N

UNIVERSIDADE DE ?RASILIA
INSTITUTO DE GEOCIENCIAS - 1G
PROGRAMA DE POS-GRADUAGAO EM GEOLOGIA

MACHINE LEARNING APLICADO NA CARACTERIZACAO DA ASSINATURA
PETROFISICA, ESPECTRAL E GEOQUIMICA DOS DEPOSITOS AURIFEROS DA
SERRA DE JACOBINA, CRATON SAO FRANCISCO

Guilherme Ferreira da Silva

Tese de Doutorado N° 187

Brasilia, DF
Abril de 2022



Universidade de Brasilia
Instituto de Geociéncias — IG
Programa de Pds-graduacao em Geologia — PPGG

Area de Concentragdo: Prospeccdo e Geologia Econdmica

Titulo: MACHINE LEARNING APLICADO NA CARACTERIZACAO DA
ASSINATURA PETROFISICA, ESPECTRAL E GEOQUIMICA DOS DEPOSITOS
AURIFEROS DA SERRA DE JACOBINA, CRATON SAO FRANCISCO

Tese submetida ao Programa de Pds-Graduacao
em Geologia da Universidade de Brasilia, como
cumprimento parcial dos requerimentos para a
outorga do grau de Doutor em Geologia.

Guilherme Ferreira da Silva

Tese de Doutorado N° 187

Orientadora: Profa. Dra. Adalene Moreira Silva

Banca examinadora

Prof. Dr. Alvaro Penteado Crosta (IG-Unicamp) — Titular

Prof. Dr. José Carlos Sicoli Seoane (DEGEO-UFRJ) — Titular
Profa. Dra. Susanne Taina Ramalho Maciel (FUP-UnB) — Titular
Prof. Dr. Augusto César Bitencourt Pires (IG-UnB) — Suplente
Profa. Dra. Roberta Mary Vidotti (IG-UnB) — Suplente

Brasilia, DF
Abril de 2022



CIP - Catalogacao na Publicacéo

Ferreira da Silva, Guilherme

FS586m

MACHINE LEARNING APLICADO NA CARACTERIZACAO DA
ASSINATURA PETROFTSICA, ESPECTRAL E GEOQUIMICA DOS
DEPOSITOS AURIFEROS DA SERRA DE JACOBINA, CRATON
SAO FRANCISCO / Guilherme Ferreira da Silva. --
Brasilia, 2022.

208 p. Ilustrado.

Orientadora: Adalene Moreira Silva.

Tese (doutorado) - Universidade de Brasilia,
Instituto de Geociéncias, Programa de Pds-
Graduacdo em Geologia, 2022.

1. Integragdo de dados Multifonte. 2. Petrofisica.
3. Geoquimica. 4. Espectrorradiometria. 5.
Depdésito de ouro em paleoplacer modificado. TI.
Moreira Silva, Adalene, orient. II. Titulo.




Para Jaqueline e Ulisses.
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“All models are approximations. Essentially, all models
are wrong, but some are useful. However, the approximate

nature of the model must always be borne in mind”.

“Todos os modelos sdo aproximagdes. Essencialmente, todos os
modelos estdo errados, mas alguns sdo uteis. Entretanto, a natureza

aproximada dos modelos deve sempre ser levada em conta”.

- George P. E. Box (1919-2013)

Estatistico britanico responséavel por diversos avancos
nas areas de transformacdo de dados, controle de

qualidade e inferéncia bayesiana.
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RESUMO

Neste trabalho foram adquiridas varidveis categoricas e numéricas relacionadas a
propriedades fisicas das rochas, tais como densidade, susceptibilidade magnética,
condutividade elétrica, concentracéo de radioelementos, reflectancia entre outras propriedades
quimicas. As analises quimicas de rocha foram obtidas através de medidas in situ de
fluorescéncia de raios-X portétil (pXRF). Adicionalmente, foram analisadas descrigdes
petrograficas e anélises de quimica mineral quantitativas e semiquantitativas em amostras chave
para a compreensao do sistema mineral. Ao todo, foram processadas 1950 analises de pXRF,
2484 medidas de espectrorradiometria, 7490 medidas de susceptibilidade magnética, 5720
medidas de condutividade elétrica, 598 medidas de densidade, 541 andlises de quimica mineral
(ablagéo de laser de espectrometro de massa, LA-ICP-MS) e 304 medidas de radioelementos,
além de 20 andlises petrograficas por microscépio dptico e 5 analises por microscopio
eletronico. Utilizamos abordagens supervisionadas para fazer previsdes e fornecer informacoes
sobre as mineralizacGes auriferas em rochas do Grupo Jacobina, Craton do S&o Francisco,
usando os parametros petrofisicos e litogeoquimicos em escala de amostra. Um modelo de
aprendizado de maquina baseado no algoritmo Random Forests foi aplicado para prever a
mineralizacdo em amostras de testemunho de sondagem. As acuracias médias foram de 0,87
para treinamento de validacgdo cruzada, 0,91 para os dados de teste e 0,86 para previsao de todas
as amostras. O resultado permitiu estimar a importancia das variaveis de entrada para a predicdo
e essas estimativas foram validadas por uma interpretacdo petrografica de microscopia Optica e
eletrbnica de varredura, que foram realizadas para esclarecer a relacdo entre minerais de
diferentes estagios com a mineraliza¢do do ouro. Paralelamente, utilizamos abordagens néo-
supervisionadas para extrair informac6es sobre a estruturacdo das amostras nos dados de LA-
ICP-MS e de reflectancia espectral. Usamos métodos de Agrupamento Aglomerativo
(Hierarchical Clustering) para avaliar os padr6es de elementos tragos de acordo com o tipo de
pirita (detritica ou epigenéticas) e niveis estratigraficos. Em seguida, implementamos a técnica
Uniform Manifold Approximation and Projection (UMAP) para reduzir a dimensionalidade
avaliada para uma projecéo bidimensional buscando inspecionar a estrutura interna dos dados.
Elementos como Cu, Zn, Ag, Sbh, Te, Au, Pb e Bi sdo mobilizados durante a alteragédo mineral
e foram cristalizados em minerais recém-formados, como calcopirita, pirrotita e esfalerita, que
estdo espacialmente associados a pirita epigenética e ouro. O padrdo das piritas do Grupo
Jacobina parece ndo variar ao longo da estratigrafia, o que sugere uma manutencdo da fonte de

sedimento ao longo da histéria de sedimentacdo ou um posterior reequilibrio quimico. Relativo

Vi
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as analises de reflectancia espectral, aplicamos o algoritmo de Self-Organizing Maps (SOM)
para segmentar dados em varios agrupamentos baseados na matriz de distancia das unidades e,
em seguida, usamos a projecdo UMAP para compactar a estrutura de dados para um grafico
bidimensional, mantendo os principais padrdes de dados e comparando com 0s espectros de
minerais conhecidos descritos nos metaconglomerados. Assim, estimamos a composi¢do
mineral com base na distancia de cada medi¢do dos minerais conhecidos e validamos essa
inferéncia usando dados geoquimicos. Os resultados da inferéncia mineral corresponderam ao
esperado pela anélise geoquimica, validando a estimativa da composi¢do mineral das amostras.
Baseado nestes resultados, separamos as assinaturas das propriedades fisicas e quimicas nas
zonas mineralizada, proximal e estéril e indicamos critérios que podem ser utilizados para a
prospeccdo de ouro em zonas de paleoplacer modificado, como presenca de calcopirita,
esfalerita e outros sulfetos na matriz, além de pirita, teores de cromo, potassio e enxofre,

susceptibilidade magnética, densidade e a presenca de argilominerais.

PALAVRAS-CHAVE: Machine-learning aplicado a geociéncias; Prospeccdo mineral, Ouro

em paleoplacer modificado; Integracéo de dados multifonte.
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ABSTRACT

This thesis aims to characterize the signature of gold mineralization of the Serra do
Corrego Formation, the basal unit of the Jacobina Group, using multisource data (petrophysics,
spectroradiometrics, geochemistry, and mineral chemistry) through data integration and pattern
verification using machine learning. Categorical and numerical variables related to the physical
properties of rocks were acquired, such as density, magnetic susceptibility, electrical
conductivity, the concentration of radioelements, and reflectance, among other chemical
properties. Rock chemical analyzes were obtained by in situ portable X-ray fluorescence
(pXRF) measurements. Petrographic descriptions and quantitative and semi-quantitative
mineral chemistry analyses were also considered in samples for understanding the mineral
system. Altogether, 1950 pXRF analyses, 2484 spectroradiometric measurements, 7490
magnetic susceptibility measurements, 5720 electrical conductivity measurements, 598 density
measurements, 541 mineral chemistry analyses (mass spectrometer laser ablation, LA-ICP-
MS), and 304 measurements of radio elements, in addition to 20 petrographic analyzes by
optical microscope and 5 analyzes by electron microscope. We use supervised approaches to
make predictions and provide information on gold mineralizations in rocks of the Jacobina
Group, Sdo Francisco Craton, using sample-scale petrophysical and lithogeochemical
parameters. A machine learning model based on the Random Forests algorithm was applied to
predict mineralization in drill core samples. Average accuracies were 0.87 for cross-validation
training, 0.91 for testing, and 0.86 for all-sample prediction. The result allowed us to estimate
the importance of the input variables for the prediction. These estimates were validated by a
petrographic interpretation of optical and scanning electron microscopy, which were performed
to understand better the relationship between minerals of different stages of gold mineralization.
In parallel, we used unsupervised approaches to extract information about sample structuring
from LA-ICP-MS and spectral reflectance data. We used Hierarchical Clustering methods to
evaluate trace element patterns according to pyrite type (detrital or epigenetic) and stratigraphic
levels. Then, we implemented the Uniform Manifold Approximation and Projection (UMAP)
technique to reduce the evaluated dimensionality to a two-dimensional projection, seeking to
inspect the internal structure of the data. Elements such as Cu, Zn, Ag, Sb, Te, Au, Pb, and Bi
are mobilized during mineral alteration and crystallized into newly formed minerals such as
chalcopyrite, pyrrhotite, and sphalerite, which are spatially associated with epigenetic pyrite
and gold. The multivariate pattern of the pyrites of the Jacobina Group does not seem to vary

along with the stratigraphy, which suggests maintenance of the sediment source throughout the
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sedimentation history or a subsequent chemical rebalancing. Concerning spectral reflectance
analyses, we apply the Self-Organizing Maps (SOM) algorithm to segment data into various
groupings based on the best unit machine distance matrix. We then use the UMAP algorithm
to compress the data structure into a two-dimensional graph, maintaining the main data patterns
and comparing them with the spectra of known minerals described in the metaconglomerates.
Thus, we estimate the mineral composition based on the distance of each measurement from
known minerals and validate this inference using geochemical data. The results of the
lithogeochemistry validate the estimate of the mineral composition of the samples. Based on all
presented results, we separated the signatures of the physical and chemical properties in the
mineralized, proximal and sterile zones. We indicated criteria that can be used for prospecting
for gold in modified paleoplacer zones, such as chalcopyrite, sphalerite, and other sulfides in
the matrix and pyrite, besides Cr, K, and S contents, magnetic susceptibility, density, and the

presence of clay minerals.

KEYWORDS: Machine-learning applied to geosciences; Mineral prospecting; Gold in

modified paleoplacer; Multisource data integration.



Sumario
1 INTRODUGAO ...ttt 1
1.1 Apresentacdo da tese € JUSHITICAtIVAS.........cccoveviiiiieece e 1
1.2 MaLEriaiS € MELOUOS .....c.veviieiitieieeieie ettt ettt b eneas 6
1.2.1  AMOSITAGEIM ...ttt 7
1.2.2 Propriedades fiSicas de roCha...........ccouoirineiennineseeese s 8
1.2.3 QUIMICA UE FOCNA ...cvveieiece e 11
1.2.4 ESPectrorradiometria........c.cceiieieeiieiie i 12
1.2.5 Petrografid.......cccccciveiiiiicii e 13
1.2.6 Pré-processamento e anélise exploratdria de dados..........c.ccceevrerenricnns 14
2 PETROFISICA, GEOQUIMICA E PREDICAO DE MINERALIZACAO.........c..c........ 19
2.1 INEFOAUCTION ... ettt bbb bearenneas 21
2.2 Geology and gold mineralization in the Serra de Jacobina ...........cccccevveieieiiiinnens 23
2.2.1 GeologiCal SEIHING .....ccoveieeiieiieiisiieee e s 23
2.2.2 Deformation, metamorphism, and hydrothermal alterations .................... 26
2.2.3  GOld MINEralization..........cccooeieiiiieieiee e 28
2.3 Materials and METhOUS .........oiiiiiiee e 29
2.3.1 Drill COre SAMPIES ..o 29
2.3.2 PErOPNYSICS ..ot 30
2.3.3  X-RaAY FIUOIESCENCE ......ocviiiiie ettt 32
2.3.4 Machine learning analysis (MLA): Random FOrests............ccccovvvevieiinnns 33
2.4 Results and data analySiS .........cooveiiieiiiii e 38
2.4.1 Petrophysics and lithOChemistry ...........ccceeviiiiiiie e 38
2.4.2 Mineralization PrediCtion .........cceiviiie i 40
2.4.3 Probabilistic prediction approach...........cccccveiiieiieiiiesie e 42
25 [ 11T 1] o] o USROS 43
2.5.1 Mineral Targeting .....cccccvoueiieiiiie e e 43
2.5.2  Drill core prediCtion ........cc.ccveiieieieee e 47



2.6 CONCIUSIONS ...ttt et e et e e e e e e e e ettt ee e e e e ee e eeeeeeeeeeae s 48

3 QUIMICA MINERAL DE PIRITAS E ASSOCIACAO GEOQUIMICA DO OURO....60

3.1 INEFOAUCTION ...t ettt b bbb eneas 63
3.2 (€1:T0)] (oo [or= LI oo 1 (=) AP PP 64
3.2.1 The Jacobing GrOUP ......coveieiueriiiiiiieieiee et 64
3.2.2  GOld MINEraliZatioN..........cooveiiiieiieie e 67
3.3 Materials and MELNOMS ........ccveviiieiiee e 68
3.3 L SAMPIING ceeieiie s 68
3.3.2 PYIITE QFAINS ..ottt bbb 69
3.4 PYIite LA-ICP-IMS Tata ......cveieiiiiiiiisceeee e 70
341 Data PrOCESSING . .ccveeueeuienietenteste sttt et ettt bbbt sn b bbb 71
35 RESUITS ...ttt bbb bbb ne e 75
3.5.1  LA-ICP-MS IESUILS ....eeuveieieieiee et 75
3.5.2 Agglomerative CIUSTEIING .......ccooiiiiiiiiiee s 76
3.5.3 Dimensionality Reduction and data visualization................cccccceevevvernenne. 78
3.6 DISCUSSIONS ....vetitietieieste sttt sttt st sttt s et e e et e sbe st e s bt beeneene et estesbenbeareene e 79
3.6.1 Pyrite chemistry patterns controlled by texture and stratigraphy ............. 79
3.6.2 Gold associations in detrital and epigenetic Pyrite ..........cccoceverercrerennnn. 80
3.7 (00 0] 111 [ TS 83
4 MODELAGEM DE DADOS ESPECTRORRADIOMETRICOS .......cocovevivevciereirnenn. 95
4.1 T T L84 A T o ST 98
4.2 Materials and MELNOMS ........ccveiiiieci e 98
4.2.1 Drill core sampling and desCriptions ..........cccocvveiieeiieiiie e 98
4.2.2 Reflectance data aCqUISITION..........ccceiiiiiiiiieiii e 99
4.2.1  Spectral Hrary ... 100
4.2.2 LithOgeOChEMISIIY .....oiviiiiiiiiiiiieee e 102
4.2.3 Dimensionality redUCtION ..........ccevveiieiiiereiie e 102
4.3 RESUILS N DISCUSSIONS .....c.veviiiieiieiesie sttt 103
4.4 CONCIUAING FEMAIKS ...ttt nbe e 111



4.5 Computer Code AVallability .........ccooiiiiiiii 112
5 DISCUSSOES E CONSIDERACOES FINAIS .....oooveveeeeeeeeceeveeeee s esae s 128
REFERENCIAS BIBLIOGRAFICAS.......cooviieeeieeeieeieses e ses s s ses s sessessssesssnsesessssenns 131
APENDICE A — Lista de PUBDICAGHES ...........vevvereeeeeesieeseseceestesesessesestessessese s seseesssnens 135
APENDICE B - Sistemas Minerais e sua aplicagio na exploragdo mineral ....................... 136
SISTEMAS IMIINETAIS ....vvveieeie ettt nr e bbb e e 136
Modelagem de Potencial MINEral ............cocveiiiieiieii e 139
Aprendizagem de maquina para integragdo de dados ...........cccevveveiiieie e 144
APENDICE C — CAdigo utilizado N0 Artigo 01 .........cceveveeveeverieeerieeeeeeseeeeesesesseesesseeseeas 146
APENDICE D — C6digo utilizado N0 Artigo 02.........cceveveeveevrreeeeeeeeeeeeseeeeeseesessessessenseeas 165
APENDICE F —ANAlISES 08 EDS......ooveeveercieeeieeee e esssestess st s s ssnessessssenssnssnens 184

Xl



Lista de Figuras

Figura 1-1 — Profundidade de cobertura para as principais descobertas de minerais na Australia

A8 1850-2010. ...uieuiitiierieie ettt b e b e e be st et nenre s 1
Figura 1-2 — Localizag0 da area estudada............cceererieiiiieiieee s 5
Figura 1-3 — llustracdo das ferramentas utilizadas para obtencdo das variaveis........................ 7
Figura 1-4 — Diagrama de caixa (boxplot) para as propriedades fisicas adquiridas................. 10
Figura 1-5 — Cartas de controle de SNEWNAIT. ..........cccoviiiiiieiiin e 12

