theses%2F4490&utm_medium=PDF&utm_campaign=PDFCoverPages
mailto:gradetd@lsu.edu

USING TOURMALINE AS AN INDICATOR OF PROVENANCE:
DEVELOPMENT AND APPLICATION OF A STATISTICAL APPROACH
USING RANDOM FORESTS

A Thesis

Submitted to the Graduate Faculty of the
Louisiana State University and
Agricultural and Mechanical College
in partial fulfillment of the
requirements of the degree of
Master of Science

in

The Department of Geology and Geophysics

by
Erin Lael Walden
B.S., Louisiana State University, 2008
December 2016



In memory of Wayne Douglas Walden



ACKNOWLEDGMENTS

My sincere and endless gratitude goes to Darrell Henry, who provided funding for two years and
saw me through personal and academic hurdles with tireless patience and understanding. His insight and
communication improved this manuscript greatly. | must also thank Barbara Dutrow for her suggestions

and contributions, and Brian Marx for his expertise in statistics and help with programming.

Support for this work came from the Louisiana Workforce Commission via Amy Nelson; I'm
grateful for her patience and assistance with funding. I’m also grateful to the Southeastern Geophysical

Society in New Orleans for their generous grant.

The graduate students in the Department of Geology and Geophysics at LSU were wonderful
comrades as we all worked on our theses together. Philip Bergeron, Celina Will, Isis Fukai, Cindy Colén,

Marielle Ausburn, Callie Anderson, Nick Decker, Ben Maas and many others.

I owe a special thanks to Charles Mann, who helped me break through some really thick walls.

Eiji Miyashita, Tarusuke Shingaki, and Takuya Satou have been a source of comfort and a great
inspiration to me and | would be remiss in not mentioning them. Likewise, my friends gave me the
encouragement | needed to finish this thesis: Bailey Stevenson, Jennifer Newman, Christina Lee, Nicole
Marchant, Catherine Ho, Marlee Mclnelly, Sam Mussman, Meredith Katz, Christine Chun, and Jessica

Johnson, | am deeply in your debt.

Lastly, | owe so much to my family: my sisters Darby Walden, Victoria Anderson, Brett Walden,
Danielle Martin and Jessica Martin. My mother Robin Martin and her husband Richard Martin helped
with proofing and cheerleading. Finally and most of all, my husband, Jonathan Fisher, who supported me

completely when | needed it most.



TABLE OF CONTENTS

ACKNOWLEDGMENTS ... r e r e e n e nn e sr e e sreaneene s iii
F Y= S Y N G PP PT PSPPI %
CHAPTER 1 — INTRODUCTION .....oiiiiiiiitiiiieiei s 1

CHAPTER 2 - CRYSTALLOGRAPHIC AND PETROLOGIC BACKGROUND OF TOURMALINE ..3

L1010 L0 LTSS 3
Tourmaline physical and petrologic background............cccccveiiiiiic i e 9
PIOVENANCE ... ettt bbbt bt e sk b s bt e a bt e skt e bt e eb e e ek et eh bt e R bt e be e ebe e nhe e nheennr e nbe et 10
CHAPTER 3 - STATISTICAL BACKGROUND.......cciiiiiiieiieieieisescsie st 16
10T (o] 4 0] =1 £SO 16
Statistical analytical approaches to provenance StUAIES.........ccvvvevivieiiieie s e 21
CHAPTER 4 — INPUT DATA AND PROGRAMMING ENVIRONMENT .....ccooiiiiiiiniiene e 24
Tourmaline input data for statistical MOUEIING .........c.cooiiiiiiii e 24
QLI LI R =] 01771 0] 1 4 SR 28
CHAPTER 5 — RESULTS ..ottt sttt sttt et e e saenaete s b e tenne s e nenaenen 30
Test with limited NUMDBErs Of [ItNOIOGIES ........ccviiiiiice e e 30
Generation of random forests incorporating large tourmaling datasets ............cccooveeirieniiiiinenenenee 31
CHAPTER 6 — APPLICATION ..ottt sttt sttt sttt nn e enes 39
CHAPTER 7 - CONCLUSION ...ttt sttt sttt ete s nbe st e nee e enes 47
REFERENCES CITED ... ..ottt sttt ettt e st e e st e e e sta e et e e s ate e e steeesnteestaeesnteeesneeennes 49
APPENDIX A — R CODE ...ttt ettt et e et e e st e e st e e sab e e e ta e e ta e e sntaeesaaeesneeas 58
APPENDIX B — DESCRIPTIONS OF DATA SOURCES ...ttt 62
APPENDIX C — FOREST J DATA TABLE ..ottt 65
APPENDIX D — VIATOR DATA TABLE ...ttt 123
R 1 PSPPSR 128



ABSTRACT

Tourmaline is a petrologic indicator mineral that is the major repository of boron in the
earth’s crust. It forms readily when boron is present, accommodating multiple cations and anions
with multiple possible substitutions for each site in the crystal structure. It is stable over a wide
variety of pressures and temperatures, from near-surface P/T conditions to greater than 950 C
and 7 GPa. It records information about conditions of formation, as well as pressure and
temperature. Due to its resistance to chemical or physical weathering, and the negligible
diffusion of elements in the crystal lattice, information about provenance is preserved. In Henry
and Guidotti (1985), major elements of tourmaline were used to construct ternary diagrams that
classify tourmalines according to provenance. However, this technique does not make use of the
entirety of available chemical data. New statistical techniques can make use of all available

chemical information and provide information about element importance.

Using a novel application of an existing statistical method, random forests, to high-
dimensional tourmaline data, provenance information is obtained. Existing chemical analyses are
assembled into a database and labeled with their provenance. A random forest is ‘grown’ using a
full database of tourmaline data, producing a set of rules for classifying tourmalines according to
provenance. The random forest method has internal controls on accuracy and fitting of the data,
and is capable of classifying tourmalines at a level of between 90 and 95% accuracy. As an
independent test, a random forest built from this database is used to successfully classify

tourmalines according to provenance.



CHAPTER 1-INTRODUCTION

Sedimentary provenance studies are important in reconstructing the geologic history of a
region by defining the specific source rock or type of source rock of clastic metasedimentary
materials. Clastic sedimentary provenance studies typically rely on the mineralogical or
lithologic composition of the detrital grains in the sediment, the whole rock chemical or isotopic
characteristics, or the mineral and isotopic compositions of specific detrital materials in the
sediment. (e.g. Morton and Hallsworth 1999). If the primary objective of provenance studies is
the identification of a rock or mineral’s original source, the secondary objective of provenance
studies is the application of that provenance to more regional scales. A series of fundamental
questions asked by early provenance researchers place provenance studies in perspective. “From
what kind of source rock (or rocks) was the sand derived? What was the relief and climate in the
source area? How far and in what direction did the source area lie? ...What kinds of observations
must we make to find an answer to our questions?” (Pettijohn et al. 1987).

In sedimentary and metasedimentary rocks, as well as modern sediments, the ultimate
source of material is a function of physical and chemical weathering, transport, sorting, and
storage, including relief, slope, climate and vegetative cover (e.g. Johnsson 1993). However, the
large majority of clastic material that is weathered out of the rock and transported is prone to
chemical breakdown during weathering and transport, physical rounding, dissolution and
diagenesis after sediment burial and loading (e.g Morton and Hallsworth 1999). Heavy minerals,
which include garnet, hornblende, epidote, apatite, tourmaline, rutile, and zircon, are more
resistant to chemical and mechanical weathering, persisting even through multiple weathering

cycles and reworking of sediments (Morton and Hallsworth 1994, 1999). Among these,



tourmaline is one of the most promising candidates for provenance studies because of its stability
and chemical complexity. It is stable over nearly all crustal pressure and temperature conditions,
as well as acidic to neutral pH conditions in associated fluids (Dutrow and Henry 2011, Van
Hinsberg et al. 2011a, 2011b). Tourmaline easily accommodates different cations and anions
within its structure and offers robust retention of chemical information even after multiple
weathering cycles, and this feature can complement the geochronological information that is
accessible from associated detrital zircon. This combined style of investigation permits a more
holistic approach to provenance. The objective of this study is to evaluate if a statistical
procedure, random forests, can be used to access the entire range of chemical information
available from tourmalines to build models that can be used to make increasingly accurate

predictions of a tourmaline’s provenance.



CHAPTER 2 - CRYSTALLOGRAPHIC AND PETROLOGIC BACKGROUND
OF TOURMALINE

Tourmaline

The potential of tourmaline as a robust provenance indicator is derived from the nature of
its mineralogy and crystallography as well as its wide range of petrologic occurrences. The
tourmaline supergroup minerals, containing 34 species of tourmaline (Henry et al. 2011, see
Table 2.1), constitute the most widespread borosilicate minerals in the Earth’s crust. It has a
Mohs hardness of 7-7 %2 and indistinct cleavage on {110} and {101}. It is frequently prismatic
and color-zoned; these color zones may correspond to compositional zoning, although
compositional zoning may be on a much finer scale than suggested by the color zoning.
Characteristic striations parallel to c-axis and hemimorphic crystal terminations make it easy to

identify in hand sample.

Tourmaline is an acentric rhombohedral cyclosilicate (space group = R3m) (e.g. Dietrich
1985, Henry and Dutrow 1992). The crystal is strongly polar, and exhibits pyroelectric and
piezoelectric qualities, meaning that the crystal develops charges at the poles when subject to
temperature variation or pressure changes along the c-axis (see Figure 2.1 for crystal structure).
When cooled, the antilogous (+c) pole of the crystal develops a positive charge, and the
analogous (-c) pole a negative one. Application of pressure to the crystal along the c-axis will
cause the antilogous pole (+c) to develop a positive charge and the analogous (-c) pole to
develop a negative charge (Barton 1969). Hawkins et al. (1995) found that these properties were

strongly related to the locations of ions in tourmaline’s structure (Figure 2.1).



Table 2.1 — Currently recognized and predicted tourmaline species grouped by X-site
occupancy, according to the nomenclature recommendations (Henry et al. 2011.) These named
tourmaline species are currently recognized by the International Mineralogical Association’s
Commission on New Minerals, Nomenclature and Classification (IMA-CNMNC). The
unnamed species have been predicted.

General (X) (Y3) (Ze) TeO1s V3 W
formula
Alkali Alkali Rl+ R32+ R63+ R64+Olg 831' Sl'
group  subgroup 1
Dravite Na Mgs Alg SigO1s (OH); (OH)
Schorl Na Fes?* Alg SisO1s (CH)s  (OH)
Chromium- Na Mgs Crs SigO1s8 (OH);  (OH)
dravite
Vanadium- Na M93 Vs Sieolg (OH)3 (OH)
dravite
Fluor-dravite Na Mgs Alg SigO1s (OH); F
Fluor-schorl Na Fe,®* Alg SigO1s (OH); F
Potassium- K Mgs Alg SigO1s (OH); (OH)
dravite
Tsilaisite Na Mn32* Alg SigO1s (OH); (OH)
Fluor-tsilaisite ~ Na Mng2* Alg SigO1s (OH); F
Alkali R* Rl,lerRl_s3+ Re3+ Re4+013 531' St
subgroup 2
Elbaite Na Lizs™* Al Alg SigO18 (OH); (OH)
Fluor-elbaite Na Lil,lerA|1,53+ A|5 Sieolg (OH)3 F
Alkali R Ra®* RSE*R2T Re*Ous Sgt Sz
subgroup 3
Povondraite Na Fes®* Fes*Mg.  SisOus (OH); O
Chromo- Na Crs Al:Mg; SigO1s (OH); O
alumino-
povondraite
Bosiite Na Fe33+ A|4|V|gz Sieolg (OH)3 (0]
Oxy-dravite Na Alj Al:Mg; SigO13 (OH); O
Oxy-schorl Na Alj Al SigO13 (OH); O
Oxy- Na V3 CraMg2 SigO1s (OH); O
chromium-
dravite
Oxy—vanadium— Na V3 V4Mgz Sieolg (OH)3
dravite
Vanadio-oxy- Na V3 Al:Mg; SigO18 (OH)3
dravite
Vanadio-oxy- Na V3 CrsMg; SigO18 (OH); O
chromium-
dravite
Potassium- K Fes®* Fes*Mg,  SigOus (OH); O
povondraite
Maruyamaite K (MgAly) (AlsMg)  SiOss (OH); O
Alkali R R RS Re* Re**O1s Sgt Sz
subgroup 4



General (X) (Y3) (Ze) TeO1s Vs w
formula
Darrellhenryite  Na LiiAl, Al6 SigO13 (OH); O
Alkali Rl+ R33+ R63+ R63+018 832' Sl'
subgroup 5
Fluor- Na F833+ A|5 Sieolg (0)3 F
buergerite
Olenite Na Alj Alg SigO18 (0); (OH)
Buergerite Na Fes®* Alg SigO1s (0)s (OH)
Fluor-olenite Na Al; Alg SigO18 (0); F
Alkali R R3% Re** Rs*Rs*01s  Ss  S*
subgroup 6
Na-Al-Al-Al Na A|3 A|6 A|3Si3018 (OH)g (OH)
root name
Na-Al-Al-B Na A|3 A|6 B3Si3013 (OH)g (OH)
root name
Fluor-Na-Al- Na A|3 A|5 A|3Si3018 (OH)3 F
Al-Al root
name
Fluor-Na-Al- Na A|3 A|5 B3Si3018 (OH)3 F
Al-B root name
Calcic  Calcic- Ca? R3%* R*Rs* Re**O1s S3t St
group subgroup 1
Fluor-uvite Ca Mgs MgAls SigO1s (OH); F
Feruvite Ca Fes?t MgAls SigO1s (OH); (OH)
Uvite Ca Mgs MgAls SigO1s (OH); (OH)
Fluor-feruvite Ca Fes MgAls SigO1s (OH); F
Adachiite Ca Fes Alg SisAlO4g (OH); (OH)
Calcic- C&2+ R21+R13+ Re3+ Re4+013 531' St
subgroup 2
Fluor- Ca LizlJrAF’+ A|5 Sieolg (OH)3 F
liddicoatite
Liddicoatite Ca LitAIR* Alg SigO1s (OH); (OH)
Calcic- C3.2+ R32+ R53+ R54+013 531' SZ'
subgroup 3
Ca-Mg-Oroot  Ca Mg?® Alg SigO1s (OH); O
name
Lucchesiite Ca Fes?* Alg SigO1s (OH); O
Calcic- CaZ* Rist*Ris® Al Re*"O1s Sst S
subgroup 4
Ca-Li-O root Ca Li1,5A|1,5 A|5 Sieolg (OH)3 (0]
name
Vacant Vacant- Vacancy (o) R2*R3* Re* Re**O1s Sgt St
group  subgroup 1
Foitite Vacancy (0) Fe,*Al Alg SigO1s (OH); (OH)
Magnesio- Vacancy MgAl Alg SigO1s (OH)3 (OH)
foitite (o)
Vacant- Vacancy R;MR;%* Re* SigO1s Sgt St
subgroup 2 (D)
Rossmanite Vacancy  Lit*Al®%* Alg SigO1s (OH)3 (OH)
(0)
Vacant- Vacancy Ri#'R;%* Re* Re**O1g Sgt Sz
subgroup 3 (D)



General X) (Y3) (Ze) TeO1s Vs w

formula

o-Mg-O root Vacancy MgAl; Alg SigO1s (OH)3 0
name (0)

o-Fe-O root Vacancy Fe?*Al, Alg SigO1s (OH)3 0
name (0)

Vacant- Vacancy Ros'*R2s®t  Re* SigO1s Sa* S*
subgroup 4 (o)

o-Li-O root Vacancy LipsAlys Alg SigO1s (OH)3 @]
name (o)

Tourmaline has a general structural formula XY3Z¢(TsO18)(BO3)3V3W, with the X, Y, Z,
T, V and W sites all capable of varying degrees of chemical substitution (Table 2.2). Each site
can incorporate different cations and anions (and multiple valences of the same cation). As a
cyclosilicate, tourmaline’s structure is characterized by a six-membered ring of tetrahedra. The
tetrahedra’s apical oxygens point toward the analogous (-c) pole (Barton 1969, Henry and

Dutrow 1992).

Figure 2.1 — Crystal structure of tourmaline, viewed perpendicular to the c-axis, with the sites
labeled (Henry and Dutrow 2011.)



Table 2.2 — Site occupation in tourmaline, after Henry et al. (2011). Cations are denoted
with an R, anions with an S. Cations and anions are presented in order of their relative
abundances.

Site Relative abundance of ions Common cations (R) and anions (S) in order of
with different valence states | relative abundance
X R > R?" > 0 (vacancy) R*: Nal*>>K*
R%": Ca?
Y R%*>R¥*>R>RY* R?": Fe?*~Mg?*>Mn?*>>>7Zn?* Ni?*, Co?*, Cu®
R3+:AI3+>>Fe3+>Cr3+>>V3+
R*: Li*
R*:Ti**
Z R3+>>R2+ R3+: A|3+>>Fe3+>Cr3+>V3+
R2+:M92+>Fe2+
T R4+>>R3+ R4+:Si4+
R3*:APR>B3*
B R%* R%":B%*
\/ S>> 5% St OHY
S2:0%
wW St~s% St:OHY~F
S2:0%

The nine-coordinated X site is the largest site, able to accommodate large cations
(commonly Na* and Ca?*, with some minor K* or NH4* or remain vacant (Henry and Dutrow
1996, Henry and Dutrow 2011, Wunder et al.. 2015). The occupant of the X site forms the basis
for the initial discrimination between primary groups of tourmaline, and thus the root name of
the tourmaline species, e.g., schorl (Henry et al. 2011). Depending on what is present in the X
site, compensation involving coupled substitution with ions in other sites may be required

(Hawthorne and Henry 1999, Henry and Dutrow 2011).