Figura 1-6 — Diagrama Quantil-Quantil (QQ-plot) para os elementos selecionados (valores de
(o0 TorcT L i = Tor (oI o] V1 - ) ST SR 17

Figura 1-7 - Diagrama Quantil-Quantil (QQ-plot) para os elementos selecionados (valores de

concentragéo transformada para raz&o logaritmica centralizada) .............cccocevereniinnennnn 18
Figura 2-1- Localization of S&o Francisco Craton in South AMEriCa. ........ccccerereierencnennnns 24
Figura 2-2 — Mineralized drill core samples and photomicrographs...........ccccoeceviveviiieinenne 27

Figura 2-3 — Conceptual framework describing the behavior of various physical properties..31

Figura 2-4 — Hyperparameters evaluation and definition of optimum values.......................... 36
Figura 2-5 - ROC and AUC diagrams for SMOTE-balanced and imbalanced. ...................... 37
Figura 2-6 — Selected variables transformed to natural log and centered-log ratio distributions

and schematic graphics at the [oOWer POrtioN...........c.cccveviiieiicie s 39
Figura 2-7 — Alluvial validation diagram for model prediction ............cccccvvieiineninenininns 41

Figura 2-8 — Ore probability analysis for all samples based on the mineralization status of the

EESE AALASEL. ...ttt ettt bbb nbenreerean 42
Figura 2-9 — Color-coded strip log according to the lithologies for drill cores............c........... 44
Figura 2-10 — Mineral paragenesis fIOWCharT. ..o 45
Figura 2-11— Variable importance rank............cooieiiiiiiieeese s 47

Figura 3-1 — Simplified geological map and localization in the S&o Francisco Craton of the

Jacobina Group and surrounding dOMAINS.........cccuieiieiieiieeiie e 67
Figura 3-2 — Photomicrography of pyrites and related minerals from the Jacobina Group. ..70
Figura 3-3 — Data processing fluXOgram ..........cccoiiiiiiiiiiee e 71
Figura 3-4 — List of elements ordered by the percentage of non-missing data. ..............c.c...... 72

Figura 3-5 — Dendrograms and distance matrices for pyrite grains according to grain texture

Figura 3-6 — UMAP configuration for data with samples classified according to pyrite texture

and StratigraphiC IEVEL..........ooeeiiee e 79



Figura 3-7 — Linked dendrograms for Detrital and Epigenetic pyrites.........cccovnenereninnnnnns 82
Figura 3-8 — Epigenetic pyrite grains associated to sulphides in inclusions and in grain borders

............................................................................................................................................. 83
Figura 3-9 — Quantile-plot for the concentration of V51 on a logarithmic scale according to

different diStriDULIONS. .......oiie et 86
Figura 3-10 — Comparison of correlated log-transformed elements............cccoeveieicncninnnnns 87
Figura 4-1 — Metaconglomerates samples Main aSPeCtS ........cccvevvevveieeiieieesese e e see e 99
Figura 4-2 — Stacked reflectance spectra of selected refence minerals..............ccccccevverieennn. 101
Figura 4-3 — SOM training and reSUILS. ........cooiiiiiiiiiieee e 105
Figura 4-4 — Reflectance values grouped by each assigned cluster.(Fe/S) ........ccccovririnnnne 106
Figura 4-5 — Reflectance values grouped by each assigned cluster. (Cr/Fe).........cccccvevvveneene. 107

Figura 4-6 — Projection for the ultra-dimensional spectral data into a two-dimensional plot 108
Figura 4-7 — Mineral concentration estimation according to the relative position of the

metaconglomerate sample in each the drill COre.........ccooiiiiiiiiiiii e 109
Figura 4-8 — Scatterplots of infered mineral contents and geochemical data......................... 110
Figura 5-1 - Quadro resumo dos resultados obtidos na tese a respeito das propriedades fisicas e

quimicas das rochas e minerais analisados.. ...........cceverererieiesie s s 130

XV



1 INTRODUCAO
1.1 Apresentacao da tese e justificativas

O avanco do conhecimento sobre o conceito de sistemas minerais (Wyborn et al., 1994)
vem ao encontro a um desafio da industria mineral no mundo, ou seja, o de mapear depdsitos
abaixo da cobertura e em maiores profundidades. A taxa de descobertas de novos depositos tem
diminuido na Gltima década e novas tecnologias tém sido empregadas para se mapear terrenos
potenciais em diferentes escalas. Estas tecnologias associam os fatores geoldgicos que
controlam a geracdo de depdsitos minerais e sua preservacdo ao longo da historia geoldgica

(Figura 1-1).

Figura 1-1 — Profundidade de cobertura para as principais descobertas de minerais na Australia de 1850-2010
(Fonte: Richard Schodde, MinEx Consulting). Os resultados mostram a necessidade de se ampliar a utilizacdo
geofisica na prospeccéo sob a cobertura (“undercover”) e que seria a base para a compreensao das respostas

geofisicas na auséncia de controle geoldgico.

O conceito de sistema mineral sugere um novo conjunto de objetivos de exploragéo. Ou
seja, a mudanga do paradigma convencional que se baseia no mapeamento e na deteccdo do

ambiente mineralizado em escala de dep6sito para uma compreensdo mais abrangente do
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sistema levando em conta o ambiente tectonico, as fontes de metais, os caminhos percorridos
pelos fluidos e, por exemplo, os paleo-reservatorios (Wyborn et al., 1994).

O fato é que as mineralizagdes estdo associadas a intera¢des fluido-rocha, em maior ou
menor escala, e para avangarmos com o entendimento de dados geofisicos que mapeiam abaixo
da cobertura € essencial a aplicacdo de petrofisica para uma melhor compreensdo das respostas
de processos geoldgicos e, em especial, da alteracdo hidrotermal (Dentith et al., 2020; Dentith
& Mudge, 2014).

Vaérios estudos tém sido desenvolvidos para diferentes sistemas minerais, mas as
mineraliza¢6es auriferas-uraniniferas hospedadas em metaconglomerados representam ainda
um desafio, devido a alta complexidade dos depdsitos, além do recorrente debate sobre a
formacdo das mineralizacdes. Depositos de Au (U) em metaconglomerados sdo conhecidos em
cratons pré-cambrianos em todo o mundo. Dentre varias mineralizacdes, destacam-se 0S
depdsitos associados a bacia arqueana de Witwatersrand no Craton Kaapvaal, Africa do Sul.
Estas minas sdo responsaveis por quase um terco da producéo global de ouro (Frimmel, 2019,
2014; Frimmel et al., 2019). Outros exemplos incluem Tarkwa no Craton da Africa Ocidental
(Pigois et al., 2003), o Fortescue Group, no Craton Pilbara, Australia (Hennigh, 2016), e o
Supergrupo Huronian na Provincia Superior do Canada (Whymark & Frimmel, 2018),
juntamente com varios outros exemplos com maior ou menor relevancia econémica.

No Brasil, os exemplares de mineralizagdes mais conhecidas hospedadas em
metaconglomerados auriferos e uraniniferos encontram-se no Supergrupo Minas, na por¢do
meridional do Craton do S&o Francisco (Guimaraes et al., 2019; Minter et al., 1990), na porcéo
basal do Grupo Jacobina, Bloco Gavido, por¢éo setentrional do Craton do S&o Francisco (Ledru
et al., 1997; Milesi et al., 2002; Teixeira et al., 2001) e nos metassedimentos da Formacao

Castelo dos Sonhos, Provincia Tapajés, do Craton Amazonico (Klein etal., 2017). A &rea objeto
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de estudo deste trabalho compreende os depositos auriferos da Formacdo Serra do Corrego,
unidade basal do Grupo Jacobina (Figura 1-2).

O nivel de conhecimento e a quantidade de informacgdes disponiveis em provincias
geoldgicas historicamente conhecidas, permitem que novas abordagens sejam desenvolvidas
visando a melhor compreensdo da génese dos depositos e dos detalhes prospectivos que
auxiliardo na procura por novos alvos ou em prolongar a vida Gtil de distritos maduros. Para
tanto, precisamos de informacGes geoquimicas e mineraldgicas para entender estas respostas e
avancar nos processos de modelagem e integracdo de dados. E chave associar o estudo com
dados de propriedades quimicas, dados mineral6gicos e geoquimicos "quantitativos™ que irdo
auxiliar no entendimento do contexto geoldgico.

Nas ultimas décadas, o uso de ferramentas de estatistica computacional, Machine
Learning e inteligéncia artificial (latu sensu) para integracdo de dados em geociéncias tem
crescido, devido em parte a revolucdo digital e a consequente maior disponibilidade de
equipamentos com boa capacidade de processamento e a tendéncia crescente de geracdo e
armazenamento de dados das diversas naturezas (Davies, 2002; Flemming et al. 2021).
Entretanto, a integracdo e interpretacdo conjunta deste grande volume de dados com
perspectivas de gerar aplicacdes praticas na pesquisa mineral ainda é necessaria.

Desta forma, esta tese se propGe a avaliar o uso de métodos de Machine Learning para
integracdo de dados multifonte em geologia para fins de extracdo de informacGes para a
pesquisa mineral, baseado em predi¢fes explicitas e no conhecimento gerado a partir da
verificagdo da estrutura dos dados geoquimicos, espectrorradiomeétricos, petrofisicos e
mineraldgicos em varias escalas de trabalho. Assim, apresentamos os resultados na forma dos
artigos técnico-cientificos intitulados “Predicting mineralization and targeting exploration
criteria based on a machine learning approach in the Paleoarchean Jacobina quartz-pebble

metaconglomerate Au-(U) deposit, northern of S&o Francisco Craton”, no Capitulo 2,
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“Machine learning applied to the analysis of mineral chemistry in pyrite grains from the
Jacobina gold deposits, Sdo Francisco Craton, Brazil: geochemical patterns and implications
to mineral exploration”, no Capitulo 3, e os resultados parciais de um artigo em
desenvolvimento denominado “Unmixing spectral signal and estimating the mineral
composition of metaconglomerates using dimensionality reduction and relative distance

concepts” no Capitulo 4. As consideragdes finais da tese sdo apresentadas no Capitulo 5.

1.2 Objetivos

O objetivo central desta pesquisa é caracterizar a assinatura dos da mineralizagdo
aurifera da Serra de Jacobina através do mapeamento do footprint petrofisico, mineral6gico e
geoquimico, bem como a geracdo de modelos de vetorizacdo mineral atravées da integracdo de
dados utilizando aprendizado de maquina.

Obijetivos especificos incluem:

1. Gerar um banco de dados geofisicos, geoquimicos e de composicdo mineral das
rochas hospedeiras e mineralizadas de amostras da Formacdo Serra do Cérrego,
base do Grupo Jacobing;

2. Adquirir dados petrofisicos qualitativos e quantitativos em furos de sondagem
chaves ao longo da Formacdo Serra do Cdrrego;

3. Caracterizar a assinatura espectral das alteracbes hidrotermais associadas a
mineralizacdo de ouro na Formacao Serra do Corrego;

4. Gerar de informacbes de prospeccdo mineral através da integracdo de dados
multifonte que envolvam o reconhecimento de padrfes e inteligéncia artificial

(machine learning).



Figura 1-2 — Localizagdo da area estudada, a) posicdo do craton Sdo Francisco dentro da plataforma Sul-
Americana. O retangulo vermelho indica a localizagdo da area de estudo, na porcéo setentrional do Craton Séo
Francisco; b) mapa geoldgico simplificado da Serra de Jacobina e arredores (modificado de Teles et al. 2015, Reis

et al. 2020.



1.3 Materiais e métodos

Os materiais utilizados nesta pesquisa compreendem dados multifonte, como
fluorescéncia de raios-X portatil, susceptibilimetro magnético e condutivimetro elétrico,
gamaespectrémetro, balanga de precisao para célculo de densidade, com estacdo acoplada para
medida emersa em fase liquida e espectrorradidmetro de preciséo (Figura 1-3)

Com a finalidade de alcancar os objetivos propostos neste projeto, foram desenvolvidas

as seguintes etapas e métodos de trabalho, discutidas em maior detalhe nas se¢Bes seguintes:

e coleta e descricdo de amostras de rocha em testemunhos de sondagem
representativos dos niveis mineralizados da Formacéo Serra do Cérrego;

e aquisicdo de dados de propriedades fisicas de rocha;

e aquisicdo de dados de quimica de rocha seguindo os protocolos de controle de
qualidade indicados;

e aquisicdo de dados de espectrorradiometria;

e descricdo petrograficas em amostras chave para melhor compreensdao da
dindmica de formacéo e inter-relacdo dos minerais associados a mineralizacéo;

e pré-processamento e analise exploratoria de dados;

e integracdo de dados e escolha do modelo supervisionado adequado



Figura 1-3 — llustracdo das ferramentas utilizadas para obtencdo das varidveis numéricas: a) Fluorescéncia de
Raios-X Portétil (pXRF) acoplada a estacdo de trabalho, b) espectrorradiémetro, ¢) balanca de precisdo com
plataforma para medida submersa, d) caixa de chumbo para medicdo de radioelementos, com adaptacdo para

amostras em testemunho de sondagem; Susceptibilimetro KT-10 plus com bobina circular.

1.3.1 Amostragem

Neste trabalho, enfocamos os depositos de paleoplacer modificados que ocorrem na
unidade inferior do Grupo Jacobina, denominada Formacéo Serra do Cérrego. Coletamos 557
amostras de rocha de quatro diferentes testemunhos de sondagem, denominados CANIF-27,
JBA-722, CAN-120 e CAN-144. Os furos interceptam toda Formacéo Serra do Cérrego.

As amostras foram obtidas em testemunhos serrados ao meio, coletados em intervalos
aproximados de 4 metros, onde foram selecionadas as amostras mais representativas. Em
média, as amostras tém 15 centimetros de comprimento, variando de 8 a 50 centimetros,

dependendo da representatividade e do tamanho do gréo. Predominam amostras de quartzitos e
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metaconglomerados, mas também estdo descritas amostras de xistos, brechas e rochas meta-

ultraméficas.
1.3.2 Propriedades fisicas de rocha

As propriedades fisicas consideradas nesta pesquisa sd@o densidade, susceptibilidade
magnética e condutividade elétrica (Figura 1-4). Os métodos de aquisicdo dos dados s&o

descritos abaixo.

1.3.2.1 Densidade

As medidas de densidade foram realizadas no Laboratério de Geofisica Aplicada
(LGA), da Universidade de Brasilia, com base no método de pesagem hidrostatica. Os valores
de densidade foram calculados apds a obtencéo do peso da amostra em balanca padréo e apos
a obtencdo do peso imerso em &gua a temperatura ambiente. Em seguida, a densidade foi
calculada com base no Principio de Arquimedes.

A agua no recipiente de medicao foi trocada a cada 50 amostras ou apés a troca da matriz
da amostra. Ao final de cada rodada de medicdes, algumas amostras foram escolhidas
aleatoriamente para repetir o teste de densidade. Em caso de repeticdo, foi considerada a média
dos valores. Se a diferenca for significativa (ou seja, superior a 0,2 g/cm3), repetiamos o
procedimento até a estabilizag&o.

Foram coletadas 598 medidas de densidade, considerando as replicatas.
1.3.2.2 Susceptibilidade magnética e condutividade elétrica

As propriedades de suscetibilidade magnética (unidade 10-6 SI) e condutividade elétrica
(unidade S/m) foram avaliadas com base em um medidor de suscetibilidade magnética

Terraplus KT-10 S/C e condutividade com uma bobina circular.
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Essas propriedades foram medidas pelo menos dez vezes por amostra, em diferentes
pontos ao longo da amostra, e o valor mediano de cada propriedade foi considerado a medida
da amostra mais representativa e foi posteriormente usado para a modelagem.

Foram coletadas 7490 medidas de susceptibilidade magnética e 5720 medidas de
condutividade elétrica. Para cada amostra, a mediana foi tomada como valor mais
representativo, sendo o valor considerado para as transformacgdes subsequentes e analises
multivariadas.

A distribuicdo dos valores das propriedades susceptibilidade magnética e condutividade
elétrica tendem a se aproximar de uma distribuicdo logaritmica (ou seja, valores baixos séo
mais frequentes do que valores altos). Neste caso, ambas as propriedades foram analisadas em
escala logaritmica, com o objetivo de facilitar as interpretacGes e reduzir a assimetria das

distribuicdes.



Figura 1-4 — Diagrama de caixa (boxplot) para as propriedades fisicas adquiridas com transformacéo para escala
logaritmica (base 10). As diferentes cores representam os litotipos considerados na descrigdo das amostras. Os

pontos indicam a posicao transformada de cada medida

1.3.2.3 Gamaespectrometria
O conteudo de radioelementos foi medido em ensaios com uso de um
gamaespectrometro portatil RS-125, tomando os valores da amostra em medi¢des obtidas em
uma camara de chumbo isolada por 300 segundos. Foram coletadas medidas de radioelementos
em 304 amostras distintas, compreendendo parcialmente os furos CANIF-27 e JBA-722.
Contudo, os valores obtidos estdo geralmente proximos do limite de deteccdo inferior e
estas analises ndo foram consideradas. Uma interpretacdo possivel é que essa resposta se deve

ao baixo volume das amostras e, consequentemente, ao baixo nivel de radiacdo, insuficiente

10
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para excitar o cristal do instrumento de maneira adequada. Portanto, apesar de haver alguns
minerais radioativos na assembleia, os valores de radioelementos ndo puderam ser considerados

nas modelagens multiparamétricas utilizadas neste trabalho.
1.3.3 Quimica de rocha

Para avaliar as concentragbes dos elementos nas amostras, usamos um analisador
Thermo Scientific Niton XL3t Goldd + XRF, com tubo anddico Au de 2W, 50kV Au e um
detector de deriva de grande area geometricamente otimizado. O instrumento foi acoplado em
bancada estacionaria durante as medicdes, onde foram colocadas as amostras. Cada medicdo
durou 120s, com 60s de duracédo para cada feixe. Ao todo, foram realizadas 1950 medidas com
0 pXRF, considerando as leituras realizadas em padrdes certificados, utilizados para o controle
de qualidade.

As medicOes foram realizadas em amostras de testemunhos de sondagem cortados ao
meio, usando o modo de ensaio “point and shoot”. Os procedimentos adotados de controle de
qualidade seguiram as sugestdes apresentadas por Fisher et al. (2014) e Piercey (2014). No caso
de anélises cuja dissimilaridade ultrapassaram 10% do valor de referéncia para aquele elemento,
foi realizada a retificacdo do valor através da aplicacdo de um coeficiente calculado a partir da
razdo da medida inacurada sobre o valor de referéncia. Este coeficiente entdo é aplicado em
todas as leituras subsequentes (Figura 1.5).

Para verificar a representatividade das informac6es, coletamos uma segunda medicéo
de cada amostra em um local diferente. Apesar de alguns valores atipicos, a distribuigcdo
principal é mantida tanto no primeiro quanto no segundo pontos analisados. Calculamos a
média da primeira e da segunda medidas e, em seguida, pegamos o valor médio para a analise
dos dados.

Os elementos foram selecionados para a anélise multivariada baseado na proporcao de

valores ndo censurados (i.e., acima do limite de detec¢do). As varidveis selecionadas
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apresentaram ao menos 75% de valores ndo censurados. Complementarmente, realizou-se a
imputacdo dos valores censurados baseado na substituicdo por 50% dos respectivos limites de

deteccdo inferiores.

Figura 1-5 — Cartas de controle de Shewhart para as medidas do padrdo certificado NIST e TILL, realizadas em

determinados durante a anélise. A linha pontilhada indica o limite de + 10% do valore referenciado.

1.3.4 Espectrorradiometria

As andlises de assinatura espectral foram realizadas com o equipamento ASD FieldSpec
2, instalado em uma sala com controle de luz externa. As analises abrangem faixas do espectro
eletromagnético desde o campo da luz visivel (350-750 nm), infravermelho-préximo (751-1000
nm) e infravermelho de ondas curtas (1001-2500 nm).

Através da andlise das assinaturas espectrais das amostras dos diversos litotipos,
pretende-se investigar variacbes nos padrdes relacionados as fases de alteracdo hidrotermal

identificadas nas amostras.
12
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Os dados de reflectancia foram processados através de scripts proprios escritos na

linguagem R (http://r-project.org/). Inicialmente, realizamos a segmentacéo do dado baseado

no algoritmo de Self-Organizing Maps (SOM; Kohonen, 1998) que permitiu a reducdo da
dimensionalidade para reducdo do custo de processamento, que é proporcional ao nimero de
dimensdes analisadas. O SOM consiste em uma grade regular bidimensional de nés (também
chamados de “unidades” ou “neurénios”). A grade é automaticamente organizada baseado na
estruturacdo dos dados de modo a agrupar as unidades semelhantes (Kohonen, 1998). Para esta
finalidade, utilizamos uma grade de 400 unidades dispostas em uma malha quadrada (20 x 20).
Testamos o treinamento através de diversas épocas, porém o treinamento atingiu a estabilidade
em torno de 2500 iteracOes

Para agrupar o sinal espectral da refletdncia para curvas de reflectancia similares,
aplicamos um agrupamento hierarquico baseado na distancia euclidiana das unidades do SOM.
Esta etapa foi necesséria devido aos padrdes de refletancia altamente complexos, que dificultam

a interpretacdo direta.
1.3.5 Petrografia

Selecionamos 20 amostras mineralizadas para analise microscOpica para descrever e
verificar as relagdes texturais e minerais com a mineralizagdo. Estas descri¢des permitiram o
entendimento da relacdo textural entre as diversas fases minerais encontradas no deposito,
inclusive a distin¢do entre piritas detriticas (da fase de sedimentacao) e epigenéticas (formadas
durante o metamorfismo ou evento hidrotermal subsequente).

Adicionalmente, cinco amostras foram analisadas pelo método de espectroscopia de
elétron/energia dispersiva retro espalhada (BSE-EDS) para melhor avaliagdo das texturas

petrograficas e composi¢Bes dos minerais (ver Apéndice F).
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1.3.6 Pré-processamento e andlise exploratdria de dados

Considera-se pertencente a etapa de pré-processamento e analise exploratdria de dados,
todos os passos de organizacao, estruturacdo e transformacdo de dados, testes estatisticos e
geracdo de figuras de exploratérias sobre a distribuicdo e comportamento dos dados.

Todos estes estagios foram desenvolvidos através da linguagem de programacdo R
(versdo 4.1.2). As etapas de manipulacdo dos dados e geracdo de gréaficos finais foram
realizadas através dos pacotes disponiveis na colecdo Tidyverse (Wickham, 2014).

As transformacdes dos dados descritas neste topico e nos anteriores foram realizadas
em linha de comando em ambiente R, através do uso da biblioteca “geoquimica”, desenvolvida
durante a execucao desta pesquisa pelo candidato e disponibilizada através de repositdrio virtual

(https://github.com/gferrsilva/geogquimica).

1.3.6.1 Verificacdo da distribuicdo dos dados

Uma etapa essencial na andlise exploratéria de dados é a determinagdo do tipo de
distribuicdo. Se os dados forem paramétricos, a média e os desvios padrdo sdo estimativas
razoaveis para o centro e a dispersdo dos dados e varias ferramentas podem ser usadas para
analisar e inferir parametros populacionais. Caso contrario, os dados devem ser tratados de
forma distinta, com base em métodos que ndo dependem de parametros geométricos.

Existem quase 40 testes disponiveis para verificacdo de normalidade da distribuicéo,
mas varios autores (Razali & Wah, 2011; Saculinggan & Balase, 2013; Yap & Sim, 2011)
mostram que o teste de Shapiro-Wilk é o teste preferido para a maioria dos tipos de distribuicdes
e tamanho amostral. O teste de Shapiro-Wilk (Shapiro & Wilk, 1965) foi inicialmente definido
para pequenas amostras (n <50), e entdo foi aprimorado por Royston (1982) que expandiu o
teste para uma faixa maior de valores (3 <n <5000 )

Neste trabalho, este teste foi realizado para cada elemento selecionado no banco de

dados, considerando os valores da média de cada amostra. A hipotese nula consiste na
14
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equivaléncia entre a distribuicdo dos dados e a distribuicdo gaussiana, enquanto a hipétese
alternativa sustenta que a distribuicdo dos dados e a distribuicdo gaussiana ndo séo equivalentes.

Para um nivel de significancia de 5% e analisando o parametro p.value, todos os
elementos selecionados apresentaram p.value << 0,01 (Tabela 1.1), o que significa a rejeigédo
da hipdtese nula, e consequentemente a respectiva distribuicdo para cada elemento nédo é

equivalente a distribuicdo gaussiana, o que se confirmada no diagrama QQ Plot (Figura 1.6).

Tabela 1-1 — Pardmetro estatistico e p.value para o teste de Shapiro-Wilk, com formulagéo de hip6tese nula para
a congruéncia com a distribuicdo gaussiana

Dado bruto (ppm) Dado Transformado (clr)

Elemento Estatistica p.value Estatistica p.value

Zr 0.432434674 1.33E-38 0.914233291 2.77E-17
Sr 0.531424409 4.95E-36 0.971842006 6.60E-09
Cu 0.604893159 8.03E-34 0.868293075 2.45E-21
Ni 0.605874891 8.64E-34 0.818577858 1.16E-24
Fe 0.431073972 1.23E-38 0.962760516 1.02E-10
Cr 0.336519148 9.10E-41 0.982159738 2.32E-06
Ti 0.364852955 3.72E-40 0.974306805 2.35E-08
Ca 0.184832368 1.03E-43 0.951186247 1.17E-12
K 0.38565616 1.08E-39 0.913317044 2.23E-17
S 0.427819613 1.03E-38 0.959805637 3.01E-11
Ba 0.584526537 1.82E-34 0.816863879 9.17E-25
Cs 0.714989228 8.59E-30 0.807393671 2.59E-25
Te 0.734048894 5.67E-29 0.837710298 1.78E-23
Sb 0.713592928 7.51E-30 0.824527425 2.64E-24
Sn 0.750783251 3.25E-28 0.858613897 4.74E-22
Cd 0.758331722 7.36E-28 0.895298162 4.12E-19
Pd 0.73804041 8.53E-29 0.911212683 1.36E-17
Nd 0.870360028 3.53E-21 0.943938652 1.01E-13
Pr 0.891936733 2.07E-19 0.944743494 1.31E-13
Ce 0.758785709 7.74E-28 0.921160061 1.53E-16
La 0.862151281 8.56E-22 0.935599702 7.81E-15
P 0.623349799 3.25E-33 0.846132596 6.41E-23
Si 0.798403208 8.17E-26 0.667709196 1.19E-31
Cl 0.628795993 4.96E-33 0.781690128 1.06E-26
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1.3.6.2 Transformagdo de dados composicionais

Como os dados geoquimicos sdo considerados varidveis composicionais (Aitchison,
1986), todas as analises geoquimicas selecionadas foram interpretadas ap6s uma transformacéo
da razdo logaritmica centrada (centered log-ratio abreviada como clr). Essa transformacéo é
uma etapa essencial para analisar dados composicionais com estatisticas multivariadas
(Grunsky, 2001). Ainda assim, os dados das variaveis selecionadas ndo possuem conformidade
com a distribuicdo gaussiana, e uma abordagem ndo paramétrica se faz necessaria para a

integracdo (Figura 1.7).
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Figura 1-6 — Diagrama Quantil-Quantil (QQ-plot) para os elementos selecionados. A linha preta indica o
comportamento esperado para uma distribuicdo gaussiana. A dispersdo dos pontos nos valores extremos da
distribuicdo sugere a presenca de valores anémalos, principalmente na por¢do superior da distribuicdo. Estes
valores andmalos ndo foram removidos da distribuigdo justamente por representarem um enriquecimento quimico
e potencialmente compor parte do objetivo desta pesquisa. A quebra de regularidade na direcdo de agrupamento
dos pontos sugere mudancas na distribuicdo, o que em alguns elementos caracteriza uma distribuicdo polimodal.

Isto é interpretado como as diferentes distribuicdes obtidas em litotipos distintos.
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Figura 1-7 - Diagrama Quantil-Quantil (QQ-plot) para os elementos selecionados com valores transformados pelo
método da razdo logaritmica centralizada. Mesmo apos a transformagao dos dados, as distribui¢cdes ndo tendem a
seguir a distribui¢do gaussiana (referenciada no gréafico pela linha preta diagonal). Da mesma forma, os valores
limitrofes ainda estdo em destaque em ambos os lados da distribuicdo, na maioria dos elementos selecionados e as

guebras de tendéncia de direcdo de agrupamento também estéo presentes.
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2 PETROFISICA, GEOQUIMICA E PREDICAO DE MINERALIZACAO

O presente capitulo estd apresentado na forma de um artigo, intitulado “Predicting
mineralization and targeting exploration criteria based on machine-learning in the Serra de
Jacobina quartz-pebble-metaconglomerate Au-(U) deposits, Sdo Francisco Craton, Brazil”. O
artigo foi aceito para publicacdo na Journal of South American Earth Sciences, aceito para
revisdo e devolvido com solicitacdo de corre¢des menores sob o nimero SAMES-D-21-
00534R1.

Este trabalho discorre sobre um modelo de predicdo de amostras de rocha mineralizadas
do Grupo Jacobina, Craton Sdo Francisco, através da interpretagdo conjunta de dados
petrofisicos e geoquimicos, utilizando modelos de Random Forests para a integracdo dos dados,
e geracdo de um modelo capaz de predizer o status de mineralizagcdo das amostras avaliadas.

Apresentamos ainda abordagens inéditas dentro do escopo de predi¢gdo na prospecgdo
mineral em escala de amostras, como a analise probabilistica dos resultados de predicdo das
Random Forests. Os resultados foram organizados pela posicdo das amostras nos respectivos
furos. Adicionalmente, discriminamos ainda assembleias minerais existentes em ao menos duas
fases hidrotermais presentes na historia do Grupo Jacobina e sua relagdo com a mineralizagéo.

O cddigo utilizado na elaboracgdo deste trabalho estéa disponivel no Apéndice C
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Abstract

Defining mineral exploration criteria is a laborious, time-consuming, and generally an
empirical task often biased and limited to expert knowledge. To address this problem with a
different approach, we used data-driven analysis to make predictions and provide insights about
gold mineralization in rocks of the Jacobina Group, S&o Francisco Craton. The input variables
were petrophysical parameters (density, magnetic susceptibility, and electric conductivity) and
lithogeochemistry data obtained by X-Ray Fluorescence assays. A machine learning model
based on the Random Forests algorithm was applied to predict mineralization in drill core
samples. The database used for algorithm training was balanced using the Borderline-SMOTE
technique to provide approximately the same numbers of samples of the two classes in the
mineral status parameter (i.e., ore and barren samples). The quality of the predictions was
assessed with different datasets (i.e., training, testing, each drill core separately, and all
samples) and by parameters. The average accuracies were 0.87 for cross-validation training,
0.91 for testing, and 0.86 for all samples. Also, the model allowed us to estimate and rank the
importance of the input variables to the prediction. These estimates were validated by an
interpretation of optical and scanning electron microscopy petrographic analysis, which were
carried out to more clearly understand the relationship between minerals of different stages and
gold mineralization. As this approach can be easily replicated in mineral exploration, it is
feasible to put models like this in production based on numerical and categorical variables
obtained routinely.

Keywords: Gold-bearing quartz-pebble conglomerate; Modified Paleoplacer; Supervised

Machine Learning; Hard rock petrophysics; Random Forests.

2.1 Introduction
As more modern exploration techniques are developed, managing, processing, and

interpreting all information generated during the exploration workflow presents a significant
21
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challenge. This does not change after the confirmation of positive results for mineralization.
With the massive amount of data generated in all stages of the mineral industry, defining, and
validating mineral exploration criteria turns into a laborious, time-consuming, and generally
empirical task (also often biased and confined to expert knowledge).

However, in the past few years, various machine learning algorithms (MLA) have been
used to deal with geological datasets and recurring tasks in several branches within geosciences,
including lithology prediction and segmentation (Bérubé et al., 2018; da Silva et al., 2022; Hall,
2016; Saporetti et al., 2018), semi-automated geological mapping (Carneiro et al., 2012; Costa
et al., 2019; Harris and Grunsky, 2015), mineral formula calculation (da Silva et al., 2021; Li
et al., 2020) and mineral potential modeling (Carranza and Laborte, 2016, 2015a; Prado et al.,
2020; Rodriguez-Galiano et al., 2015). Nevertheless, the majority of works using MLA in the
mineral exploration concerns the selection of areas with potential for mineralization (i.e.,
finding new targets), instead of focusing on integrating information to aid in the explanation of
a previously known mineralization and the ranking of mineral exploration criteria (Carranza
and Laborte, 2015b, 2015a; Chen, 2015; Ford, 2019; Niiranen et al., 2019; Saljoughi and
Hezarkhani, 2018; Yousefi and Nykanen, 2016; Zuo, 2017).

Therefore, this article aims to assess the quality of a predictive model based on MLA
built with quantitative variables collected in split drill-core samples to predict the mineralization
status (i.e., the sample prediction as Ore or Barren). We also discuss the footprint signature of
the Au-(U) mineralized samples of the quartz-pebble metaconglomerates of the Jacobina Group
through the analysis of petrophysical geochemical data by the variable’s importance rank
obtained by the data-driven model.

Furthermore, we evaluate the mineralization through a probabilistic approach,

presenting the odds of a mineralized sample. This method can provide insights into probability
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distribution across the drill core samples ordered by its depth. This probabilistic approach
allows investigating the problem in a binary way.

Our work brings an example of the prediction of mineralization status based on
quantitative petrophysical and lithochemical variables on gold-bearing rocks from the Jacobina
Group. Additionally, the MLA helps estimating exploration criteria based on statistical
parameters evaluated upon the evaluation metrics (e.g., model accuracy). Furthermore, those
parameters were validated after field descriptions and laboratory analysis of mineralized
samples.

2.2 Geology and gold mineralization in the Serra de Jacobina
2.2.1 Geological setting

The Serra de Jacobina (or Jacobina Range) contains Au deposits and is the
geomorphological expression of the Jacobina Group, with more than 170 km long and up to 12
km wide, set in the northern portion of the S&o Francisco Craton in eastern Brazil (Figura 2-1).
The Jacobina Group “lies on the eastern edge of the Paleoarchean Gavido Block, close to the
suture zone derived from the Paleoproterozoic collision with the surrounding terrains” (Barbosa
and Sabaté, 2004; Heilbron et al., 2017; Santos et al., 2019; Teixeira et al., 2017).