The octahedral Y site has the greatest variation in cations: Mg?*, AI¥*, Mn?*, Fe?*, Fe®*,
Cr¥*, V¥, and Ti*" as well as many other elements at trace amounts. Li'* occurs in this site
typically associated with a coupled substitution with AI** (Henry and Dutrow 1992). There

seems to be little or no vacancy at the Y site (Hawthorne et al.. 1993). Trivalent cations dominate



the small, often-distorted Z octahedral site: AI**, Fe**, Cr¥* and V**. However, up to two apfu
Mg?* and, possibly, small amounts of Fe?* can be found in this site (see Table 2.2, Henry and
Dutrow 1992, Henry et al. 2011). The T site is predominantly occupied by Si**, with some
substitutions by AI** and B3 (Schreyer 2000, Marler et al. 2002). This is the only location in the

structure that can be occupied by Si**, although AI** and B®** can occupy other sites.

The three-coordinated BO3 groups oriented perpendicular to the c-axis are exclusively
occupied by B. There is some evidence for tetrahedrally-coordinated boron in both synthetic and
natural tourmalines (e.g., Hughes et al. 2000, Ertl et al. 2008). The growth of tourmaline is

strongly dependent on the availability of boron in the system.

There are 31 anions in the structural formula of tourmaline; these are present at eight
distinct sites in the apices of coordination polyhedra, labeled O(1)- O(8) (Donnay and Buerger
1950). The O(1) and O(4)-O(8) sites contain only O% (Henry and Dutrow 1992, Hawthorne and

Henry 1999 and references therein).

The W [O(1)] site can accommaodate three different anions: OHY, F*, and O%. The
different charges on the ions require coupled substitutions in the structure, such that if 0% > OHY
+ F, which would require the oxy species, a coupled substitution must take place in response to
the difference in charge, limiting the potential occupants. The V site [O(3)] can contain OH* or

07, but is mostly dominated by OH*".



Tourmaline physical and petrologic background
Tourmaline occurs in igneous, metamorphic and sedimentary environments and supports

its unique properties as a provenance indicator mineral (e.g. Van Hinsberg et al. 2011b).
Tourmaline has a large stability range (Figure 2.2). It does not form at surface conditions (25°C,
1 atm), but it is stable at temperatures and pressures found in diagenetic environments (150°C,
100 MPa). Upper pressure and temperature limits of stability of tourmaline depend on
composition but generally are between 5-7 GPa and 725°C-950°C, respectively (Van Hinsberg et
al. 2011a). Tourmaline is also stable in acidic to neutral pH values (Henry and Dutrow 1996) and
is not stable in alkaline fluid compositions (Morgan and London 1989). Tourmaline’s resistance
to mechanical abrasion is comparable with corundum, rutile and zircon (Morton and Hallsworth

1999 and references therein.)

8 1 1 1 I Ll
Tourmaline unstable
Tourmaline stable .
6 { depending on Tourmaline stable
composition depending on
—_ composition
=
fat
C
) 4
=
o
[75)
L
=9
2 Tourmaline
unstable
0 n 1 1 L 0 1 L 1 1 1
600 800 1000 600 700 800 900 1000

Figure 2.2 — Simplified stability field of tourmaline of various compositions from Dutrow
and Henry (2011).



Under most crustal conditions, if boron is available from an internal or external source,
tourmaline will generally develop. Tourmaline crystals grow faster at the antilogous (+c) end
than the analogous end (-c) in lower temperature environments. At lower temperatures the
pyramidal faces at either pole as well as the prismatic faces differentially incorporate certain
cations, anions and isotopes and can produce sector zoning (e.g., Henry and Dutrow 1996, Van
Hinsberg and Schumacher 2007). The preferential fractionation diminishes as temperature
increases (Henry and Dutrow 1996). Rates of diffusion of cations and anions in the tourmaline
structure are negligible; as such identifiable differences in composition in chemical zoning are
preserved to the highest grades of metamorphism (e.g., Van Hinsberg and Marschall 2007, Van
Hinsberg and Schumacher 2007.) The ready accommodation of so many different ions in the
petrologic environment means that tourmaline can act as a recorder of the conditions in which it
forms, a kind of ‘geologic DVD’ that records and preserves information (Dutrow and Henry
2011, Van Hinsberg et al. 2011a, Henry and Dutrow 2012, Dutrow and Henry 2016). Sector
zoning of tourmaline is a source of information on thermometric conditions of formation (e.g.,
Van Hinsberg and Schumacher 2007), recording the changes of not just fluid composition but

local temperature as well.

Provenance

Provenance studies can reveal the lithologies from a distal area (Krynine 1946), the
tectonic history of the source area and, thus, the paleogeography, providing invaluable
information for reconstruction of ancient terranes (Johnsson 1993) and provide criteria for
correlation and differentiation of source units (Krynine 1946). Early elements of provenance
studies were more qualitative than quantitative; for example, comparing the optical color of a

tourmaline clastic grain with its suspected parent rock formation. Since the advent of widely

10



available microanalytical techniques, there has been a push to quantify provenance properties for

standardized use across industry and research.

The use of heavy minerals (those minerals with a specific gravity higher than 2.80) as
indicators of source lithologic units has a long history (e.g. Morton 1991). This includes
common rock-forming minerals like pyroxenes, garnets and micas, and accessory minerals like
zircon, apatite, rutile, and tourmaline. The proportion of these minerals in sands is a function of
two separate sources of variation: mineral sources (lithologies) and transport sources. Variability
and concentration of heavy minerals in sediments can be due to intrinsic mineral properties like
specific gravity, durability and stability. Transport sources of variation in heavy mineral
distribution include hydraulic sorting, sedimentary basin shape, transport distance and flow
velocity; Morton and Hallsworth (1994) identified hydraulics and diagenesis as the most
important controlling factors on developing and maintaining heavy mineral suites in sedimentary
rocks. They noted that the mechanical behavior of grains in water was dependent on grain size
and shape (which was in turn reflective of intrinsic mineral properties like habit and cleavage).
Mineral species with properties that are similar will behave in similar ways hydraulically, so the
physical mechanisms of transport will tend to concentrate minerals with like habits and densities
in the same places within sediment storage. Authigenic and diagenetic processes further modify
mineral assemblages in sandstones. Heavy minerals in provenance studies are susceptible to
mechanical concentration, which can create unrealistic analogues for geologic units, and the

recycling of heavy mineral grains into new sediment loads (and eventually into new units).

Heavy mineral ratios or provenance-sensitive index values compare amounts of
chemically and mechanically resistant minerals with more unstable mineral species with the
same hydraulic properties from the same rock type (Morton and Hallsworth 1994). Using heavy

11



mineral index values is not destructive and may be undertaken in the process of concentrating
heavy mineral grains for microanalysis. Diagenesis has the “most profound” effect on heavy
mineral suites, with some species lost entirely to dissolution; thus provenance-sensitive index
values must contain one mineral that is resistant to dissolution or reaction at both surface
temperatures and pressure, as well as abundant in detrital sediments. Examples of the
provenance-sensitive indices include garnet-zircon (GZi) and apatite-tourmaline (ATi), which
compare the amount of remaining garnet to zircon and apatite to tourmaline, respectively. Based
on lateral or temporal changes in the ratios of these similar heavy minerals (index values),

changes in provenance may then also be inferred (Morton and Hallsworth 1994).

The zircon-tourmaline-rutile (ZTR) maturity index was proposed by Hubert (1962) for
use in sandstones as a measure of a sandstone’s mineralogical maturity and is the “percentage of
the combined zircon, tourmaline, and rutile among the transparent, nonmicaceous detrital heavy
minerals.” Mineralogical maturity can be an indicator of how long sediment has been in
transport. Along with textural information about sorting, rounding, and authigenic overgrowths,

maturity indices reflect the erosional and depositional history of a sediment.

Krynine (1946) examined the occurrence of the tourmaline group in sediments, including
making inferences about provenance from tourmaline grain morphology, color, overgrowths and
concentrations in sediments. In this work, he attempted to draw conclusions about the
relationships between tourmaline color, morphology, and composition, as well as the relationship
between these qualities and their likely environments of formation. He identified the following
types of tourmalines: granitic tourmalines, pegmatitic tourmalines, metasomatic tourmalines that
form as a consequence of fluid injection during regional pegmatite-related metamorphosis,

authigenic ‘cold water’ tourmalines that form on the sea bottom, and “non-injected bedrock™ or

12



detrital tourmalines (which are in turn weathered out from the four ‘primary’ sources, and
become incorporated into a younger sedimentary rock.) He included several photomicrographs of
detrital tourmaline in plane-polarized light, pointing out the morphology of grains in different
stages of transport, the shape of authigenic overgrowths, and the value of color as discriminants

between several potential sedimentary provinces (see Suttner 1974).