According to many authors (Alkmin et al., 1993; Barbosa and Barbosa, 2017; Santos et
al., 2019; Leite et al., 2007; Leite, 2002; Teixeira et al., 2001; Teles et al., 2020) the buildup of
the Serra de Jacobina occurred during the Paleoproterozoic orogeny developed by the

amalgamation of the Gaviao, Serrinha, and Jequié paleoplates, between 2.1 Ga and 1.91 Ga.
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Figura 2-1 a) Localization of S&o Francisco Craton in South America. The red rectangle indicates the position of
the Jacobina Group. b) Simplified geological map of the Jacobina Range and its surroundings (modified after
Santos et al., 2019; Reis et al., 2021; Teles et al., 2015 and the references therein); ¢) Serra do Cérrego Formation
stratigraphy and an indication of the drill core approximate position (after Teles et al., 2015)

The Jacobina Group was deposited in a pre-GOE stage (> 2.3 Ga.), and the source of
the sediments are TTG (Tonalite-Trondhjemite-Granodiorite) with a contribution of mafic-
ultramafic rocks as indicated by high concentrations of Cr in lithogeochemistry analysis (Teles
et al., 2015). Teles et al. (2015, 2020) also describe rounded sedimentary pyrite grains
associated with other detrital minerals, consistent with a pre-GOE deposition. In addition, the
source rocks have Paleoarchean age (between 3.3 and 3.4 Ga), indicated by the U-Pb analysis
of several rounded zircons crystals (Teles et al., 2015). In the past, some authors considered the

possibility of foreland basin, as the tectonic setting for the Jacobina Group (Ledru et al., 1997;
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Leite and Marinho, 2012), despite that many works attributed it to inverted rift setting (Santos
et al., 2019; Pearson et al., 2005; Teixeira et al., 2001; Teles et al., 2015, 2020, and others).

There is some controversy in the literature about the extension of the Jacobina Group,
as some authors consider the Bananeira and Cruz das Almas formations as part of the Jacobina
Group, and not consider the Serra da Paciéncia (Leite et al., 2007; Leite, 2002; Leo, 1964;
Mascarenhas et al., 1998; Miranda et al., 2021a; Reis et al., 2021). The interpretation of
Jacobina Group adopted in this work comprises quartz-pebble metaconglomerates, quartzites,
and schists, from the base to the top of the stratigraphy, and includes the Serra do Cérrego, Rio
do Ouro and Serra da Paciéncia formations, following Santos et al. (2018), Teles et al. (2015)
and Teles et al. (2020). Numerous mafic-ultramafic dikes and sills intersect those rocks, mainly
metamorphosed and partially serpentinized.

The Serra do Cdrrego Formation, base unit of the Jacobina Group, consists of an
alluvial-fluvial formation and comprises an association of quartz-pebble metaconglomerates
and quartzites (Santos et al., 2019). The metaconglomerates are mainly oligomictic, composed
primarily of quartz pebbles, but some polymictic varieties are found in the Upper Conglomerate
Unit with clasts consisting of lithic fragments (granite, quartzite, and metachert of different
colors). The metaconglomerates are commonly green-colored due to the presence of fuchsite
but can also be yellow-greyish and red-colored, depending on the amount of fuchsite or the
degree of oxidation (Mascarenhas et al., 1998).

The Rio do Ouro Formation is exposed in the central part of Serra da Jacobina and is
locally 2000 m thick (Teles et al., 2015). The unit consists primarily of high-purity fine-to-
medium quartzite, but also thin layers of metaconglomerates are presented in the base, making
gradational contact with the lower Serra do Cérrego Formation (Pearson et al., 2005; Teles et

al., 2015).
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The Serra da Paciéncia Formation is exposed along the eastern margin of the Jacobina
Range. It consists of thick packages of fine-to-coarse-grained quartzite, conglomeratic
quartzites, subordinate metaconglomerates with blue quartz grains of possible volcanic origin,

and local andalusite-quartz-graphite schist layers (Pearson et al., 2005; Teles et al., 2015).

2.2.2 Deformation, metamorphism, and hydrothermal alteration

Two main deformation phases were identified in the Jacobina Group. The first
deformation phase (D1) is compressional, representing the tectonic transport from east to west,
which progressively evolved to a sinistral transpressive phase (D2; Santos et al., 2019). The
second deformational phase (D2) occurred due to the rotation of the compressive vector to a
SE-NW orientation (Santos et al., 2019). In addition, the Jacobina Group is separated from the
Saude Complex by the Pindobacu Fault System, that has transcrustal dimensions and conforms
to the Pindobacu Suture (Santos et al., 2019).

Several metamorphic minerals are described in the rocks from the Jacobina Group and
in the cross-cutting mafic-ultramafic dikes (Milési et al., 2002; Miranda et al., 2021; Santos et
al., 2019; Teixeira et al., 2001; Teles et al., 2015). Fuchsite, chlorite, epidote, uraninite (the last
three are more common at the base of the Jacobina Group), serpentine (in the mafic-ultramafic
dikes), andalusite, and graphite (at the top of the Serra da Paciéncia Formation; Pearson et al.,
2005).

Additionally, sigmoidal-shaped clasts and pressure-shadows (mainly involving
inclusion-rich quartz, fuchsite, pyrite, or chlorite crystals) are observed in hand samples and
thin sections, suggesting that the metamorphic minerals were produced during a ductile
deformation phase (either D1 or D), as shown in Figura 2-2a to f.

Despite da Costa et al. (2020) suggestion for the sedimentary related Witwatersrand
Group, Teles et al. (2020) found epigenetic pyrite crystals associated with the metamorphism

in the Jacobina Group. In addition, Teles et al. (2020) suggest that epigenetic pyrite grains,
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locally associated with remobilized gold, are the most common variety of crystals at the Serra
do Corrego and Rio do Ouro formations. Teles et al. (2020) associate this phenomenon with the
Paleoproterozoic orogeny (2.1 Ga. To 1.9 Ga) that affected the Jacobina Group. The other
hypothesis presented by Teles et al. (2020) is that the epigenetic pyrite could be formed by the
influence of the emplacement of granitic bodies in the same era. Both events may have provided
metamorphic and/or hydrothermal fluids and the heat required for the recrystallization of pre-
existing pyrite. Epigenetic pyrite (Py2) with inclusions of uraninite that overgrow detrital pyrite
(Py1) is here presented. The Py2 are spatially associated with chlorite corona texture in a
shadow-pressure shape. In this texture, inclusion-bearing crystals of uraninite and tiny crystals

epigenetic pyrite occur (Figura 2-2c to f).

Figura 2-2 — Mineralized drill core samples and photomicrographs: a) pyrite-bearing metaconglomerate, with
deformed clasts of quartz and a pervasive iron-oxide alteration (orange and reddish colors), including among the
pyrite layers (light yellow); b) polymictic (clasts of quartzite, fuchsite quartzite, metachert, and lithic fragments)
pyrite-bearing metaconglomerate with fuchsite (green mica); c) to f) sigmoidal-shaped chlorite in a corona texture
around authigenic pyrite (Py2) overgrown on detrital pyrite (Py1), with uraninite inclusions in the chlorite and
authigenic pyrite (tiny white crystals in the Back Scattered Electron image - BSE). BSE image, photomicrography
(transmitted polarized light), photomicrograph (reflected polarized light) and drawn interpretations (respectively);
g) euhedral hematite in a quartz vein, locally replaced by goethite; h) crystals of fuchsite (green mica) among the
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recrystallized quartz grains with a euhedral aggregate of pyrite (opaque minerals) spatially associated to a large
crystal of fuchsite. Abbreviations: qz — quartz, fcs — fuchsite, py — pyrite, urn — uraninite, chl — chlorite and hm —
hematite.

The last alteration described is oxidation. Despite being associated with rock
weathering, as suggested by the replacement of pyrite crystals by goethite and other iron oxides,
this alteration also forms euhedral hematite crystals, disseminated along with some layers or
crystallized within quartz veins (Figura 2-2g). Pearson et al. (2005) firstly described hematite
alteration as a late alteration stage in the Serra do Cdrrego Formation.

This alteration may vary the intensity depending on the proximity of some brittle
structures, and in some cases, breccias and other brittle structures seem to control the alteration.
In addition, euhedral crystals of hematite and goethite are more likely to be found closer to fault
zones. Despite this, the relation of this alteration with gold mineralization is uncertain in the

absence of more evidence.

2.2.3 Gold mineralization

Gold in the Serra do Coérrego Formation quartz-pebble metaconglomerates occurs as
fine-grained native gold with pyrite or hematite, predominantly in the matrix of coarser
metaconglomerates (Pearson et al., 2005). There are two mineralized reefs (following the
terminology used in mining) within this formation, named lower and upper conglomerate
(Figure 1c; Teixeira et al., 2001).

Exploration in the Jacobina Range has occurred since the early 18" century, with
numerous artisanal miners (“garimpeiros”’; Pearson et al., 2005). In modern days, three mines
of the Serra de Jacobina produced approximately 700,000 ounces of gold during the years of
1983-1998, and approximately 2 million of ounces during the years of 2003-2019 (Yamana,
2020).

In addition, there are small, clearly hydrothermal gold deposits associated with quartz
veins hosted in rocks of the Rio do Ouro Formation (Teixeira et al., 2001; Miranda et al., 2021).

These deposits may occur in different contexts but typically contain free gold spatially
28
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associated with pyrite, chlorite, epidote, tourmaline, chalcopyrite, and other minor phases,
hosted in meta-ultramafic rocks, quartzites, and metaconglomerates.

Many works have discussed the origin of the gold in the Jacobina Group in the past few
decades (Ledru et al., 1997; Mascarenhas et al., 1998; Milési et al., 2002; Miranda et al., 2021;
Pearson et al., 2005; Reis et al., 2021; Teixeira et al., 2001; Teles et al., 2020). Although some
authors advocate for a pure hydrothermal origin (Ledru et al., 1997; Milési et al., 2002; Pearson
et al., 2005), recent evidence observed in rocks of the Serra do Coérrego Formation, such as age
of the zircons, presence of detrital pyrite, and isotopic chemistry (Teles et al., 2015, 2020)
favored the “modified placer model” (Frimmel, 2019; Teixeira et al., 2001; Ledru et al., 1997;
Frimmel et al., 1993; Robb and Meyer, 1991), in which placer mineralization was followed by
mobilization of ore components by post-depositional fluids.

2.3 Materials and methods
2.3.1 Dirill core samples

We collected 557 rock samples from four drill cores intersecting the Serra do Cérrego

Formation (please refer to Fig. 1c). Quartzites and metaconglomerates predominate, but there

are also schists, breccias, and meta-ultramafic rocks samples (Tabela 2-1).

Tabela 2-1 — Lithology distribution of samples through the drill cores.

Hole B(rne:cg;a Cong/llgﬁ-erate (?#:agtgei;t)e (SnChO';t) Uli\r/laer;ae;fic
(n: 251) (n: 32)
CAN120 0 62 51 0 3
CAN144 0 60 78 1 3
CANIF27 0 91 27 0 11
JBAT722 6 38 110 1 15
Total 6 251 266 2 32
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The samples were obtained on split drill cores and systematically collected with 4 meters
intervals, where the most representative samples were selected. On average, samples have 15
centimeters in length, and however, some samples vary from 8 to 50 centimeters in length,
depending on the representativeness and grain size.

The mineralization status of samples was classified based on the discretization of the
gold content in the original drill core’s assays. All samples were labeled as “Ore” or “Barren”
based on the given threshold of 1 ppm (please refer to Tables A1 and A2 in the supplementary
data online for more details).

We described textural and mineral assemblages related to mineralization optical
microscopy. Furthermore, the selected samples were analyzed by the Back-scattered
Electron/Energy Dispersive Spectroscopy (BSE-EDS, FEI QUANTA 450) method to

complement the petrographic texture and mineral composition study.

2.3.2 Petrophysics

The mineral exploration industry often uses petrophysical data to evaluate and
characterize geological variations, including mineral changes caused by mineralization (Dentith
et al., 2020).

According to Dentith et al. (2020), to understand geological controls on physical
properties in hard rocks environment, it is necessary to analyze petrophysical data in terms of
the properties of different rock types. Still, it is also required to interpret data based on rock and
mineral characteristics, as alteration, metamorphism, and strain.

As descriptions used in geological exploration are usually categorical data, the measure
of rock properties can provide resources to numerically quantify the variations across the host
rocks and target mineralization. Still, the necessity of relying on quantitative variables related
to the target phenomena turns the MLA into a practical approach to build the model and assess

the accuracy of the predictions.
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We acquired properties related to the three types of petrophysical behavior that can
respond to changes in overall mineralogy, texture, and grain-size variations (Figura 2-3). Thus,
we measured the density, magnetic susceptibility, and electrical conductivity, all of them

described in the following section.

Figura 2-3 — Conceptual framework describing the behavior of various physical properties. The physical properties
highlighted in the graph were considered for this work (based on Dentith et al., 2020).

2.3.2.1 Density

The density measurements were taken in the Laboratory of Applied Geophysics (LGA),
at the University of Brasilia, based on the hydrostatic weighing method. First, the density values
were calculated after obtaining the sample weight on a standard scale and after obtaining the
weight immersed in ambient temperature water. Then, the density was calculated based on the
Principle of Archimedes.

The water in the measuring vessel was changed every 50 samples or after changing the
sample matrix. At the end of each round of measurements, some samples were chosen randomly

to repeat the density test. In the case of repetition, the average of the values was considered.
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We repeated the procedure until stabilization if the difference was not significant (i.e., higher

than 0.2 g/cm3).

2.3.2.2 Magnetic susceptibility and electrical conductivity

The magnetic susceptibility (unit 10 SI) and electric conductivity (unit S/m) properties
were assessed using a Terraplus KT-10 S/C magnetic susceptibility and conductivity meter with
a circular coil.

These properties were measured at least ten times per sample, at different points
throughout the sample, and the median value of each property was considered the most
representative sample’s measure and was used as input for the modeling.

Due to the nature of the distribution of the values (i.e., low values are more frequent
than high values), both properties were transformed to a logarithm scale, aiming to ease the

interpretations and reduce the asymmetry of data distribution.

2.3.3 X-Ray Fluorescence

To assess the concentrations of elements in the samples, we used a Thermo Scientific
Niton XL3t Goldd+ XRF analyzer, with 2W, 50kV Au anode tube, and a geometrically
optimized large area drift detector. The instrument was coupled on a stationary test stand during
the measurements, where the samples were placed. Each measurement took 120s, with 60s of
duration for each beam.

We collected a second sample measurement in a different spot in each sample to check
the representativeness of information. Despite some outlier values, the main distribution is
maintained in the first and second analyzed spots. We calculated the average of the first and
second measurements, and then we took the average value for the data analysis.

The QA/QC adopted procedures that followed the suggestions presented by Fisher et al.
(2014) and Piercey (2014). The measurements were performed on the sawn surface of split drill

core samples, using the “point and shoot” assay mode. The reference material RM 180-646 was
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read between every ten samples (or 20 spot measurements). At the beginning of every analysis
batch, the instrument was set to read continually for at least 40 minutes to correct the
instrumental drift caused by variations on the cathode temperature (lda, 2004; Thermo-
Scientific, 2013). We collected a total of 1114 measurements, excluding the reference material
analysis.

Geochemistry data are considered compositional variables (Aitchison, 1986), and all
selected geochemical variables were interpreted after a centered-log ratio transformation. This
transformation is essential for analyzing compositional data with multivariate statistics

(Grunsky, 2001).

2.3.4 Machine learning analysis (MLA): Random Forests

One of the most employed MLA in geoscience prediction problems is the Random
Forests (RF - Breiman, 2001). RF combines several independent estimators (decision trees) to
build classification or regression models through bootstrap aggregation. We processed data and
built the RF models in the R programming language, using the Tidyverse collection of packages
for data wrangling (Wickham, 2014) and the randomForest package (https://cran.r-

project.org/web/packages/randomForest) for modeling.

RF relies on the bootstrap principle (random sampling methods with reposition) and the
law of large numbers statistical principle, which tells that as the sample size gets large enough,
its mean gets closer to the actual average of the whole population (Breiman, 2001). That
statistical principle indicates that the RF algorithm does not overfit by considering more
estimators. Also, another of RF most significant advantages is that this algorithm has a high
performance combined with the low required numbers of hyperparameters, easy to tune. Several
geoscientific researchers have shown that the RF outperformed the other MLA, such as support
vector machines, artificial neural networks, and logistic regression (e.g., Kuhn et al., 2018;

McKay and Harris, 2016; Rodriguez-Galiano et al., 2015). These characteristics make RF
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widely and effectively used (e.g., Carranza and Laborte, 2015b; Costa et al., 2019; Ford, 2019;
Hariharan et al., 2017; Harris et al., 2015).

In this work, we employ the RF algorithm to predict the mineralized samples, presented
in section 2.4.2, to evaluate the ore probability across the drill core samples, presented in section
2.4.3, and to build insights about mineralization targeting and signature by the analysis of

variable importance rank, discussed in section 2.5.2.

2.3.4.1 Data balancing, train, and test splits

Imbalanced data is a common issue in the implementation of predictive models. This
issue considerably reduces the capacity of the model to perform predictions, especially for the
minority classes, where the recognition rate decreases considerably (Japkowicz and Stephen,
2002). Therefore, resampling data configures a mandatory pre-processing step for a successful,
high-performance machine learning model (Koziarski et al., 2020).

This problem was previously discussed by (Prado et al., 2020) under the geoscience
scope, and the resolution of this issue, or the implementation of a data balancing stage,
significantly increased the accuracy of the discussed mineral potential model.

A reasonable solution to this problem was first introduced by Chawla et al. (2002),
presenting the SMOTE algorithm (Synthetic Minority Over-sampling Technique). This
technique over-samples the minority class by creating synthetic examples rather than over-
sampling by replacement. The new generated synthetic data is obtained by the linear
combination of previous data, considering the k-nearest neighbors of actual samples, until the
number of minority and dominant classes is achieved.

In this work, we used a modified version of the SMOTE algorithm, called Borderline-
SMOTE (Chawla et al., 2002; Han et al., 2005; Koziarski et al., 2020; Prado et al., 2020), to
balance samples classified as Ore (n = 49) and Barren samples (n = 523). The Borderline-

SMOTE method priorly classifies the minority data sample into two different subsets, named
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DANGER and SAFE samples. This approach assumes that the samples near the limit between
minority and dominant classes (DANGER zone) are more easily misclassified than those far
from the borderline (SAFE zone, Chawla et al., 2002; Han et al., 2005; Koziarski et al., 2020;
Prado et al., 2020). Thus, the algorithm first identifies the borderline between minority
examples, and then synthetic examples are generated and added to the original dataset to
strengthen the border.

To avoid overfitting, the model by resampling bias, we first randomly sample the data
evaluated by the Borderline-SMOTE approach, with a 300% oversampling rate that virtually
equalized the number of minority dominant samples. Then, we split the generated dataset by
the proportion of 0.7 of original data to separate the data into a train (281 samples) and test
dataset (120 samples), considering the original distribution of minority and dominant samples.
These data were used to train and assess the model’s performance according to sections 2.3.4.2

and 2.3.4.3, respectively.

2.3.4.2 Model tunning

The model tuning is a prior stage to select the optimum hyperparameters of the chosen
machine learning model. For RF, the mandatory hyperparameters to tune are the number of
estimators (ntree, or the number of considered trees) and the number of features randomly taken

in each tree (mtry), as shown in Figura 2-4.
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Figura 2-4 — Hyperparameters evaluation and definition of optimum values: a) ntree (number of estimators) search
according to the error rate. The error starts to stabilize for ntree greater than 500. The red curve represents the error
rate for the barren samples, while the green curve represents the ore samples, and the black curve is the average
error; b) feature values and mean accuracy on a grid-search optimization in the cross-validation training step. Each
curve represents a given number of trees. The highest accuracy value was taken with the parameters mtry (number
of features taken randomly) set to 3 and ntree set to 1000.

One of the possible approaches to defining the optimum values is when an exhaustive
search is performed (e.g., “grid search,” Bérubé et al., 2018; Prado et al., 2020; Rodriguez-
Galiano et al., 2014) and the values which the higher obtained accuracy was selected. For the
model in consideration, we took the number of features randomly taken (mtry) and the number

of predictors (ntree) values as 3 and 1000, respectively.

2.3.4.3 Performance evaluation

The model’s performance is assessed based on quantitative parameters calculated across
some subsets of data. For this work, we tested the performance for the train data split, test data
split, and for each one of the drill core’s samples separated (Tabela 2-2). We also compared the
accuracy obtained for the unbalanced and SMOTE-balanced models, supporting the idea that a

well-balanced model can make better predictions (Figura 2-5).

Tabela 2-2 — Evaluation parameters for the random forests model implemented in this work for each data subset.

Train| Test | CAN144 | CAN120 | CANIF27 | JBA722 All
Parameters | gpjit | Split | Drill Core | Drill Core | Drill Core | Drill Core | Samples
Numberof | g | 120 | 142 116 129 170 557
Samples
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NIR 0527 ] 0500 | 0.880 0.836 0.884 0.847 0.860
iaw 0.854 | 0.917 | 0.958 0.922 0.977 0.871 0.926
ccuracy
Balanced 0.854 | 0.917 | 0.849 0.805 0.989 0577 0.769
Accuracy
AUC 0918 | 0917 | 0942 0.894 0.917 0.934 0.905
;'”a' 0875|0917 | 0.916 0.874 0.960 0.794 0.867
ccuracy

391 Abbreviations; NIR: No Information Rate, AUC: Area Under the Curve.
392 Raw accuracy is the proportion of the correct predictions, usually based on the analysis

393  of previously labeled samples. We applied cross-validation accuracy for the train dataset in this
394  work, with five repetitions with a 3-times folded analysis. Then, the accuracy obtained in the
395 training dataset is the average of the accuracy obtained in all five repetitions. For the other data
396  subsets, the raw accuracy is calculated as the ratio of correct predictions over the number of

397  samples.

398

399  Figura 2-5 - ROC and AUC diagrams for SMOTE-balanced (AUC: 0.91) and imbalanced (AUC: 0.77) training
400  datasets.

401 The “No Information Rate” (NIR) parameter is calculated based on the proportion of

402  the dominant class in the dataset. The model is considered helpful for each data split if the
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calculated raw accuracy is higher than the NIR value, and this value is closer to 0.5 if the dataset
is balanced. The NIR value was calculated based on the proportion of the barren samples in
each subset of data. In all considered subsets, the raw accuracy values were higher than the
NIR, attesting by this criterium that the models are valid.

The balanced accuracy is calculated as the average of the specificity and sensitivity
parameters (Zhu et al., 2010). In this paper, specificity is considered the proportion of correctly
identified mineralized samples, and sensitivity is the proportion of correctly identified barren
samples. The balanced accuracy approach is helpful to evaluate unbalanced datasets (i.e., with
a different number of instances for the considered classes).

The Area Under the Curve (AUC) parameter is calculated based on the Receiver
Operating Characteristic (ROC), which estimates the trade-off of True positives and False
Positive rates (Torppa et al., 2019). The AUC parameter is calculated based on the ROC curve
and ranges from 0.5 (i.e., a completely random model) and 1.0 (perfectly accurate model).

To level and consider all described parameters, we calculated the final accuracy as the
average of the raw accuracy, balanced accuracy, and AUC values. The final accuracy values
range from 0.7937 (for the JBA 722 drill core subset) to 0.9600 (for the CANIF27 drill core
subset). The train and test final accuracy were 0.8755 and 0.9168. Thus, the model does not

overfit, as the test and train accuracies are close to each other.

2.4 Results and data analysis

2.4.1 Petrophysics and lithochemistry

Figura 2-6 presents the variation among the measured physical properties and some
selected elements using a combined graphs strategy (histograms, density plots, and boxplots)
and the bivariate analysis. The graphs below are color-coded according to the mineralization

status (i.e., Ore or Barren).
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Figura 2-6 — Selected variables transformed to natural log and centered-log ratio distributions and schematic
graphics at the lower portion. Histograms, scatterplots, and density plots for each variable and combinations of
two variables coded according to mineralization status. At the upper portion, boxplot diagram, colored according
to mineralization label and Spearman ranked correlations calculated based on barren samples (red), ore samples
(blue), and both (black). The correlations values marked with asterisks were validated for a significance test at the
level of 5%. Abbreviations: Mag.Suscep. — Magnetic susceptibility; El.Cond. — Electric conductivity; Dens. —
Density; clr — Centered log-ratio.

We calculated Spearman’s correlation for each selected variable pair to numerically assess their
relationship. Additionally, we validated the correlation values by a statistical significance
symmetrical t-test, with a tolerance level of 5%.

The Spearman’s correlation is an index calculated according to the rank of samples and
used when data follows a multimodal or non-parametrical distribution. For the dataset, the

absolute value of significant correlations ranges from 0.143 (among the Magnetic Susceptibility
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to with the clr(S) content, considering all samples) to 0.827 (among the values of clr(K) and
clr(Cr), considering barren samples).

More important than the correlation strength between the variables is the correlation
between ore and barren populations to predict mineralization status correctly. In that
perspective, we point out the correlations between the following pairs of variables: log(Density)
and clr(Cr), log(Magnetic Susceptibility) and clr(S), log(Density) and log(Magnetic
Susceptibility), clr(Fe/Ti) and log(Magnetic Susceptibility), and clr(K) and log(Magnetic
Susceptibility).

Also, by the analysis of the boxplot diagram, it is possible to notice that the position of
quantiles and median values according to the mineralization status has significant contrast for
some of the selected variables, mentioning the log(Magnetic Susceptibility), log(Density),

clr(Cr), clr(K), and clr(Fe/Ti) variables.

2.4.2 Mineralization prediction

We predicted the mineralization status of the samples based on the Random Forests
classification model described in section 2.3.4.

We prepared an alluvial plot to visualize better the relations between predictions and
references across the lithology variations (Figura 2-7). In this type of plot, the reference labels
are disposed of in the columns, with the inner subdivisions expressed by their proportion inside
the columns. Then, a link (or alluvial) is related to each bar’s portions and indicates if a set of
samples were labeled as ore or barren by the reference and prediction columns. Additionally,
each link is color-coded to aid the visualization of a good prediction or a disagreement with the
reference.

It is possible to observe that most misclassifications (i.e., poor mineralization
predictions) are associated with quartzite samples predicted as Ore but labeled as Barren

samples (False Positive Type, or FP, Figura 2-7). Twenty-seven misclassified samples were
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recognized, corresponding to a 5% error rate in the raw accuracy parameter considering all
samples. Some other samples were wrongly classified as Barren, while the reference indicated
mineralized (False Negative Type, or FN). Furthermore, the FN proportion is almost negligible
and is restricted to five conglomerates, quartzite, or ultramafic mineralized samples.
Considering the FP, the model predicted 50% mineralized samples than the reference, but most

of these samples (n: 27) are from quartzites from the JBA-722 drill core.

Figura 2-7 — Alluvial validation diagram for model prediction. This diagram uses column bars to identify the
proportion of lithology, mineralization status for reference, and model prediction. Each link represents a relation
between the three columns, and the links colored green and red represent correct and incorrect predictions,
respectively. The proportion of each link through the sample space and the respective number of samples are
indicated inside the chart.
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2.4.3 Probabilistic prediction approach

The mineralization status was predicted considering the average of the votes of all
estimators (decision trees in the forest). If the proportion of trees that classified the sample as
mineralized (i.e., Ore) is higher than 0.5, the sample is labeled in this way. Then, by analyzing
both the reference classification values and the proportion of samples that voted to the
considered class, we can build insights about the probability of mineralization of a given

sample, even then it is classified as hon-mineralized (i.e., Barren, Figura 2-8).

Figura 2-8 — Ore probability analysis for all samples based on the mineralization status of the test dataset (barren
samples are represented in the red curve and ore samples in the blue curve). Most barren samples took a low Ore
probability, and the mineralized samples got the highest probabilities. The fields of True Negative (TN, i.e., barren
samples predicted as non-mineralized), False Positive (FP, barren samples predicted as mineralized), False
Negative (FN, ore samples predicted as non-mineralized), and True Positive (TP, ore samples predicted as
mineralized) are indicated in the plot. The ticks at the bottom of each plot indicate the calculated probability for
each test dataset sample.
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Most samples are grouped in the TP and TN fields for all the drill core data. Also, the
field with the highest density probability of samples referenced as ore is placed around the
probability of 0.9, which suggests that these samples were estimated adequately with a high
probability by the model. On the other hand, for the samples classified as barren in the
mineralization status, the highest density probability is concentrated around 0.1 to 0.4,
indicating that some samples may have any of the considered features indicating a chance of
being mineralized.

A schematic strip log color-coded mapping the lithology, mineral status, validation, and
ore probabilities parameters provide a better understanding of the mineralization (Figura 2-9).
2.5 Discussion
2.5.1 Mineral Targeting

Pearce et al. (2005) stated that metaconglomerates with blue-gray quartz pebbles and
fine-grained disseminated pyrite or hematite usually host gold at the Serra de Jacobina. They
noted that the same type of rock with the same pebble size, packing styles, percentage of the
matrix, white quartz pebbles, and fuchsite in the matrix tends to have less gold. So, the
description mentioned above can be used as a mineral footprint assemblage. A mineral
paragenesis schema representing the assemblage, mineral abundance, and the stage of the
hydrothermal alteration events is built up using the petrographic and microtexture analysis

(Figura 2-10).
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Figura 2-9 — Color-coded strip log according to the lithologies for drill cores studied in this work and respective
validation column. The calculated Ore probability is indicated as a bar beside the sample position for each sample
and drill core, and the threshold of probability is indicated as the red dashed line. The circle color shows the
reference values of the mineralization status at the end of the probability bar. The validation column is color-coded
according to the verification of the predicted and reference mineralization status.
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Figura 2-10 — Mineral paragenesis flowchart. Pyrite, gold, and uraninite are present at the sedimentation and first
hydrothermal alteration (E1). Fuchsite, ilmenite, chlorite, and hematite were only encountered at the first
hydrothermal alteration event (E1). Hematite, as euhedral to subhedral crystals, is only encountered on the second
hydrothermal alteration event (E2), in quartz veins, in the middle of the recrystallized matrix, or substituting
previous crystals of pyrite.

The first hydrothermal alteration event (E1) relates to the Paleoproterozoic deformation,
either D1 or D2, due to the association with pressure-shadow texture, deformation pattern, and
associated metamorphic minerals (e.g., fuchsite, chlorite, remobilized uraninite, or epigenetic
pyrite). In addition, some authors described remobilized gold associated with this assemblage,
occurring both as free gold and spatially associated with sulfides (Pearson et al., 2005; Teles et
al., 2020). This alteration is interpreted here as a product of the first modification of the
paleoplacer deposit. It may be due to the syntectonic metamorphism event during the
Paleoproterozoic, with or without the participation of fluids derived from the Paleoproterozoic
granitic intrusions (Teles et al., 2020). Despite that, the A %3S values do not show a disturbance
in the isotopic system, which does not favor the entry of external fluids on the basin during
metamorphism (Teles et al., 2020).

The second hydrothermal alteration event, also described as hematitization (E2),

affected the Serra do Cdrrego Formation rocks and is more prominent close to large brittle
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structures. Despite this fact, evidence on the relation between hematitization and gold
mineralization is still lacking.

RF models estimate the importance of the variables to predict a target by analyzing the
mean accuracy decrease for each variable. The raw accuracy of the prediction is compared with
the accuracy obtained for the estimators that did not evaluate the variable in question to
calculate the Importance parameter (Breiman, 2001). Thus, the average accuracy decrease is
calculated, and the variables are ranked according to the degree of importance. The variables
were normalized for better comparison. The Variable Importance rank is based on the mean
accuracy decrease parameter, and the ranking is driven from the data signature (Breiman, 2001).
In addition, as the variable in an estimator is taken by chance, the model bias is not significant.

For the model in question, the rank of the variables shows that properties such as Cr,
Magnetic Susceptibility, Fe/Ti ratio, K, Si, Fe, and S, density are the variables of the most
significant importance for the assertiveness of the predictions (Figura 2-11).

According to the minerals presented in Figure 10, the variables discussed here can be
traced back to the signature of minerals related to the mineralization event (i.e., mineralization
footprint). Cr and K are elements present in the mineral structure of the fuchsite, and Fe and S
are present in the mineral structure of pyrite and pyrrhotite.

Thus, based on Figures 2-10 and 2-11, it is possible to infer that the mineral contents
such as fuchsite K(AI,Cr)2(AlSiz010)(OH)2, pyrite FeS», intermediate magnetic susceptibility
values (possibly associated with the presence of pyrrhotite, FezSg, or ilmenite, FeTiOs, observed
here in thin sections and the literature) and density (associated with the presence of the sulfides
and hematite) have an essential role in the quantitative prediction of mineralization through the
Random Forests model. All minerals listed above are associated with the hydrothermal

alteration event E.
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Figura 2-11- Variable importance rank based on the Mean Decrease Accuracy parameter normalized to a
percentage distribution. The bars are filled with the coded colors according to their respective importance.
Abbreviations: Mag.Susceptibility — Magnetic Susceptibility; Electri. Conductivity — Electric Conductivity.

Variables such as electrical conductivity, and Cu, Ti, and Al content do not significantly
influence the model’s accuracy and are not determinant to the predictions. This behavior may
occur either because these variables do not differentiate barren and ore samples or because they
were not involved in the mineralization event. For example, even though the sample has a
relevant sulfide content, included in the rock matrix on the metaconglomerates, the electrical
conductivity is not favored if the conductive minerals are dispersed and do not show the
continuous distribution in the rocks. This interpretation could explain why electrical

conductivity values did not play an essential role in the predictions.

2.5.2 Dirill core prediction
We also evaluated the model’s performance across the samples grouped by the drill core
(see Figure 9). The final accuracy of the models significantly changes from the cores CAN120,

CAN144, and CANIF27 (ranging from 0.87 to 0.96) to the core JBA722 (0.79).
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The drill cores CAN120, CAN144, and CANIF27, intersects the Upper Conglomerate
Unit and the Intermediate Quartzite, and the core JBA722 intersects from the Intermediate
Quartzite to the Lower Conglomerate Unit (see Figura 2-1c).

This interpretation may imply that Upper Conglomerate and Lower Conglomerate units
may differ in the mineralization styles. Nevertheless, this statement should be more carefully
investigated in the future, and previous assumptions based on the investigation of drill core
samples do not show a relevant distinction between them. In addition, even though the final
accuracy is lower in the core samples from JBA722 than in the others, it stills performs
satisfactorily.

Upon analyzing the probabilistic approach on all drill core samples (see Figura 2-9), we
observe that the barren samples surrounding the ore samples continuously increase their Ore
Probability in some cases. For example, this can be observed in core CANIF27 samples, close
to positions 75 and 120, and core JBA722, close to positions 15 and 140. So, we conclude that
the mineralization affects the surrounding samples, and it suggests that the observed variables

are mapping the footprint signature of the mineralization.

2.6 Conclusions

We presented in this work a supervised machine learning approach used to predict the
gold mineralization in the quartz-pebble metaconglomerate samples from the Serra do Corrego
Formation of the Jacobina Group. The implemented predictive model was based on the Random
Forests Algorithm.