Although some general correlations between color and tourmaline species exist, using
color as an indicator of source material is problematic (Dietrich 1985). Tourmaline compositions
(rather than color) provide a more meaningful basis for source rock discrimination. With the
acquisition of large amounts of microanalytical data on tourmaline, the additional dimension of
composition could be used to establish provenance with tourmaline. Henry and Guidotti (1985)
demonstrated the usefulness of the chemistry of tourmaline as a petrogenetic indicator that could
reveal information about source rocks. They used tourmaline analyses from sources in the
literature to develop two ternary plots (Figures 2.3 and 2.4.) Recognizing the significant ranges
of calcium, iron, magnesium, and aluminum found in tourmaline, they considered that these
elements would provide the greatest discrimination among potential source rock types. To
illustrate these variations they used two ternary diagrams: the AlsoFe(tot)so-AlsoMgso), and Ca-
Fe(total)-Mg (Ca-Fe(tot)-Mg). Analyses with known provenance from the literature were used to
define fields on these compositional diagrams. Chemical analyses from measurements were
plotted on the diagrams and fell into one or more of these fields, yielding a suggested provenance
for that composition. The strength of this approach is that it is an easy-to-understand AFM-style
ternary diagram useful for provenance for a wide range of rock types. However, this approach
only considers four of the many possible cations that are present in the tourmaline, potentially

limiting our understanding. There are several multivariate statistical methods that could be
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potentially be used for classification, some of which have already been used in geology for
classification, e.g., Griffin et al. 1997. Weltje (2002) recommends referring to a geological

“sample” as a specimen, to avoid confusion with the similar statistical term.

Oxy-schorl

Oxy-dravite
Foitite

Magnesio-foitite

'''''''''

_ Uvite

Al Fe,, — N T ALMe,

Figure 2.3 — AFM ternary diagram (in molecular proportions) for provenance discrimination,
after Henry and Guidotti (1985) and Van Hinsberg et al. (2011b). Fe is considered as the sum of
Fe?* and Fe3*. Major tourmaline species are plotted as a guide. Note that the fields associated
with low-Ca metaultramafics and Cr, VV-rich metasediments (the purple field) and
metacarbonates and meta-pyroxenites (the yellow field) overlap the fields associated with
metapelites and Fe3*-rich rocks.
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Figure 2.4 — Ca-Fe(tot)-M ternary diagram (in molecular proportions) for provenance
discrimination, after Henry and Guidotti (1985). Major tourmaline species are plotted as a guide.
The fields correspond to (1) Li-rich granitoid pegmatites and aplites, (2) Li-poor granitoids and
associated pegmatites and aplites, (3) Ca-rich metapelites, metapsammites, and calc-silicate
rocks, (4) Ca-poor metapelites, metapsammites, and quartz-tourmaline rocks, (5)
Metacarbonates, and (6) Metaultramafics. Note that fields 5 and 6 overlap with fields 3 and 4,
respectively.
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CHAPTER 3 - STATISTICAL BACKGROUND

Random forests

There are numerous statistical methods available to evaluate chemical data. Classification
trees are robust, easy to understand and do not require a lot of computational resources.
Conceptually, an analysis is placed at the “trunk™ of a tree and at branching points, moves
distally, until it is in its own class with others that are very similar (a terminal node, or “leaf”).
One classification tree gives one expected classification outcome for each specimen.
Unfortunately, with a single decision tree, one decision is made about the classification outcome,
and the discriminatory power of more sensitive classifiers may be lost. Important variables may

be missed or narrowly outperformed at decision splits.

Ensemble learning builds prediction models by “combining the strengths of a collection
of simpler base models” (Hastie et al. 2009). Ensemble methods reduce over-fitting by averaging
the result of multiple models to produce an outcome; multiple diverse models that are averaged
together or otherwise collected can obtain better results than a method that only uses one model
(Dietterich 2000). Classification trees are vulnerable to being over-complex (for example, one
analysis per terminal node instead of multiple analyses contained in a node) and become more
computationally resource-intensive as added variables make the ‘best tree’ unfeasible to
calculate. Pruning a classification tree using a greedy algorithm, which makes the best possible
decision at a decision switch, is one way to reduce the complexity of trees. Minimal cost-
complexity pruning using the mean square error keeps the largest amount of data in the tree
possible to avoid loss of resolution and information on interactions between classifiers, while

maximizing correct predictions.
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Caruana and Niculescu-Mizil (2006) tested multiple supervised learning methods, and
suggested bagged trees, random forests and neural nets as the best methods for classification.
Decision trees are able to capture complex interactions between variables but have a tendency to
overfit the data, especially in the presence of noise in the data set; this is the tendency of
classification trees to produce classifiers with low bias but high variance (a familiar feature of
the bias-variance tradeoff). To reduce variance between models (and therefore improve
classification results from more than one tree which may split on different variables), averaging
together multiple outcomes from trees that are all grown to the same depth can lower variance
without increasing bias (Hastie et al. 2009). One method to do this is called bagging, from

‘bootstrap aggregating’ and was proposed by Leo Breiman (1996).

Bootstraps test the distribution of data by using randomly selected portions of that data
with replacement. The bootstrap method divides a set of data with n samples into a training set, T
and a learning set, L, by randomly sampling the data set. Each time a bootstrap sample B is
obtained from that data set, the entire data set is reloaded for random selection in the next
sampling run, up to n times. Over many sampling runs, a single piece of data may be selected for
inclusion in a bootstrap more than once. For sufficiently large data sets (n>50), a bootstrap
sample’s composition approaches 63.2% of the original data set, and is labeled with the correct
dependent or output value, y, forming training set T. The remaining 36.8% of the original data
set is left out of the training set and forms the learning set L. The bootstrap sample replicates the
behavior of the original data set, so fitting the model to the bootstrap data set produces classifiers
with the same characteristics and behavior of the original data set. To aggregate the bootstrap
samples, a predictor function Q(x,T) is used to construct classifiers from the original data set

using bootstrap sampling, such that the kth predictor is based on the kth bootstrap training set
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(Breiman 1996b). Bootstrap aggregating is often done on classifiers, especially decision trees;
growing multiple trees and averaging the results (aggregating) will combine the strengths of
decision trees with the ‘wisdom of crowds’. An additional feature of bagging was the
development of the ‘out-of-bag’ (OOB) measurement, which determines the rate at which the
OOB samples (which formed the learning set L) are misclassified and is comparable to the actual
misclassification rate (Tibshirani 1996, Breiman 2001.) Bylander and Hanzlik (1999) and
references therein state that OOB estimates of classification error are more ‘pessimistic’ than
true error rates. Using OOB error rates will allow for a more conservative evaluation of a

constructed forest, as true misclassification error rates will likely be lower.

However, including a random perturbation of the system was posited by Ho (1998) to
improve accuracy of classification in decision forests and was further expanded upon by
Breiman (1998), who determined that the random sampling in bagging would be a sufficient
source of randomness (Denil et al. 2014). Revisions of the method also introduced the random
selection of a feature on which to split the tree, to keep the construction of trees diverse. Random
forests, which grows hundreds of trees using a random subset of the data in each tree and
averages the result, was determined to be the best approach for handling tourmaline provenance
data, because it keeps the largest amount of data in the trees until the voting process, allowing

the capture of potentially unknown interactions between chemical elements.

Random forests (RF) is a combination of decision trees and bagging (Figure 3.1),
developed by Leo Breiman and Adele Cutler in 2001 (please see Breiman 2001 for proofs).
While Random Forests has been trademarked and is offered as part of a proprietary software
package distributed by Adele Cutler, other researchers have continued to develop and refine the
random forests algorithms. Some have developed software packages that are open-source and
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free to use; one such package is available for the free statistical computer software R

(http://www.r-project.org) and maintained by Andy Liaw (Liaw and Wiener 2002). To prevent

confusion between them, the trademarked software package will be denoted (Random Forests)
and the R software package as (randomForest). RF or random forests is intended to refer to the

statistical technique itself and not the trademarked software package or the package for R.

RF is a nonparametric, supervised ensemble method. It has been used in multiple
branches of social and medical sciences because of its ability to handle data with high
dimensionality. This data may be homogenous or heterogeneous, and has the potential to
accommodate information like petrographic textures, mineral facies or associations, and
metamorphic grades in addition to ‘real-number’ raw measurements of chemical compositions,

isotopic ratios, or data from Raman or Mossbauer spectroscopy.