The model predicted the mineralization satisfactorily, showing an accuracy of 0.87 and
0.91, respectively, for the train and test datasets. We also ran the model to predict samples
grouped by the drill core label, and it resulted in minor but significant accuracy differences
between samples in cores from different positions in the Serra do Cdrrego Formation

stratigraphy.
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Despite the satisfactory achieved accuracy, there are some ways to further improve the
machine learning model performance results. A possible follow-up suggestion for this work,
regarding the machine learning implementation, might be to separate samples into three groups
(ore, barren and proximal/altered). It is expected that this might solve the false positive
classification issue, as those samples might be barely altered. Also, a new modeling attempt
would benefit from a larger (and originally balanced) dataset, eliminating the need to generate
synthetic samples.

Regarding the interpretation of the model, the Variables Importance analysis showed
that properties such as Cr, Magnetic Susceptibility, Fe/Ti ratio, K, Fe, S content, and density
are the most significant. Petrographic evidence combined with probabilistic analysis (supported
by the Random Forests algorithm) made it possible to explain the relevance of the variables for
predicting mineralization status. Therefore, we can infer some mineral targeting criteria to
understand the ore formation phenomenon, as the role of the mineral assemblage on the
hydrothermal phases described in this work.

Additionally, petrographic information supported by back-scattered electron images and
energy dispersion spectroscopy semi-quantitative analysis allowed the interpretation that the
rocks from the Serra do Cérrego Formation present at least two assemblages of hydrothermal
alteration, i.e., a first alteration stage composed by epigenetic pyrite, fuchsite, and uraninite,
with minor presence of other sulfides, and a second alteration stage with hematite and quartz,
associated with ductile and brittle deformation. There is enough evidence of the gold and
uranium remobilization during the second hydrothermal alteration stage. However, the relation
between the mineralization and the second described alteration stage still needs more
investigation. Therefore, the role of secondary hematite in the gold mineralization must be
further investigated, as this behavior may predominate at certain mineralized levels and not be

the rule.
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This data-driven method is an alternative way to approach mineralization targeting and
provides valuable insights in different mineral exploration stages. In addition, petrophysical
measurements and geochemistry data can be obtained in the mineral exploration industry with
relatively low costs, and their evaluation may be beneficial, whenever the quality control
procedures are followed (avoiding undesirable bias). Thus, the use of machine learning
algorithms for aiding in the understanding of a complex mineralization is feasible and can bring
important practical insights for mineral exploration in many scenarios.

Further, to increase statistical representativeness and put the model in production under
a more diverse scenario, the machine learning approach presents the advantage that more
samples could be added to the training dataset. Thus, the updated machine learning model could
“learn” some new information and theoretically evaluate and understand even minor
particularities of a mineral deposit if enough data and contrasting variables are provided.
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5 DISCUSSOES E CONSIDERACOES FINAIS

Os resultados apresentados no capitulo 2 mostram que propriedades como
suscetibilidade magnética, densidade e teores de Cr, K, Fe, e S sdo as variaveis mais
significativas para a predicdo de amostras mineralizadas (ndo nessa ordem de importancia).
Evidéncias petrograficas combinadas com analises probabilisticas (derivadas das inferéncias
estatisticas utilizando o algoritmo Random Forests) permitiram explicar a relevancia das
variaveis para predicdo da mineralizagdo. Portanto, podemos inferir alguns critérios de
direcionamento mineral para entender o fenémeno de formacao do minério, como o papel da
assembleia mineral nas fases hidrotermais descritas neste trabalho.

Assim, sugerimos essa abordagem na prospeccéo local, com a ressalva que os modelos
foram construidos para serem representativos, porém a amostragem realizada pode néo
abranger toda variancia da populagdo mineralizada, assim mais amostras podem ser adicionadas
ao conjunto de dados de treinamento e 0 modelo deve ser atualizado. Desse modo, o modelo de
aprendizado de maquina poderia “aprender” novas informacdes e avaliar particularidades de
um deposito mineral se dados suficientes e variaveis contrastantes forem fornecidos.

Os resultados apresentados no capitulo 3 mostram que a investigacdo da assinatura de
elementos traco em pirita ao longo das unidades do Grupo Jacobina sugere uma falta de
contraste que pode implicar na manutencdo da fonte de sedimentos durante a formacao da bacia
Jacobina, ou a posterior equilibrio quimico durante o0s estdgios de alteracdo
metamorficos/hidrotermais. No entanto, para elucidar essas questbes, recomendamos a
avaliacdo de mais amostras e analises em trabalhos futuros, pois isso pode ajudar a reduzir o
viés amostral.

Para fins de exploracdo mineral, nossos resultados apontam para um importante papel
de alguns minerais acessorios anteriormente negligenciados nas partes alteradas pelos eventos

epigenéticos dos depdsitos da Serra de Jacobina, como esfalerita, calcopirita, pirrotita e outros.
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Esses minerais sdo considerados farejadores da alteracdo epigenética nos depoésitos, e podem
estar relacionados ao ouro livre, conforme indicado pela analise de dendrogramas e confirmado
em laminas delgadas. No entanto, concluimos que a alteracdo epigenética nos depoésitos pode
ter resultados positivos ou negativos sobre o contetdo metalico (endowment) do depdsito, pois
uma forte modificagdo e consequente mobilizacdo de ouro ndo canalizada em um mecanismo
de concentragdo eficaz poderia espalhar o ouro em varias pequenas fracoes.

Os resultados parciais de reflectancia espectrorradiométrica e geoquimica, apresentados
no capitulo 4, indicam que a maioria das amostras mineralizadas possuem mais de 50% de pirita
na composicgao das fracBes analisadas, sendo a fuchsita e a illita minerais secundarios. Goethita,
hematita e muscovita ocorrem como fases acessorio na assembleia mineral e, exceto nas
amostras mineralizadas do testemunho JBA-722, os minerais de Oxido de ferro ndo séo
dominantes nos metaconglomerados auriferos. Além disso, os dados de litoquimicos validaram
os valores inferidos de abundancia dos minerais, destacando os teores de Cr, K, Al (no caso de
fucsita) e Fe e S (no caso de minerais de éxido de ferro e pirita).

Assim sendo, utilizando os resultados obtidos pelas ferramentas descritas nessa tese, e
observando a dimensdo das amostragens e as escalas de trabalho, resumimos os critérios de
prospec¢do encontrados na Figura 5-1. Separamos as informacdes de acordo com a assinatura
das propriedades fisicas e quimicas nas zonas mineralizada, proximal e estéril. Finalizando,
sugerimos para trabalhos futuros que as abordagens aqui apresentadas sejam traduzidas em
critérios de exploracdo para modelamento de potencial mineral e de prospeccéo local para que

a abordagem seja validada (ver Apéndice B).
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Figura 5-1: Quadro resumo dos resultados obtidos na tese a respeito das propriedades fisicas e quimicas das rochas
e minerais analisados, no escopo das amostras de metaconglomerados com mineralizagdo do tipo paleoplacer
modificado da Formacdo Serra do Corrego, Grupo Jacobina. Os controles do componente sedimentar da
mineraliza¢do ndo foram abordados neste trabalho.
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APENDICE B - Sistemas Minerais e sua aplicacdo na exploracdo mineral
Sistemas Minerais

O conceito de sistemas minerais, inicialmente desenvolvido por Wyborn et al. (1994),
deriva do conceito analogo de sistemas petroliferos, muito difundido na industria do petroleo a
partir de meados da década de 1980. Os sistemas petroliferos categorizam todos 0s processos e
elementos geoldgicos necessarios para a formagdo e armazenamento de éleo e gas. Da mesma
forma, os sistemas minerais foram definidos como “todos os fatores geologicos que
controlam a geracédo e preservacdo de dep0sitos minerais, cujos processos sdo relacionados a
mobilizacdo do minério desde a fonte até a regido de concentracao, transporte e acumulacéo, e
sua posterior preservagdo ao longo da histdria geologica” (Wyborn et al., 1994).

Ainda segundo Wyborn et al. (1994), a maior parte dos corpos de minério possuem
menos do que 1km2 de expressdo, ndo consistindo portanto de um alvo significativo para a
prospeccdo mineral. Felizmente, apesar de os dep6sitos ndo terem uma area muito expressiva e
serem resultados de uma coincidéncia excepcional de determinados processos geoldgicos, estes
processos podem ser mapeaveis em escalas regionais, sendo chave importante para 0 processo
de prospeccdo. Em outras palavras, apesar de o depdsito consistir em areas de centenas de
metros, o0 sistema total de interacdo entre fluido-rocha encaixante-mineralizacdo pode se
estender por areas de até poucas dezenas de quilémetros, sendo detectaveis por determinadas
ferramentas (Wyborn et al., 1994).

Os fatores criticos para a caracterizacdo de qualquer sistema mineral incluem:

1. fonte do fluido mineralizadores e dos compostos ligantes;

2. fonte dos metais e outros componentes da mineralizacéo;

3. caminhos de migracgéo (pathways) do fluido mineralizante;

4. gradiente térmico;

5. Fonte de energia (por vezes relacionado ao item 4);

6. Estruturas ou mecanismos de concentracao;

7. Condicdes quimicas e fisicas para a deposi¢ao da mineralizagao.

McCuaig et al., (2010) avaliam que o conceito de sistema mineral evoluiu a medida que
foi aceito gradualmente pela industria e academia nos 15 anos anteriores, apesar de que fora
pouco utilizado na rotina das empresas de minerac&o. E enfatizado que a linha estruturante do
conceito de sistema mineral esta associada a compreensao dos varios processos geologicos que
operam em todas as escalas, ao invés de focar na compreensao das caracteristicas particulares

de depdsitos especificos em sua escala local. Desta forma, ressaltando que ha certa dificuldade
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em traduzir essa mudanca de paradigma para a realidade da prospeccéo. McCuaig et al., (2010)
propdem uma sistematica de quatro passos para guiar o pipeline de exploragéo através da Gtica
dos Sistemas Minerais.

Ainda nesta linha, McCuaig & Hronsky (2014) também contribuem para a evolugdo do
conceito de Sistema Mineral. Estes autores postulam que a existéncia de um deposito mineral
estd condicionada a sobreposicdo de pelo menos quatro fatores criticos ao longo da historia
geoldgica, sendo eles fertilidade do terreno, favorabilidade geodinamica, arquitetura litosférica

e a posterior preservacdo das zonas de concentra¢do de minério em um sistema mineral.

Figura B- 1 — Sintese dos processos envolvidos nos Sistemas Minerais nas suas variadas escalas, desde a
diferenciacéo crustal até a dispersao do fluido em superficie (Fonte: www.ga.gov.au.)
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Figura B- 2 — Principais vertente de um sistema mineral do tipo Ni-Cu em komatiitos proposto por McCuaig et al.,
(2010). Observe o encadeamento dos processos geoldgicos desde a escala crustal até o mapeamento dos alvos
potenciais em escala de depdsito.

A fertilidade do terreno é definida como a tendéncia de uma regido ou de uma época
geoldgica de ser mais favoravel para a formacéo de depdsitos minerais do que outras (McCuaig
& Hronsky, 2014). A fertilidade varia de acordo com a evolugdo da crosta em diversos
momentos tais como processos de rifteamento e colisdo subsequente, formacdo de
supercontinentes, dentre outros.

A arquitetura litosférica tem relacdo com os padrdes estruturais associados com as
mineraliza¢fes, como tendéncias estruturais ou oreshoots, assim como com as estruturas de
dimensao crustais, que cortam do embasamento as sequéncias de topo, e por muitas vezes sao
utilizadas como condutos pelos fluidos mineralizadores em seu processo de migragdo. Este
critério € muito importante em processos hidrotermais, porém é também relevante na formacao
de depdsitos minerais associados a magmatismo, como em porfiros, greisens ou outros
depdsitos associados a intrusdes (McCuaig & Hronsky, 2014).

Com a evolucdo das técnicas de datacdo e a difusdo destes métodos, foi possivel
perceber que os grandes depdsitos minerais ocorrem em momentos muito restritos da histéria
da terra (McCuaig & Hronsky, 2014). Desta forma, a condi¢do geodindmica pode ser notada

em depositos distantes entre si por centenas de quilébmetros, mas formados em uma mesma
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época geologica e com condigdes similares. Os autores destacam trés ambientes geodindmicos
favoraveis para a formacédo de grandes depositos:
1. estagios iniciais de eventos extensionais, com ascensdo de magma mantélico e/ou
instalacdo de uma pluma sob a litosfera;
2. compressdo intermitente, importante na formacéo de depdsitos tipo porfiro;
3. variacdes na diregcdo da deformacéo que resultem em um campo de tensdes neutro,

com auséncia de estruturas geradoras de permeabilidade secundaria.

Figura B- 3 — Fatores Criticos para a formagdo de um dep6sito mineral (McCuaig & Hronsky, 2014).

Modelagem de Potencial Mineral

O desenvolvimento de uma abordagem reprodutivel para identificar locais com alto
potencial para exploracdo de uma commodity mineral € o objetivo central dos estudos da
prospectividade mineral (Joly et al., 2012). Para tanto, se faz necessario um grande conjunto de
informagdes consistentes em uma perspectiva multiparamétrica, aplicavel a escala de interesse.
Assim, 0s modelos de prospeccdo sdo tentativas de emular os processos formadores e
dispersores de mineralizagdes, a fim de detectar novos alvos baseados em critérios do sistema
mineral estabelecido.

O modelo de prospectividade pode ser construido com base em informagdes pré-
definidas através de modelos orientados pelo conhecimento (ou knowledge-driven model) ou
com base na assinatura de um depdsito mineral conhecido por modelos orientados pelos dados
(ou data-driven model). Desta forma, pode-se desenvolver uma prospeccdo mineral através de

uma concepgdo regional de modelo geoldgico para a mineralizagdo ou através da similaridade
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de condi¢bes com um deposito de minério conhecido previamente (Carranza, 2009; Joly et al.,
2012).

Os modelos orientados pelo conhecimento prévio sdo muitas vezes adequados para areas
onde o conhecimento geologico é limitado (greenfield) ou as ferramentas disponiveis sdo
escassas. Os intérpretes se baseiam em modelos classicos de mineralizagdes, e tentam estimar
0 tipo de resposta esperada em cada ferramenta utilizada. Se a conjuncdo de respostas for como
esperada, gera-se um alvo a ser verificado, caso contrario, troca-se 0 modelo de mineralizagédo
ou a area é descartada. Estes modelos tém a vantagem de serem mais versateis, porém sao
altamente tendenciosos e dependem exclusivamente da experiéncia da equipe de prospecgéo e
da similaridade entre os dep6sitos (Agterberg & Bonham-Carter, 2005; Bonham-Carter, 1994;
Carranza, 2009).

Ja os modelos orientados por dados, ou também modelos empiricos, sdo mais
complexos, sendo construidos numericamente pelo conjunto dados fornecidos e sdo usados para
prever, ndo para explicar as mineralizacbes. Um modelo empirico simula uma fungdo
matematica que captura a tendéncia dos dados. Essa tendéncia, ou padrdo, pode ser inferida
pela analise e interpretacdo direta, ou com a ajuda de logica computacional pré-compilada
(como Algoritmos de Aprendizado de Maquina ou Machine Learning Algorithms — MLA), que
podem dar uma resposta ndo tendenciosa do problema envolvido (Agterberg & Bonham-Carter,
2005; Bonham-Carter, 1994; Carranza, 2009).

Para maior eficacia, os fatores criticos de formacdo da mineralizacdo deverdo
corresponder a pelo menos um guia prospectivo, representados como vetores em um espaco N-
dimensional, onde N é o numero total de varidveis envolvidas no modelo desenvolvido. Este
método seria mais adequado em provincias e distritos minerais razoavelmente maduros, onde
o volume de informacdo gerada e sistematizada poderia satisfazer estes pré-requisitos. Porém,
devido ao grande volume de dados, é esperado algum problema para a integracdo e
processamento de toda a informacao gerada, uma vez que os dados podem ser coletados com
metodologias, momentos e escalas distintos. Assim, integracéo eficaz de dados passaria a ser
um novo desafio.

Para Hagemann et al. (2016), a vantagem da abordagem de sistema mineral em relacéo
a descricdo taxondmica de depositos. Ela enfocaria 0s processos geoldgicos criticos necessarios
para formar grandes mineralizacdes, além de incluir todos os elementos descritivos de um estilo
especifico de mineralizagdo. Sistemas minerais podem explicar a coexisténcia espacial e

temporal de depdsitos minerais dentro de uma provincia mineral especifica. Também pode
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explicar familias de sistemas minerais coevos que potencialmente se formaram nos mesmos
terrenos ou provincias adjacentes. Apesar disto, estes autores relacionam uma série de desafios
a serem superados para que esta linha de pesquisa.

Apesar de uma aparente atracdo de bases cientificas solidas e consisténcia metodoldgica
interna, traduzir o entendimento tedrico de sistemas minerais em modelos efetivos de
prospectividade mineral e alvos especificos de exploracdo ainda é um grande desafio em varios
niveis conceituais (Hagemann et al., 2016). A dificuldade mais séria (além da compreenséo
inevitavelmente incompleta e evolutiva dos sistemas minerais) permanece definindo critérios
mapeaveis que representam adequadamente varios elementos do sistema mineral criticos para
formar, expor e preservar provincias minerais férteis e zonas dotadas e campos minerais dentro
deles. Isso é particularmente problematico porque as indicacdes diretas desses elementos
criticos e correspondentes processos geologicos de grande escala, como uma fonte de metal
fértil e uma arquitetura de subsolo pré-existente favoravel, geralmente ndo sdo observaveis ou
tém apenas expressdes muito sutis em um nivel crustal de formacéao de depésitos minerais.

Vaérios desenvolvimentos recentes nas geociéncias podem ajudar a melhorar a eficacia
da segmentacdo de exploracdo preditiva em escalas regionais (provincia a distrito), embora
algumas delas ainda devem ser totalmente apreciados e adequadamente abordados na pratica
comum de direcionamento de exploragdo. Esses desenvolvimentos incluem o reconhecimento
de: (i) dependéncia de escala de elementos e processos do sistema mineral; (ii) composicao da
arquitetura tectdnica como os principais fatores que controlam a fertilidade e a operacdo do
sistema mineral na provincia para a escala de distrito metalogénico; (iii) limites de dominios
crustais profundos e outras estruturas pré-existentes no subsolo com alguma expressdo em
superficie como controle fundamental do sistema mineral na provincia e nas imediacdes dos
depositos; (iv) efeitos da incerteza na tomada de decisdo sobre o objetivo da exploracéo
(Hagemann et al., 2016).
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Figura B- 4 — Modelo genérico de Sistemas Minerais, com indicaco de processos, escala de observagéo e possiveis
critérios mapedveis em levantamentos geoldgicos, geofisicos ou geoquimicos de exploracdo (basedo em
Hagemann et al., 2016).

Em seu trabalho mais recente Hronsky & Kreuzer (2019) alegam que apesar de muitas
décadas de desenvolvimento, a modelagem de prospectividade ainda ndo é amplamente
utilizada ou aceita mundialmente em toda a industria de exploracdo mineral, a excecdo de
equipes de empresas como DeBeers, Newmont e Kenex (Hronsky & Kreuzer, 2019). Uma
critica comum ao método é que ele ndo é praticamente Gtil porque tem sido utilizado para
amadurecer regides ja conhecidas e muitas vezes gera areas excessivamente grandes de alta
prospectividade. Estes autores sugerem que a razdo para issO ndo esteja primariamente
relacionada a limitagGes nos algoritmos de mapeamento de prospectividade, mas a questdes
relativas ao uso de conjuntos de dados de entrada.

De acordo com Hronsky & Kreuzer (2019), criticas comuns das tentativas de
modelagem prospectiva no setor de exploragéo relacionam-se a duas questdes principais. Em
primeiro lugar, a técnica é muito mais eficaz em encontrar os depoésitos ja conhecidos do que
gerar novos alvos validos. Isso obviamente se relaciona, pelo menos em parte, ao fato de que,
na maioria das metodologias de modelagem de prospectividade comumente adotadas, os locais

de depdsito conhecidos sdo uma entrada de modelo chave. As excegfes sao sobreposicdo de
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logica difusa, sobreposi¢cdo ponderada e modelos de “Sistemas de Inferéncia Fuzzy”, que ndo
exigem locais de deposito como entrada (Bonham-Carter, 1994; Carranza, 2009). A segunda
grande critica € que, além de areas adjacentes a depositos conhecidos (e, portanto, 6bvias), o
préximo nivel de dominios de alta prospeccao gerados € tipicamente grande, relativo a area de
interesse. Esta é uma questdo muito importante porque, para ser praticamente Util na exploragdo
mineral, qualquer técnica de direcionamento deve produzir pelo menos uma reducdo de ordem
de grandeza na area de foco (Hronsky & Kreuzer, 2019) .

Finalmente, os autores apresentam algumas sugestfes a serem tomadas a fim de avancar
esta linha de pesquisa e torna-la mais adequada a realidade da industria (Hronsky & Kreuzer,
2019):

 Desenvolvimento de novos fluxos de trabalho e metodologias de modelagem de
prospectividade efetivos que estejam fortemente alinhados com a pratica no mundo real da
exploragcdo mineral. 1sso ndo deve ocorrer se esse desenvolvimento for deixado somente para
0s geoestatisticos. Ao invés disso, deve-se encorajar a formacdo de equipes colaborativas
multidisciplinares com experiéncia em modelagem prospetiva e exploracdo mineral.

* Aplicagdo de uma abordagem “hibrida”, focada na amplifica¢do da inteligéncia e nao
na inteligéncia artificial (IA), que aproveita poder combinado da mente humana para
reconhecer, mapear e extrapolar padrGes com o rigor de algoritmos baseados em maquinas. A
chave para essa abordagem é a compilagdo dos principais mapas geoldgicos interpretativos que
se situam intermediarios entre os dados de entrada primarios e os algoritmos de mapeamento
de prospectividade, como os MLA. Em seguida, estes dados seriam usados como as principais
entradas no processo de modelagem de prospectividade, adicionalmente a quaisquer conjuntos
de dados disponiveis sistematicamente amostrados.

* Os Servicos Geoldgicos devem fornecer juntamente com as demais camadas de dados
pré-competitivas as suas melhores interpretacdes de estruturas em larga escala que ndo séo
facilmente observaveis na geologia de superficie. O uso de dados gravimétricos regionais de
alta resolucdo podem ser uma ferramenta muito importante para auxiliar nestas interpretacdes.

Ainda segundo Hronsky & Kreuzer (2019), embora os problemas discutidos limitem
fortemente a aplicacdo da técnica de modelagem de prospectiva como atualmente praticada pela
maioria, eles ndo sdo barreiras para a implementacao bem-sucedida dessa tecnologia no futuro.
Sugere-se que 0 método mais eficaz possa ser um hibrido de interpretacdo geoldgica humana
subjetiva e analise objetiva com suporte em algoritmos, que capture 0os melhores aspectos dessas

abordagens alternativas. Isso exigiria uma boa integracdo dos dados geologicos, geofisicos e
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geoquimicos béasicos disponiveis em camadas interpretativas que fornecam corretamente as

entradas primarias para a anélise de modelagem de prospectividade.
Aprendizagem de maquina para integracéo de dados

Os modelos orientados por dados sdo inferéncias matematicas baseado em medidas de
parametros quantitativos e na relacdo espacial destes resultados com os depdsitos conhecidos
(Agterberg & Bonham-Carter, 2005; Bonham-Carter, 1994; Carranza, 2009; Rodriguez-
Galiano et al., 2015). Historicamente, os modelos “data-driven” desenvolvidos sdo baseados
em regressdes probabilisticas ou em l6gica Bayesiana, o que resulta em inferéncias estatisticas
complexas, por vezes operadas em ferramentas complexas em ambiente SIG, o que inibe o seu
uso. Com o advento da popularizacdo de técnicas de inteligéncia artificial para gerenciamento
de dados, como os algoritmos de aprendizagem de maquina, o processamento de dados para
modelagem data driven tem se tornado mais simples e rapido.

Algoritmos de aprendizagem de maquina (MLA na sigla em inglés, Machine Learning
Algorithms) como redes neurais artificiais (Artificial Neural Networks — ANN), arvores de
regressdo (Regresion Tree — RT), florestas aleatorias (Random Forests — RF) e maquinas de
vetores de suporte (Support Vector Machine — SVM) sdo métodos data-driven eficientes que
podem ser usados para identificar padr6es em um conjunto de dados, visando modelagem de
prospectividade mineral (Abedi et al., 2012; Bérubé et al., 2018; Breiman, 2001; Breiman et
al., 1995; Carranza & Laborte, 2016, 2015a; Costa et al., 2019; Rodriguez-Galiano et al., 2015;
Zuo, 2017; Zuo et al., 2015). Via de regra, os métodos de MLA para classificacdo automatica
necessitam reconhecer parte dos dados como forma de “calibrar” (ou treinar) as predigoes.

Rodriguez-Galiano et al. (2015) comparou a performance de modelos gerados por ANN,
RT, RG e SVM no Distrito Minero de Rodalquilar, no sul da Espanha, uma area com
ocorréncias de ouro epitermal. Os dados de entrada para elaboracdo dos modelos séo baseados
em dados geoldgicos, geoquimicos, geofisicos e de sensoriamento remoto hiperespectral
publicados em estudos anteriores (Rodriguez-Galiano et al., 2015).

A andlise comparativa dos métodos MLA para modelagem mineral prospectividade foi
realizada a partir de diferentes perspectivas: facilidade de aplicacdo e eficacia, sensibilidade a
configuracdo dos pardmetros do modelo e reducdo de dados, precisdo do mapeamento das
classificages, e transparéncia e coeréncia dos modelos.

Rodriguez-Galiano et al. (2015) avaliam que os modelos apresentam uma dificuldade
diferente em sua formulagdo (ou treinamento). Algoritmos baseados em &rvore de decisdo (RT

e RF) envolvem sdao mais facilmente treinados do que os demais. Os autores afirmam ainda que
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A

0 desempenho dos métodos é extremamente dependente do conjunto de dados utilizados para a

calibracdo inicial, sendo que o método que obteve melhor desempenho com um conjunto de

dados de calibragcdo minimo foi o RF, sendo, portanto, 0 método mais indicado para uso em

areas onde ha pouca informacéo geologica prévia.
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APENDICE C - C6digo utilizado no Artigo 01

NOTEBOOK

This is the source code used in the manuscript:

“Predicting mineralization and targeting exploration criteria based on machine-learning in the
Serra de Jacobina quartz-pebble-metaconglomerate Au-(U) deposits, Sdo Francisco Craton,
Brazil”

authored by: “Guilherme Ferreira” date: “02/03/2022”

The following code was written in R (3.5.6)

ABSTRACT

Defining mineral exploration criteria is a laborious, time-consuming, and generally an
empirical task often biased and limited to expert knowledge. To address this problem with a
different approach, we used data-driven analysis to make predictions and provide insights
about gold mineralization in rocks of the Jacobina Group, Sdo Francisco Craton. The input
variables were petrophysical parameters (density, magnetic susceptibility, and electric
conductivity) and lithogeochemistry data obtained by X-Ray Fluorescence assays. A machine
learning model based on the Random Forests algorithm was applied to predict mineralization
in drill core samples. The database used for algorithm training was balanced using the
Borderline-SMOTE technique to provide approximately the same numbers of samples of the
two classes in the mineral status parameter (i.e., ore and barren samples). The quality of the
predictions was assessed with different datasets (i.e., training, testing, each drill core
separately, and all samples) and by parameters. The average accuracies were 0.87 for cross-
validation training, 0.91 for testing, and 0.86 for all samples. Also, the model allowed us to
estimate and rank the importance of the input variables to the prediction. These estimates
were validated by an interpretation of optical and scanning electron microscopy petrographic
analysis, which was carried out to understand the relationship between minerals of different
stages and gold mineralization. Thus, the techniques used in this work could help to decrease
the time spent in data integration and interpretation, as mineral exploration teams can easily
replicate this approach.
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DATA WRANGLING

Dependencies

library(tidyverse) # ggplot2, tidyr, dplyr

library(readxl) # open XLSX data
library(geoquimica) # Data wrangling
library(caret) # Machine Learning

library(doParallel) # Parallel Processing

library(randomForest) # RF
library(randomForestExplainer) # RF
library(pROC) # ROC and AUC
library(smotefamily) # Smote

Data preparation

set.seed(0)

setwd('~/GitHub/jacobina/data/pphy")

xrf <- read_xlsx( '~/GitHub/jacobina/data/xrf/pXRF_Jacobina_SAMPLES.x1sx',

1)

# Petrophysics data ----
files <- list.files( ".x1lsx$',

'~/GitHub/jacobina/data/pphy")

phy <- lapply(files, read_xlsx, 1) %>%

bind_rows() %>%
mutate( as.factor(HOLE),
as.factor(ID),
as.numeric(FROM),
as.numeric(T0),
as.factor(LITHO),

as.factor(MINERALIZATION),
as.numeric(SUSCEPTIBILITY),
as.numeric(CONDUCTIVITY),

as.numeric(DENSITY),

as.character(COMMENTS)) %>%

arrange(ID)

phy <- phy %>%
mutate( paste(HOLE, formatC(

case_when(phy$LITHO %in%

phy$LITHO %in%
phy$LITHO %in%
phy$LITHO %in%
phy$LITHO %in%
phy$LITHO %in%

phy$FROM, 'e',
6,
2,
), =

c('GRIT', ' 'LMPC','LVLPC', 'MLPC', 'MPC', 'MSPC',
"SMPC','SPC','VSPC') ~ 'CONGLOMERATE',

c('QTO','QTO_SX','QZ_VEIN') ~ 'QUARTZITE',

c('ITV', 'UMF') ~ 'ULTRAMAFIC',

c('BRX') ~ 'BRECCIA',

c('XISTO') ~ 'SCHIST',

c('SOLO') ~ 'SOIL',

TRUE ~ as.character(phy$LITHO)))

# Merging dataset ----

df <- phy %>%
left_join(xrf, "SAMPLE ") %>%

mutate( factor(ifelse( phy$MINERALIZATION == 1 | phy$MINERALIZATION == 1000,

'ORE',
Fe/Ti)

"BARREN")),
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112
113
114

SMOTE

set.seed(0)

conglomerate <- as.data.frame(df) %>%
filter(ROCK == 'CONGLOMERATE') %>%

dplyr::select(min,7:9, Cu, Fe, Cr, Ti, K, Al, Si, S, Fe_Ti) %>%

na.omit()

# Split data to smote
index <- caret::createDataPartition(conglomerate$min,

1,
FALSE,
1)
toSmote <- conglomerate[index, ]
fromSmote <- BLSMOTE( 5, 9,
as.data.frame(toSmote[,-1]),
5,

as.data.frame(toSmote[, 'min'1))

## [1] "Borderline-SMOTE done"

fromSmote$data %>%

rename ( class) %>%

select(min,1:3,Cr, K, S, Fe_Ti) %>%

elem_norm( ‘clr') %>%

GGally: :ggpairs( ggplot2: :aes( min),
df_smote <- fromSmote$data %>%

rename ( class) %>%

mutate( as.factor(min))

FALSE)
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Fig. C. 1: Exploratory data analysis for selected variables after the BLSMOTE balancing. Data are color coded
according to the Mineralization Status (i.e., Ore or Barren). The asterisk indicates the level of significance of the

correlations. * for alpha = 0.15, ** for alpha = 0.05, and *** for alpha = 0.01.

RANDOM FORESTS

# Imbalanced Model

splitIndex <- caret::createDataPartition(conglomerate$min,

p=.7,
list = FALSE,
times = 1)

trainSPlit <- conglomerate[splitIndex, ]
testSplit <- conglomerate[-splitIndex, ]

imbal_minModel <- randomForest(min ~ .,
trainSPlit,
proximity = TRUE,
ntree = 1000,
localImp = TRUE)
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170

par( 's")
rocl <- plot.roc(trainSPlit$min, imbal_minModel$votes[,1], TRUE,
FALSE, TRUE, "TRUE NEGATIVE",
"TRUE POSITIVE')
par( m')

AUC: 0.709

TRUE POSITIVE

TRUE NEGATIVE

Fig. C. 2: AUC fot imbalanced dataset
# Balanced Model
splitIndex <- caret::createDataPartition(df_smote$min, 0 ¥g

FALSE,
1)

trainSPlit <- df_smote[splitIndex, ]
testSplit <- df_smote[-splitIndex, ]

round(prop.table(table(trainSPlit$min)), 3)
##

## BARREN ORE

## 0.516 0.484
round(prop.table(table(testSplit$min)), 3)
##

## BARREN ORE
## 0.517 0.483

doParallel::registerDoParallel( 3)
ctrl <- caret::trainControl( 'repeatedcv’,
5,
3, 'grid’,
TRUE,
TRUE)

minMod_fram <- min_depth_distribution(minModel)

print(minModel)
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173
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177
178
179
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182
183

184

185

186

187
188
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191

##
## Call:
## randomForest(formula = min ~ ., data = trainSPlit, proximity = TRUE,
localImp = TRUE, mtry = tunning$bestTune[[1, 11])
it Type of random forest: classification
## Number of trees: 1000
## No. of variables tried at each split: 3
##
# 00OB estimate of error rate: 14.59%
## Confusion matrix:
# BARREN ORE class.error
## BARREN 126 19 0.1310345
## ORE 22 114 0.1617647
plot(minModel)
minModel
g_
5 o
TR
2

U

frees

ntree

Fig. C. 3: Eror rate (1 — Accuracy) and number of estimators (tress) for the Random Forests models

par( 's")
plot.roc(trainSPlit$min, minModel$votes[,1], TRUE,
FALSE, TRUE, "TRUE NEGATIVE",
'"TRUE POSITIVE')
par( 'm")

1000,
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Fig. C. 4: AUC for balanced model
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196  plot_min_depth_distribution(minModel)

Distribution of minimal depth and its mean

SUSCEPTIBILITY Minimal depth
K1
Fe_Tiq 68
o 3i
)
o
@
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s
DENSITY o
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cu
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197 Mumber of trees

198 Fig. C. 5: Variable importance ranked according to the average minimal depth and number of trees
199
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200

201
202
203
204
205

206

207
208
209

plot_predict_interaction(

minModel,
trainSPlit,

500)

"SUSCEPTIBILITY",
"DENSITY",

Fig. C. 6: prediction grid of the probability for been classified as ORE, according to Susceptibility and Density

values
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234
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239
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241
242
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244
245
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247
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249
250
251
252
253
254

co

H##
#i#
##
##
##
##
H##
H##
H##
H##
#i
#i
##
##
##
##
##
#i
#i
#i
#i
#i
#i
##
##
##
##

va

va

nfusionMatrix(as.factor(trainSP1lit$min), as.factor(minModel$predicted),
Confusion Matrix and Statistics

Reference
Prediction BARREN ORE
BARREN 126 19
ORE 22 114

Accuracy : 0.8541

95% CI : (0.8073, 0.8932)
No Information Rate : ©.5267
P-Value [Acc > NIR] : <2e-16

Kappa : 0.7077

Mcnemar's Test P-Value : 0.7548
Sensitivity : 0.8571
Specificity : 0.8514

Pos Pred Value : 0.8382

Neg Pred Value : 0.8690
Prevalence : 0.4733

Detection Rate : 0.4057
Detection Prevalence : 0.4840
Balanced Accuracy : ©.8542

'Positive’ Class : ORE

rImp.df <- as_tibble(varImp(minModel,
TRUE,
FALSE),
'Variables')

rImp.df %>%
ggplot(aes( reorder(Variables, ORE),
round( (100*0ORE/sum(varImp.df$0ORE)),2),

round( (100*ORE/sum(varImp.df$ORE)),2))) +
geom_col( 'black") +
scale_fill viridis_c() +
geom_text( round( (100*varImp.df$ORE/sum(varImp.df$ORE)),2),

-1, 'white',aes( c('bold"))

) +

theme ( c(.92,.3)) +
labs( "Variables", "Mean Decrease Accuracy (%)", "Accuracy')

'ORE")
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Fig. C. 7: Variable importance rank based on the Mean Decrease Accuracy parameter normalized to a percentage
distribution. The bars are filled with the coded colors according to their respective importance. Abbreviations:
Mag.Susceptibility — Magnetic Susceptibility; Electri. Conductivity — Electric Conductivity.
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X <- df %>%
filter(!is.na(Cr))

y <- df %%
filter(!is.na(Cr)) %>%
select(min)

labs <- df %>%
select(ID:LITHO)

predl <- predict(minModel, X)
pred.prob <- predict(minModel, X, 'prob’, TRUE,
UE)

prob.ORE <- pred.prob$aggregate[,2]

dc_samples <- x %>%
mutate( all _of(prob.ORE),
all_of(predl))

## Start by converting the proximity matrix into a distance matrix.
distance.matrix <- as.dist(1-minModel$proximity)

mds.stuff <- cmdscale(distance.matrix,
TRUE,
TRUE)

## calculate the percentage of variation that each MDS axis accounts for...
mds.var.per <- round(mds.stuff$eig/sum(mds.stuff$eig)*100, 1)

## now maRe a fancy lLooking plot that shows the MDS axes and the variation:
mds.values <- mds.stuff$points
mds.data <- data.frame( rownames (mds.values),

mds.values[,1],

mds.values[,2],

trainSPlit$min,
minModel$votes)
ggplot( mds.data, aes(x=X, vy=Y, Sample, Status)) +
geom_point(aes( prob.ORE), 3) +
theme_bw() +
xlab(paste("MDS1 - ", mds.var.per[1], "%", ")) o+
ylab(paste("MDS2 - ", mds.var.per[2], "%", ")) o+

ggtitle("MDS plot using (1 - Random Forest Proximities)") +
scale_color_viridis_c()

TR
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306 Fig. C. 8: Multidimensional Scaling graph based on all the Trees results. The points are classified according to
307 the Mineralization Status (i.e., Ore or Barren) and color coded by the probability of been classified as ORE.