RF will rank each variable by importance in making predictions of classification;
knowing which chemical elements are the most important helps us understand how the tree is
splitting and what other factors might be influencing the splits. This variable importance
measurement is also useful in model reduction. It may be that some chemical elements are noise
predictors and can be eliminated in favor of producing a model that is simpler, while still being
accurate. RF becomes more accurate with large numbers of classifiers, although a point of
diminishing returns is reached at n =500 classification trees. Accuracy is also increased by the
use of a training set and test set that are separate. Using unlabeled “never before seen” data
reduces overfitting in the trees (Hastie et al. 2009.) Random forests are well-suited to the volume
and complexity of tourmaline chemical data and are capable of accurately identifying distinct

chemical sources of tourmaline with a low misclassification rate.

19


http://www.r-project.org/

. . . . . {ly,x ).n=1,...,N} = L, alearning set where the y
= is a provenance label dependent on x and x is a
. ’ O ‘ vector containing attributes (in this case, chemical
information.) We use .L to build a classifier p(x, L)
Original dataset (N=10)  that predicts y, forinput x.

Repeated random sampling with replacement forms a sequence of
learning sets, { £, }, each with the same N as the original data set.
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Figure 3.1 — A diagram showing how random forests are constructed from bootstrap aggregated
decision trees. The different colors of the samples in the original data set represent different types
of tourmalines. Sampling from the original data set N may lead to some kinds of tourmalines not
being included in each bootstrap. Parts of this diagram were taken from Verikas et al. 2011.
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Challenges to using random forests include the lack of a model; the forest is newly grown
every time the code is loaded, and code must be included to retain a specific forest for future use.
Newly growing a forest each time may also change variable important measurements between

features that are narrowly competing for the greatest importance.

Statistical analytical approaches to provenance studies
Statistical approaches specifically hold a great deal of power to manage high-dimensional

data like mineral chemical analyses (e.g. Belousova et al. 2002a). Random forests have been
used in addressing problems in medicine, life sciences, and the social sciences, but they have
also been used in forestry (Attarchi and Gloaguen 2014), soil science (Pahlavan Rad et al. 2014),
mapping (Shruthi et al. 2014), hydrology and aquifer management (Baudron et al. 2013), and ore

grading and exploration (O’Brien et al. 2015, Sheng et al. 2015).

Baudron et al. (2013) used random forests as a method to classify and then identify
natural waters from an aquifer system in Spain. The authors wanted to determine the origin of
well water samples in a complex aquifer system, using widely available measurements of major
aqueous chemical constituents. Several statistical methods were tested, including linear
discriminant analysis (LDA) and classification and regression trees (CART). LDA was able to
classify groundwater samples with 84% accuracy; CART was able to achieve 88% accuracy.
Using random forests resulted in a model that classified groundwater origins with 94.3%

accuracy.

Clarke et al. (1989) began developing tourmaline as an indicator mineral for
economically viable deposits in Nova Scotia, Canada; the data they used included chemical

information as well as boron isotopes. Using both LDA and quadratic discriminant analysis
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(QDA), the authors were able to distinguish between three different populations of tourmalines
defined as barren, granite-related mineralized deposits, and non-granite-related mineralized
deposits with up to 89% accuracy using LDA and 98% accuracy using QDA. Belousova et al.
(20024, b) used classification and regression trees on trace element compositions of apatite and
zircon to determine source rock composition. Using predictions generated by these methods, the
authors recommended the adoption of a statistical method that could identify a tourmaline’s

source rock for economic purposes.

The literature has a large body of tourmaline chemical data with known provenance
which can be used to develop a database of samples to serve as a starting point for differentiating
between source rock types. Using random forests, information about tourmaline chemical
composition develops a set of “rules” for the classification of tourmalines according to source

rock type. Further development of the method follows the workflow shown in Figure 3.2.
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Figure 3.2 — Iterative workflow method for this study, developing tourmaline data set and
associated random forests. Fine-tuning methods as suggested by Dietterich (2000).
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CHAPTER 4 - INPUT DATA AND PROGRAMMING ENVIRONMENT

Tourmaline input data for statistical modeling

Tourmaline chemical data are used with the random forest method to obtain a statistical
model for provenance applications. The input used for the random forest method is tourmaline
mineral-chemical data coupled with its known provenance. Although any tourmaline parameter
can be used (e.g., color, shape, etc.) for this type of statistical analysis, mineral chemistry is
considered the most useful. A relatively comprehensive list of 39 potential tourmaline source
lithologies was developed by Darrell Henry (personal communication) and serves as a starting
point for establishing possible provenance classes for this statistical model (see Table 4.1). The
input data used for this modeling is derived from the literature (see Appendix B for literature
descriptions). Assignment of a specific tourmaline to a specific lithologic environment can be
challenging because of several factors that can obfuscate the lithologic assignment including: a
mixed chemical signal from host rock and infiltrating fluid, strong zoning in the tourmaline, and
diagenetic and metamorphic overgrowths on detrital tourmaline cores. For each sample, its field

location was noted from its respective study and used to assign a provenance class.

Tourmaline mineral chemistry has been typically determined using two different
analytical approaches—wet chemistry and electron microprobe analysis (EPMA). Wet chemical
analytical techniques allow all elements and the oxidation states of transition elements to be
determined. However, this approach is time-consuming and uses entire grains so that any
chemical zoning is lost. In contrast, analysis using the EPMA can determine tourmaline
compositions at the micrometer scale, but there are analytical limitations that must be
considered. One of the most important tourmaline constituents, boron, is not analyzed very

accurately with EPMA and boron is commonly assumed to be 3 B apfu (Henry et al., 2011).
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Other light elements such as hydrogen and lithium cannot be analyzed and the oxidation states of
transition elements cannot be directly evaluated with an EPMA, but there are methods to
approximate these elements (e.g., Henry and Dutrow 1996, Henry et al. 2011). Nonetheless, light
elements are more frequently being analyzed at the micrometer scale using techniques such as
SIMS; these data can be used to check the estimation procedures of light elements and varying

oxidation states obtained from the EPMA microanalyses.

Both analytical techniques typically report the compositions of the elements analyzed in
terms of weight percent (wt%) oxide, with the exception of the anions F and CI. To calculate a
structural formula of a mineral, these wt% oxide data are normalized based on an assumed
number of anions in the structural formula (e.g., 31 oxygens) or a fixed number of cations (e.g.,
Si=6). Next, the calculated ions are distributed into tourmaline structural sites based on several
assumptions of the appropriate site occupancy (see Henry et al. 2011). There are potential issues
in using normalized ionic values and structural-site assignments for specific ions as the input for
the statistical models. In these cases analytical errors in one or more of the measured elements
can propagate through all of the normalized ions and site-assigned ions, and this can skew the
data. As such, in this study the measured wt% oxides (or element% F) are directly used as input
for the statistical model without normalization. Because Li is a very important constituent of
tourmaline in some granitic pegmatites, Li>O is estimated with a procedure established by
Pesquera et al. (2016) and used for the Li>O value unless Li20 is directly measured by wet

chemistry or SIMS.

To generate random forests, all of the data can be used to create classifiers, but not all
input parameters used to build classifiers are equally important. Parameters which are not
important can be eliminated in the model without significantly changing the classification result
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(Liaw and Wiener 2002). In tourmaline, a relatively comprehensive group of input parameters
for the statistical model include the following chemical elements, (in wt% oxides and wt% F,
Cl): B203, SiOz, Al>,03, TiO2, Cr203, Fe>03, FeO, MnO, MgO, V203, ZnO, SrO, Ca0, Li.0,
Na20, K20, F, Cl. In the case of EPMA data, Li.O was estimated using the procedure of
Pesquera et al. (2016). Because the EPMA cannot directly determine Fe>O3 contents, the Fe data
are assumed to be all FeO. For those wet chemical analyses in which Fe.O3 was measured, the

data was recalculated so that all of the Fe,Os is recast as FeO.

For specific applications some of the unimportant input parameters (as determined by the
random forest’s variable importance measurement) can be eliminated, e.g. compared to F, Cl is
not important in splitting the decision trees and was removed for some forests. In the case where
there was missing data either the sample is not used or the parameter is assigned a zero for the
purposes of modeling. As a way of filtering the inferior data, specimens with weight percentage
totals lower than 92 or higher than 103 were not used. Divisions are made according to general
rock type, important constituents like lithium or aluminum, and metamorphic grade. Rock types
containing aluminum-saturated phases (e.g., andalusite, kyanite) are considered aluminum-rich.

Rocks with lithium measurements higher than 40 ppm are considered to be enriched in lithium.
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Table 4.1 — Potential source lithologies containing tourmaline (Darrell Henry, personal
communication). This ideal classification scheme may not reflect actual provenance classes.

Class General provenance Litho_logic or Specific lithologic association or
chemical type provenance
1 Granitic Low Li Aplite
2 Granitic High Li Aplite
3 Granitic Low Li Pegmatite
4 Granitic High Li Pegmatite
5 Granitic Low Li Plutonic
6 Granitic High Li Plutonic
7 Granitic gneiss Low Li Metamorphic
8 Granitic gneiss High Li Metamorphic
9 Metapelite Diagenetic Monopolar growth
10 Metapelite Low Al Low grade
11 Metapelite High Al Low grade
12 Metapelite Low Al Medium grade
13 Metapelite High Al Medium grade
14 Metapelite Low Al High grade
15 Metapelite High Al High grade
16 Metapsammite Diagenetic Monopolar growth
17 Metapsammite Low Al Low grade
18 Metapsammite High Al Low grade
19 Metapsammite Low Al Medium grade
20 Metapsammite High Al Medium grade
21 Metapsammite Low Al High grade
22 Metapsammite High Al High grade
23 Calcareous metasediment Marble Low grade, >50% carbonate
24 Calcareous metasediment Marble Medium grade, >50% carbonate
25 Calcareous metasediment Marble High grade, >50% carbonate
26 Calcareous metasediment Calc-silicate rock Low grade, <5% carbonate
27 Calcareous metasediment Calc-silicate rock Medium grade, <5% carbonate
28 Calcareous metasediment Calc-silicate rock High grade, <5% carbonate
29 Meta-mafics Greenschist
30 Meta-mafics Amphibolite
31 Meta-mafics Mafic granulite
32 Meta-mafics Mafic eclogite
33 Meta-mafics Blueschist
34 Meta-ultramafics
35 Meta-evaporites
36 Meta-ironstones
37 Quartz veins Barren
38 Quartz veins Sn-W deposits
39 Tourmalinite
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The R environment

The randomForest package for R generates variable importance measurements for the
features each time a forest is grown. Variability in the performance of the forest can be directly
related to class definitions and how ‘correctly’ a sample is labeled. Liaw and Wiener (2002)
indicate that although importance measurements may vary from run to run, the ranking of
importance tends to be stable. Even though there is no model and the trees grown are different
every time, the competition between attributes in the forest should produce similar results each
time a forest is grown on a data set.

The output for randomForest includes the OOB rate as well as a confusion matrix and a
ratio of correct to incorrect classifications given as ‘class.error’. The class.error value is the
number of Type | and Type Il errors summed and divided by the total number of specimens in
the provenance class. Type I errors are ‘false positives’, a specimen assigned to a class when it
does not belong to that class. Type II errors are ‘false negatives’, or the forest failing to assign a
specimen the class to which it actually belongs. The confusion matrix allows performance of the
forest to be evaluated easily and quickly: it is obvious which classes are underperforming,
because their class.error values approach one (and those values for which accuracy would be
low; conversely, when accuracy is high, class.error values approach zero). The package also
includes a ‘predict’ function which generates a probability for any particular specimen to be put
into each provenance class. Comparing labels with probabilities allowed determination of

inaccurate assignment of provenance to a specimen.

Keeping in mind that the decision trees in the forest are weak learners (Schapire 1990),
probabilities were compared for each specimen’s final classification with the known provenance

labels. Most individual specimens showed high probability for a single class, but a few
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Numeric best Li20 -
provenance measured or

ource class for R Si02 AI203 TiO2 Total as FeO | MnO MgO CaO calculated Na20

Trumbull 2009 (15 YZT

optimal) 4 37.25 31.08 0.52 4.30 0.03 9.21 0.93 0.00 2.39 0.21
Trumbull 2009 (15 YZT

optimal) 4 36.94 31.21 0.47 4.05 0.07 9.21 0.96 0.00 2.36 0.21
Trumbull 2009 (15 YZT

optimal) 4 36.89 31.24 0.23 6.40 0.02 7.48 0.35 0.00 2.52 0.30
Trumbull 2009 (15 YZT

optimal) 4 37.39 30.64 0.49 4.40 0.03 9.52 0.91 0.00 2.32 0.27
Trumbull 2009 (15 YZT

optimal) 4 37.18 31.26 0.57 4.16 0.00 9.33 1.06 0.00 2.24 0.18
Trumbull 2009 (15 YZT

optimal) 4 36.56 29.70 0.47 5.74 0.01 8.71 0.77 0.00 2.38 0.14
Trumbull 2009 (15 YZT

optimal) 4 37.24 31.52 0.33 3.57 0.00 9.33 0.44 0.00 2.58 0.07
Trumbull 2009 (15 YZT

optimal) 4 37.45 31.39 0.24 3.73 0.00 9.04 0.33 0.00 2.51 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.34 31.79 0.12 3.89 0.04 8.95 0.28 0.00 2.55 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.06 31.55 0.32 3.68 0.00 9.14 0.40 0.00 2.45 0.15
Trumbull 2009 (15 YZT

optimal) 4 36.00 31.03 0.18 5.84 0.01 8.79 0.32 0.00 2.45 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.46 30.94 0.47 3.60 0.01 9.66 0.77 0.00 2.46 0.17
Trumbull 2009 (15 YZT

optimal) 4 37.18 30.02 0.49 4.59 0.02 9.34 0.86 0.00 2.47 0.10
Trumbull 2009 (15 YZT

optimal) 4 37.01 29.97 0.38 4.93 0.01 9.13 0.69 0.00 2.58 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.14 30.73 0.60 3.32 0.03 9.61 1.02 0.00 2.35 0.18
Trumbull 2009 (15 YZT

optimal) 4 37.30 30.51 0.57 3.62 0.00 9.77 0.94 0.00 2.40 0.17
Trumbull 2009 (15 YZT

optimal) 4 37.55 31.50 0.27 3.44 0.05 9.33 0.31 0.00 2.53 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.53 31.04 0.37 3.58 0.00 9.55 0.59 0.00 2.50 0.20
Trumbull 2009 (15 YZT

optimal) 4 37.74 31.93 0.18 3.67 0.00 8.88 0.23 0.00 2.46 0.00
Trumbull 2009 (15 YZT

optimal) 4 36.70 30.01 0.56 4.54 0.00 9.34 0.81 0.00 2.47 0.02
Trumbull 2009 (15 YZT

optimal) 4 37.03 30.87 0.53 3.54 0.00 9.64 0.91 0.00 2.44 0.18
Trumbull 2009 (15 YZT

optimal) 4 37.59 31.73 0.10 3.79 0.02 8.91 0.25 0.00 241 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.55 31.33 0.23 3.67 0.05 9.05 0.36 0.00 245 0.00
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Numeric best Li20 -
provenance measured or

ource class for R Si02 AI203 TiO2 Total as FeO | MnO MgO CaO calculated Na20

Trumbull 2009 (15 YZT

optimal) 4 37.19 30.81 0.19 4.34 0.02 8.83 0.50 0.00 2.53 0.00
Trumbull 2009 (15 YZT

optimal) 4 36.84 30.26 0.57 3.58 0.04 9.38 0.94 0.00 2.27 0.15
Trumbull 2009 (15 YZT

optimal) 4 37.18 30.74 0.53 3.57 0.02 9.69 0.99 0.00 2.24 0.25
Trumbull 2009 (15 YZT

optimal) 4 37.24 30.36 0.59 4.12 0.00 9.59 0.80 0.00 2.52 0.04
Trumbull 2009 (15 YZT

optimal) 4 37.25 30.70 0.47 4.24 0.04 9.67 0.78 0.00 2.55 0.03
Trumbull 2009 (15 YZT

optimal) 4 37.20 30.86 0.55 3.54 0.02 9.57 1.00 0.00 2.26 0.21
Trumbull 2009 (15 YZT

optimal) 4 37.37 31.62 0.08 4.25 0.03 8.78 0.25 0.00 2.48 0.00
Trumbull 2009 (15 YZT

optimal) 4 36.91 29.73 0.45 5.10 0.01 9.23 0.85 0.00 2.36 0.11
Trumbull 2009 (15 YZT

optimal) 4 37.35 30.92 0.54 3.47 0.01 9.75 0.87 0.00 241 0.26
Trumbull 2009 (15 YZT

optimal) 4 36.85 30.28 0.47 4.28 0.02 9.46 0.78 0.00 243 0.05
Trumbull 2009 (15 YZT

optimal) 4 36.94 31.29 0.16 4.23 0.01 9.01 0.31 0.00 2.49 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.47 31.54 0.14 4.30 0.00 9.07 0.29 0.00 2.48 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.72 30.52 0.60 3.74 0.01 9.81 0.91 0.00 2.47 0.16
Trumbull 2009 (15 YZT

optimal) 4 37.56 30.35 0.51 3.74 0.05 9.69 0.87 0.00 2.52 0.08
Trumbull 2009 (15 YZT

optimal) 4 36.89 29.87 0.40 4.91 0.03 9.07 0.73 0.00 248 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.09 30.13 0.53 4.79 0.00 9.34 0.87 0.00 2.38 0.06
Trumbull 2009 (15 YZT

optimal) 4 36.89 30.71 0.48 3.82 0.05 9.66 0.71 0.00 2.58 0.31
Trumbull 2009 (15 YZT

optimal) 4 36.95 30.61 0.51 3.88 0.00 9.75 0.68 0.00 2.52 0.32
Trumbull 2009 (15 YZT

optimal) 4 37.27 30.31 0.49 4.35 0.03 9.39 0.53 0.00 2.66 0.25
Trumbull 2009 (15 YZT

optimal) 4 37.18 30.23 0.57 3.74 0.03 9.58 1.08 0.00 2.24 0.23
Trumbull 2009 (15 YZT

optimal) 4 37.16 31.03 0.21 4.64 0.04 8.81 0.34 0.00 2.53 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.07 30.65 0.34 4.83 0.01 8.97 0.56 0.00 2.59 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.23 30.78 0.56 3.32 0.00 9.65 0.99 0.00 2.29 0.29
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Numeric best Li20 -
provenance measured or
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Trumbull 2009 (15 YZT

optimal) 4 37.09 30.81 0.64 3.69 0.03 9.66 1.07 0.00 2.35 0.21
Trumbull 2009 (15 YZT

optimal) 4 36.99 30.25 0.51 3.48 0.05 9.59 0.96 0.00 2.38 0.28
Trumbull 2009 (15 YZT

optimal) 4 37.23 29.83 0.66 4.02 0.04 9.78 0.94 0.00 2.45 0.37
Trumbull 2009 (15 YZT

optimal) 4 37.26 30.68 0.39 3.29 0.02 9.59 0.72 0.00 2.42 0.37
Trumbull 2009 (15 YZT

optimal) 4 37.06 30.25 0.48 3.30 0.00 9.68 1.00 0.00 2.27 0.35
Trumbull 2009 (15 YZT

optimal) 4 37.32 30.38 0.57 3.57 0.03 9.67 1.14 0.00 2.30 0.32
Trumbull 2009 (15 YZT

optimal) 4 37.40 31.39 0.18 3.83 0.00 8.88 0.35 0.00 244 0.13
Trumbull 2009 (15 YZT

optimal) 4 37.45 31.50 0.16 3.91 0.04 8.75 0.28 0.00 2.45 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.14 30.34 0.55 3.44 0.02 9.64 1.07 0.00 2.30 0.31
Trumbull 2009 (15 YZT

optimal) 4 37.08 30.34 0.49 3.42 0.00 9.49 1.07 0.00 2.25 0.20
Trumbull 2009 (15 YZT

optimal) 4 36.96 30.48 0.46 3.23 0.02 9.60 1.07 0.00 2.24 0.30
Trumbull 2009 (15 YZT

optimal) 4 37.27 30.00 0.47 3.69 0.00 9.81 0.85 0.00 2.51 0.34
Trumbull 2009 (15 YZT

optimal) 4 37.32 30.82 0.64 3.77 0.00 9.92 1.26 0.00 2.19 0.29
Trumbull 2009 (15 YZT

optimal) 4 37.10 30.25 0.75 3.65 0.03 9.79 1.19 0.00 2.30 031
Trumbull 2009 (15 YZT

optimal) 4 37.10 30.22 0.84 3.68 0.00 9.80 1.14 0.00 2.20 0.31
Trumbull 2009 (15 YZT

optimal) 4 37.13 30.17 0.82 3.75 0.01 9.64 1.14 0.00 2.31 0.30
Trumbull 2009 (15 YZT

optimal) 4 36.99 29.91 0.68 3.83 0.01 9.75 1.15 0.00 2.30 0.38
Trumbull 2009 (15 YZT

optimal) 4 37.33 30.12 0.69 3.83 0.03 9.89 1.21 0.00 2.14 0.36
Trumbull 2009 (15 YZT

optimal) 4 36.85 30.14 0.80 3.61 0.02 9.80 1.33 0.00 2.03 0.26
Trumbull 2009 (15 YZT

optimal) 4 36.90 30.15 0.49 3.45 0.08 9.48 1.03 0.00 2.29 0.35
Trumbull 2009 (15 YZT

optimal) 4 37.03 30.28 0.47 3.57 0.00 9.43 1.05 0.00 2.21 0.26
Trumbull 2009 (15 YZT

optimal) 4 37.19 29.88 0.42 4.01 0.06 9.63 0.51 0.00 2.73 0.43
Trumbull 2009 (15 YZT

optimal) 4 37.81 31.77 0.24 3.60 0.04 9.21 0.49 0.00 2.36 0.19
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Trumbull 2009 (15 YZT

optimal) 4 37.62 31.98 0.24 3.61 0.03 8.93 0.47 0.00 2.32 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.69 31.83 0.26 3.64 0.02 8.95 0.48 0.00 2.31 0.06
Trumbull 2009 (15 YZT

optimal) 4 37.52 31.41 0.39 3.55 0.01 9.25 0.60 0.00 2.35 0.29
Trumbull 2009 (15 YZT

optimal) 4 37.67 31.62 0.29 3.76 0.05 9.01 0.54 0.00 2.34 0.17
Trumbull 2009 (15 YZT

optimal) 4 37.64 31.65 0.15 3.79 0.02 9.12 0.35 0.00 2.49 0.10
Trumbull 2009 (15 YZT

optimal) 4 37.39 31.23 0.24 3.86 0.02 9.03 0.39 0.00 2.38 0.22
Trumbull 2009 (15 YZT

optimal) 4 37.35 31.43 0.24 3.88 0.02 8.91 0.41 0.00 2.40 0.17
Trumbull 2009 (15 YZT

optimal) 4 37.46 31.24 0.26 3.49 0.03 9.29 0.39 0.00 2.51 0.24
Trumbull 2009 (15 YZT

optimal) 4 37.70 31.61 0.23 3.81 0.00 9.11 0.33 0.00 2.49 0.28
Trumbull 2009 (15 YZT

optimal) 4 37.07 30.57 0.48 3.61 0.02 9.65 0.88 0.00 2.40 0.33
Trumbull 2009 (15 YZT

optimal) 4 3751 31.40 0.26 3.81 0.00 9.01 0.39 0.00 2.49 0.18
Trumbull 2009 (15 YZT

optimal) 4 37.55 30.70 0.48 3.39 0.02 9.86 0.88 0.00 2.36 0.32
Trumbull 2009 (15 YZT

optimal) 4 37.43 3157 0.22 3.81 0.00 8.87 0.35 0.00 2.38 0.05
Trumbull 2009 (15 YZT

optimal) 4 37.52 31.77 0.12 3.88 0.01 8.87 0.25 0.00 2.44 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.50 3141 0.16 391 0.04 8.84 0.29 0.00 2.47 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.41 30.29 0.48 3.54 0.02 9.78 0.87 0.00 2.48 0.32
Trumbull 2009 (15 YZT

optimal) 4 37.54 31.00 0.44 3.52 0.02 9.74 0.90 0.00 2.34 0.38
Trumbull 2009 (15 YZT

optimal) 4 36.90 30.63 0.55 3.76 0.02 9.70 1.07 0.00 2.33 0.26
Trumbull 2009 (15 YZT

optimal) 4 37.35 30.57 0.36 3.76 0.06 9.55 0.81 0.00 2.49 0.22
Trumbull 2009 (15 YZT

optimal) 4 37.48 30.22 0.37 3.62 0.04 9.89 0.68 0.00 2.52 0.33
Trumbull 2009 (15 YZT

optimal) 4 37.35 30.13 0.55 3.79 0.00 9.82 0.97 0.00 241 0.34
Trumbull 2009 (15 YZT

optimal) 4 36.84 32.42 0.89 7.42 0.08 6.32 1.10 0.00 1.91 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.06 32.72 0.42 6.92 0.03 6.53 0.86 0.00 2.16 0.00
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Trumbull 2009 (15 YZT

optimal) 4 36.88 31.25 1.18 7.75 0.07 6.32 0.86 0.00 2.13 0.00
Trumbull 2009 (15 YZT

optimal) 4 36.82 30.73 1.17 8.08 0.05 6.18 0.67 0.00 2.24 0.00
Trumbull 2009 (15 YZT

optimal) 4 36.49 31.11 1.30 7.66 0.06 6.17 0.97 0.00 2.08 0.00
Trumbull 2009 (15 YZT

optimal) 4 36.92 34.27 0.53 6.39 0.04 5.69 0.73 0.00 1.73 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.27 3351 0.40 6.35 0.01 6.07 0.76 0.00 1.92 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.15 31.30 0.81 7.44 0.03 6.52 0.77 0.00 2.22 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.19 31.58 0.79 7.67 0.01 6.29 0.71 0.00 2.18 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.10 30.45 1.88 7.49 0.05 6.75 0.78 0.00 2.06 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.46 32.54 0.60 7.09 0.06 6.32 0.69 0.00 2.05 0.00
Trumbull 2009 (15 YZT

optimal) 4 36.98 32.98 0.61 7.00 0.03 6.14 0.79 0.00 2.05 0.00
Trumbull 2009 (15 YZT

optimal) 4 36.88 32.98 0.85 5.94 0.03 6.75 1.12 0.00 1.83 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.20 33.15 0.72 5.84 0.08 6.53 1.01 0.00 1.88 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.26 33.25 0.53 6.13 0.11 6.52 0.84 0.00 2.00 0.00
Trumbull 2009 (15 YZT

optimal) 4 36.84 31.99 1.29 7.20 0.03 6.32 1.15 0.00 1.84 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.20 32.54 0.65 7.32 0.08 6.43 0.66 0.00 2.22 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.56 32.86 0.39 7.08 0.05 6.20 0.54 0.00 2.03 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.43 32.98 0.47 6.98 0.06 6.28 0.60 0.00 2.13 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.07 31.37 0.81 7.77 0.07 6.47 0.64 0.00 2.34 0.00
Trumbull 2009 (15 YZT

optimal) 4 36.85 32.36 1.06 7.11 0.04 6.28 1.06 0.00 1.89 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.09 32.29 0.86 7.21 0.08 6.34 0.85 0.00 2.07 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.09 33.79 0.53 6.40 0.06 6.44 0.98 0.00 1.84 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.16 34.16 0.26 5.79 0.02 6.33 0.71 0.00 1.88 0.00
Trumbull 2009 (15 YZT

optimal) 4 37.00 33.05 0.62 6.28 0.06 6.34 0.90 0.00 1.98 0.00
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Trumbull 2009 (15 YZT
optimal) 4 36.89 32.73 0.59 6.46 0.03 6.51 0.90 0.00 211 0.00
Trumbull 2009 (15 YZT
optimal) 4 36.79 32.54 0.64 6.69 0.05 6.52 0.80 0.00 2.01 0.00
Trumbull 2009 (15 YZT
optimal) 4 36.70 33.60 0.54 6.26 0.01 6.35 0.94 0.00 1.95 0.00
Trumbull 2009 (15 YZT
optimal) 4 37.10 32.93 0.66 6.86 0.04 6.34 0.93 0.00 2.00 0.00
Trumbull 2009 (15 YZT
optimal) 4 37.12 33.10 0.77 6.36 0.06 6.37 1.06 0.00 1.86 0.00
VandenBleeken 2007 (15 YZT
optimal) 4 37.27 34.70 0.19 10.62 0.07 2.13 0.03 0.00 0.76 0.01
VandenBleeken 2007 (15 YZT
optimal) 4 37.20 35.06 0.13 10.53 0.08 2.27 0.02 0.00 071 0.00
VandenBleeken 2007 (15 YZT
optimal) 4 36.78 34.92 0.14 10.99 0.09 212 0.02 0.00 0.64 0.00
VandenBleeken 2007 (15 YZT
optimal) 4 36.89 34.31 0.09 9.55 0.04 3.54 0.01 0.00 0.95 0.00
VandenBleeken 2007 (15 YZT
optimal) 4 36.58 34.02 0.15 10.39 0.07 2.99 0.03 0.00 0.88 0.00
VandenBleeken 2007 (15 YZT
optimal) 4 36.51 33.97 0.10 11.27 0.10 2.55 0.04 0.00 0.89 0.00
VandenBleeken 2007 (15 YZT
optimal) 4 37.42 34.08 0.06 10.17 0.08 2.96 0.02 0.00 0.88 0.01
VandenBleeken 2007 (15 YZT
optimal) 4 36.88 34.40 0.10 9.48 0.14 3.42 0.06 0.00 0.91 0.00
VandenBleeken 2007 (15 YZT
optimal) 4 36.55 30.12 0.49 9.68 0.05 6.09 0.23 0.00 2.06 0.04
Zacek (1998) 7 31.96 5.71 2.31 32.04 0.00 6.65 0.00 0.00 1.64 0.00
Zacek (1998) 7 32.66 7.71 1.46 29.21 0.00 7.95 0.00 0.00 2.13 0.00
Zacek (1998) 7 33.11 7.19 2.05 29.08 0.11 7.70 0.00 0.00 1.66 0.00
Zacek (1998) 7 32.12 5.15 3.48 32.47 0.00 6.24 0.00 0.00 1.58 0.00
Zacek (1998) 7 31.06 2.39 0.38 38.13 0.00 6.19 0.00 0.00 1.55 0.00
Zacek (1998) 7 32.17 2.93 1.26 36.17 0.00 7.02 0.05 0.00 1.48 0.00
Zacek (1998) 7 32.13 411 2.04 34.71 0.09 6.72 0.00 0.00 1.61 0.00
Zacek (1998) 7 32.41 6.57 2.20 31.68 0.10 6.72 0.00 0.00 1.82 0.00
Zacek (1998) 7 33.22 10.91 2.34 26.60 0.00 6.75 0.00 0.00 2.02 0.00
Zacek (1998) 7 36.46 24.58 1.67 12.18 0.00 7.85 0.00 0.00 3.05 0.00
Zacek (1998) 7 36.63 24.49 1.71 12.10 0.00 7.93 0.08 0.00 2.97 0.00
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Zacek (1998) 7 37.35 28.15 0.12 7.98 0.08 9.37 0.34 0.00 291 0.00
Zacek (1998) 7 37.11 28.16 0.00 8.00 0.00 9.38 0.27 0.00 3.07 0.00
Zacek (1998) 7 37.20 28.49 0.08 7.69 0.00 9.39 0.32 0.00 3.03 0.00
Zacek (1998) 7 37.32 27.72 0.25 8.89 0.00 9.24 0.28 0.00 2.92 0.00
Zacek (1998) 7 37.58 30.17 0.22 6.21 0.00 9.22 0.14 0.00 3.05 0.00
Zacek (1998) 7 37.19 25.92 0.69 8.68 0.00 10.23 0.07 0.00 3.23 0.00
Zacek (1998) 7 36.78 26.13 0.49 8.25 0.00 10.40 0.34 0.00 311 0.00
Zacek (1998) 7 36.37 26.32 0.49 9.77 0.00 9.26 0.00 0.00 3.02 0.00
Zacek (1998) 7 31.46 2.90 0.79 36.46 0.00 6.36 0.24 0.00 147 0.00
Zacek (1998) 7 31.78 2.62 1.15 34.67 0.09 7.87 0.00 0.00 1.98 0.00
Zacek (1998) 7 31.10 271 2.66 34.94 0.00 5.62 0.00 0.00 1.81 0.00
Zacek (1998) 7 30.24 2.76 3.44 33.21 0.15 5.85 0.00 0.00 1.62 0.00
Zacek (1998) 7 33.79 13.96 3.60 2143 0.00 7.38 0.00 0.00 2.73 0.00
Zacek (1998) 7 33.64 14.03 3.32 21.64 0.00 7.44 0.00 0.00 2.60 0.00
Zacek (1998) 7 34.18 14.82 3.56 20.69 0.19 7.77 0.07 0.00 2.81 0.00
Zacek (1998) 7 36.29 26.90 0.22 8.52 0.00 9.33 0.10 0.00 3.02 0.00
Zacek (1998) 7 36.61 29.56 0.17 9.96 0.00 6.86 0.16 0.00 291 0.00
Zacek (1998) 7 37.03 26.64 0.51 8.33 0.00 9.71 0.00 0.00 3.03 0.00
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APPENDIX D - VIATOR DATA TABLE

This data was taken from Viator (2003). Each entry is an individual chemical analysis of a
tourmaline. They are arranged alphabetically by author. The ‘provenance class’ column is which

of the 8 provenance classes it was assigned in Forest J.

Forest J provenance classes are provided here for faster reference.

Granites, pegmatites and aplites, Li-poor

Pegmatites, granites and aplites, Li-rich

Pegmatites, granites and aplites, Li-rich with calcareous host
Metapelites and metapsammites

Calcareous

Meta-mafic

Meta-evaporites

Hydrothermal

O INO|ONBWIN|F-

Information on Lithium content is not often directly measured (e.g., in a wet chem analysis), so
this was calculated according to the Pesquera method.. If a specimen had both measured lithium
content and calculated lithium content, the greater value was used. Iron content is given in terms

of FeO.

123



VITA

Erin Walden is a Baton Rouge native and attended McKinley High School in Baton Rouge,
where she was president of the Art Club and active in theatre. She graduated in 2000 and
immediately entered Louisiana State University with plans to double major in English and Mass
Communication, but withdrew from the university upon her father’s sudden death in November
2000. She returned to Louisiana State University in the spring of 2004 and received a Bachelor

of Science in Geology in December 2008.

Erin entered the Master’s degree program at Louisiana State University in 2010 to study
under Darrell Henry. She married her husband Jonathan in April 2012. When she was not

combing through tourmaline analyses, she enjoyed cooking and writing genre fiction.

128