308 # Test prob

309

310  predTest <- predict(minModel,newdata = testSplit)

311

312 predTest.prob <- predict(minModel,newdata = testSplit,type = 'prob',norm.votes =
313  TRUE,predict.all = TRUE)

314

g%g probTest.ORE <- predTest.prob$aggregate[,2]
317  test.prob <- testSplit %>%

318 mutate(prob.ORE = all of(probTest.ORE),
319 Prediction = all_of(predTest))

320

321 test.prob %>%

322 filter(!is.na(Fe_Ti)) %>%

323 ggplot(aes(x = prob.ORE)) +

324 geom_density(aes(fill = min), alpha = .3) +
325 geom_rug() +

326 geom_vline(xintercept = 0.5, 1ty = 3) +
327 facet_wrap(min ~ .,ncol = 1,scales = "free_y') +
328 theme(legend.position = 'none') +

329 labs(x = 'Probability: Ore')
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Fig. C. 9: Ore probability analysis for all samples based on the mineralization status of the test dataset (barren
samples are represented in the red curve and ore samples in the blue curve). Most barren samples took a low Ore
probability, and the mineralized samples got the highest probabilities. The fields of True Negative (TN, i.e.,
barren samples predicted as non-mineralized), False Positive (FP, barren samples predicted as mineralized),
False Negative (FN, ore samples predicted as non-mineralized), and True Positive (TP, ore samples predicted as
mineralized) are indicated in the plot. The ticks at the bottom of each plot indicate the calculated probability for
each test dataset sample.

dc_samples <- dc_samples %>%
filter(!is.na(Fe_Ti)) %>%

mutate( 1) %>%
group_by (HOLE) %>%
mutate( cumsum(number)) %>%
ungroup()

hl <-
dc_samples %>%
mutate( as.factor(ROCK)) %>%
filter(HOLE == 'CAN120') %>%
arrange(HOLE, FROM) %>%
ggplot(aes( fid, ROCK, ROCK)) +
geom_bar() +
coord_cartesian( c(170,0)) +
scale_y reverse() +
facet_wrap(. ~ HOLE, 4) +
labs( 'Position') +
theme(

'none’,

element_blank(),
element_blank(),
element_blank(),
element_blank(),
element_blank())

h2 <-
dc_samples %>%
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391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431

mutate( as.factor(ROCK)) %>%
filter(HOLE == 'CAN144') %>%
arrange(HOLE, FROM) %>%
ggplot(aes( fid, ROCK, ROCK)) +
geom_bar() +
coord_cartesian( c(170,0)) +
scale_y reverse() +
facet_wrap(. ~ HOLE, 4) +
labs( 'Position') +
theme (

'none’,

element_blank(),
element_blank(),
element_blank(),
element_blank(),
element_blank(),
element_blank())

h3 <-
dc_samples %>%
mutate( as.factor(ROCK)) %>%
filter(HOLE == 'CANIF27') %>%
arrange(HOLE, FROM) %>%
ggplot(aes( fid, ROCK, ROCK)) +
geom_bar() +
coord_cartesian( c(170,0)) +
scale_y reverse() +
facet_wrap(. ~ HOLE, 4) +
labs( 'Position') +
theme (
‘none’,
element_blank(),
element_blank(),
element_blank(),
element_blank(),
element_blank(),
element_blank())
h4 <-
dc_samples %>%
mutate( as.factor(ROCK)) %>%
filter(HOLE == 'JBA722') %>%
arrange(HOLE, FROM) %>%
ggplot(aes( fid, ROCK, ROCK)) +
geom_bar() +
coord_cartesian( c(170,0)) +
scale_y reverse() +
facet_wrap(. ~ HOLE, 4) +
labs( 'Position') +
theme (
'none’,
element_blank(),
element_blank(),
element_blank(),
element_blank(),
element_blank(),
element_blank())
profl <-
dc_samples %>%
filter(HOLE == 'CAN120') %>%
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464
465
466
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filter(!is.na(Fe_Ti)) %>%

mutate( case_when(Prediction == min ~ 'True PN',
Prediction != min ~ 'False PN',
TRUE ~ 'ERROR!')) %>%

ggplot(aes( fid)) +

geom_vline( 0.5, 2, ‘red') +
geom_bar (aes( Type, NULL),
1, .3,
'identity') +
geom_segment (aes(y=Ffid, fid, 9, prob.ORE)) +
geom_point(aes( prob.ORE, min), 2.5) +
coord_cartesian( c(179,0), TRUE) +
scale_y reverse() +
facet_wrap(. ~ HOLE, 4) +
theme( 'none"’,
element_text( -99,
.5,
-5),

element_blank(),
element_blank(),
element_blank(),
unit(c(.03,.03,.03,.03), "lines")

) +
annotate( 'Threshold',
0.58, 160,
"italic',
"text',
-90,
'red’,
2.5) +
labs( )
prof2 <-
dc_samples %>%
filter(HOLE == 'CAN144') %>%
filter(!is.na(Fe_Ti)) %>%
mutate( case_when(Prediction == min ~ 'True PN',
Prediction != min ~ 'False PN',

TRUE ~ 'ERROR!')) %>%
ggplot(aes( fid)) +

geom_vline( 0.5, 2s ‘red') +
geom_bar (aes( Type, NULL),
1, .3,
'identity') +
geom_segment (aes(y=fid, fid, 9, prob.ORE)) +
geom_point(aes( prob.ORE, min), 2.5) +
coord_cartesian( c(170,0), TRUE) +
scale_y reverse() +
facet_wrap(. ~ HOLE, 4) +
theme( 'none"’,
element_text( -90,
.5,
-5),

element_blank(),
element_blank(),
element_blank(),
unit(c(.03,.03,.03,.03), "lines")

) +
annotate( '"Threshold',
0.58, 160,

'italic',

"text',

-90,
'red’,
2.5) +
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522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539
540
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542
543
544
545
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labs( )
prof3 <-
dc_samples %>%
filter(HOLE == 'CANIF27') %>%
filter(!is.na(Fe_Ti)) %>%
mutate( case_when(Prediction == min ~ 'True_PN',

Prediction != min ~ 'False PN',
TRUE ~ "ERROR!')) %>%
ggplot(aes( fid)) +

geom_vline( 0.5, 2, ‘red') +
geom_bar (aes( Type, NULL),
1, .3,
'identity') +
geom_segment (aes(y=fid, fid, 9, prob.ORE)) +
geom_point(aes( prob.ORE, min), 2.5) +
coord_cartesian( c(170,0), TRUE) +
scale_y reverse() +
facet_wrap(. ~ HOLE, 4) +
theme( ‘none’,
element_text( -90,
.5,
-5),

element_blank(),
element_blank(),
element_blank(),
unit(c(.03,.03,.03,.03), "lines")

) +
annotate( 'Threshold"',
0.58, 160,
‘italic’,
"text',
-90,
‘red’,
2.5) +
labs( ")
profd <-
dc_samples %>%
filter(HOLE == 'JBA722') %>%
filter(!is.na(Fe_Ti)) %>%
mutate( case_when(Prediction == min ~ 'True_PN',
Prediction != min ~ 'False PN',

TRUE ~ 'ERROR!")) %>%
ggplot(aes( fid)) +

geom_vline( 0.5, 2, 'red') +
geom_bar (aes( Type, NULL),
1, .3,
'identity') +
geom_segment (aes(y=fid, fid, 9, prob.ORE)) +
geom_point(aes( prob.ORE, min), 2.5) +
coord_cartesian( c(1790,0), TRUE) +
scale_y reverse() +
facet_wrap(. ~ HOLE, 4) +
theme( "none’,
element_text( -90,
oDg
-5),

element_blank(),
element_blank(),
element_blank(),
unit(c(.03,.03,.03,.03), "lines")
) +
annotate( 'Threshold',
0.58, 160,
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563
564
565
566
567

568
569
570
o571
572

'italic',

"text',
-90,

'red’,
2.5) +

labs( )
ggpubr: :ggarrange(hl, profl, h2, prof2, h3, prof3, h4, prof4,
4,
thv', c(rep(c(4,4),4)),
FALSE,
list( 16, 'bold"))
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Fig. C. 10: Color-coded strip log according to the lithologies for drill cores studied in this work and respective

validation column. The calculated Ore probability is indicated as a bar beside the sample position for each

sample and drill core, and the threshold of probability is indicated as the red dashed line. The circle color shows
the reference values of the mineralization status at the end of the probability bar. The validation column is color-

coded according to the verification of the predicted and reference mineralization status.
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APENDICE D - Cddigo utilizado no Artigo 02

NOTEBOOK

This is the source code used in the manuscript:

‘Machine learning analysis of mineral chemistry in pyrite grains from the Jacobina gold
deposits, Sdo Francisco Craton, Brazil: geochemical patterns and implications to mineral
exploration’

authored by: “Guilherme Ferreira (guilherme.ferreira@cprm.gov.br)” date: “02/03/2022”
The following code was written in R (4.1.2).

The input data and complementary information can be found at:
https://github.com/gferrsilva/icpoms-jacobina

ABSTRACT

We applied machine learning (ML) to process LA-ICP-MS data (45 elements) with 441 samples
of pyrite from gold-bearing quartz-pebble-metaconglomerate from the Serra de Jacobina
deposits in the Sao Francisco Craton, Brazil. First, the pyrite samples were described by optical
and scanning electron microscopy to gather information about the texture differences. Then,
the pyrite grains were classified according to their source and stratigraphical level: detrital and
epigenetic pyrite from the mineralized Jacobina Group and pyrite from the basement or
intrusive rocks. We used Agglomerative Clustering methods to evaluate the trace elements
patterns according to pyrite group, mineral source, and stratigraphic levels. Then, we
implemented the Uniform Manifold Approximation and Projection technique (UMAP) to
reduce the dimensionality of data into a two-dimensional projection to inspect the inner
structure of the data. This result was confirmed by the analysis of the dendrograms, which
show different associations of elements among detrital and epigenetic pyrites. Elements such
as Cu, Zn, Ag, Sb, Te, Au, Pb, and Bi are mobilized during mineral alteration and was crystallized
in newly formed minerals, such as chalcopyrite, pyrrhotite, and sphalerite, which are spatially
associated with epigenetic pyrite and free gold. These findings could explain the differences
in the mineral assemblage in portions of the deposits that prevail sedimentary minerals or the
others that were strongly modified by later alterations. In conclusion, ML is recommended in
the processing of mineral chemistry data because it helps to process data without discarding
significant variables, and the method allows to evidence the multivariate structure of data.
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DATA WRANGLING

Dependencies

library(tidyverse) # ggplot2, tidyr, dplyr
library(readxl) # open XLSX data
library(geoquimica) # Data wrangling
library(umap) # Dimensionality reduction
library(pheatmap) # Distance matrices
library(dendextend) # Dendrograms
library(ggpubr) # Plot adjusts

Data preparation

set.seed(0)
df <- data.table::fread("~/piritas_jacobina_editada_v2.csv")

# Defining variable class
df[,12:142] <- lapply( df[,12:142], as.double)

# Creating variable of imputation control
dfl <- df %>%

drop_na(" YY) %>%

mutate( ifelse( is.na(Ni6®), "True', '"False'),
ifelse( is.na(Co59), "True', 'False'),
ifelse( is.na(Ti49), 'True', 'False'),
ifelse( is.na(V51), 'True', 'False'))

index <- dfl %>%
select(” T *, impute_ni6@:impute_v)

statistics <- dfl %>%
select(-names(index)) %>%
select(matches('LOD$|2SE$"))

lod <- dfl %>%
dplyr::select(matches('LOD$"))

elems <- dfl %>%
dplyr::select(-names(index),-V1)

Data selection

geoquimica::elem_fillrate( data.table::fread(
"~/GitHub/jacobina/data/minchem/piritas_jacobina_editada_v2.csv",
FALSE) %>%

mutate_at( 12:143, as.double) %>%
drop_na(’ *) %>% # Drop wrong analysis
select(-(Vv1:" "), -(DateTime:Comments)) %>%
janitor::clean_names()
) %>%
filter(!str_detect( Column.Name, 'lod$|2se$'),
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96

97
98
99

100

101

102
103
104

N

!Column.Name %in% c('datetime', 'generation’, 'pyrite type', 'texture’, 'reef

")) %%

arrange(Fill.Rate) %>%

mutate(Column.Name = fct_inorder(Column.Name)) %>%

# mutate()

ggplot(aes(x = Column.Name, y = Fill.Rate)) +

geom_col(aes(fill = ifelse(test = Fill.Rate < 50, 'Non-selected', 'Selected')), co
1= "gray') +

geom_hline(yintercept = 50, 1ty = 5, col = 'red', size = .7) +

scale y continuous(breaks = seq(90,100,10)) +

theme_classic() +

theme(axis.text.x = element_text(angle = 90,vijust = 0.5, hjust = 1),

legend.position = c(.15,.8)

) +
labs(x = 'Elements',
y = '% of non-missing values',
fill = '")
100
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Fig. D. 1: list of elements ordered by the percentage of non-missing data. The 50% threshold (horizontal dashed
line) was used to determine if a variable could be selected for multivariate analysis. The elements Al, P, and Si
were not selected based on the small variability in the dataset.

IMPUTATION

LDL and Missing Value Imputation

# Imputation of LDL elements
half_1dl <- elems %>%
mutate(Al27 = ifelse(test = is.na(Al27),yes = “Al27 LOD /sqrt(2),no = Al27),
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105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141

142
143
144
145
146
147
148
149
150
151
152

153

154
155
156
157
158
159

N

ifelse( is.na(si29), “/sqrt(2), Si29),
ifelse( is.na(P31), “/sqrt(2), P31),
ifelse( is.na(S33), “/sqrt(2), S33),
ifelse( is.na(S34), “/sqrt(2), S34),
ifelse( is.na(K39), “/sqrt(2), K39),
ifelse( is.na(Ti49), “/sqrt(2), Ti49),
ifelse( is.na(V51), “/sqrt(2), V51),
ifelse( is.na(Co59), “/sqrt(2), Co59),
ifelse( is.na(Ni6®), “/sqrt(2), Ni6®),
ifelse( is.na(Cu65), “/sqrt(2), Cu65),
ifelse( is.na(Zn66), “/sqrt(2), Zn66),
ifelse( is.na(As75), “/sqrt(2), As75),
ifelse( is.na(Se77), “/sqrt(2), Se77),
ifelse( is.na(Se82), “/sqrt(2), Se82),
ifelse( is.na(Agle7), “/sqrt(2), Agle7),
ifelse( is.na(Sb121), “/sqrt(2), Sb121),
ifelse( is.na(W182), “/sqrt(2), W182),
ifelse( is.na(Aul97), “/sqrt(2), Aul97),
ifelse( is.na(Hg202), “/sqrt(2), Hg202),
ifelse( is.na(Pb206), “/sqrt(2), Pb206),
ifelse( is.na(Pb207), “/sqrt(2), Pb207),
ifelse( is.na(Pb208), “/sqrt(2), Pb2e8),
ifelse( is.na(Bi209), “/sqrt(2), Bi209),
ifelse( is.na(U238), T /sqrt(2), U238)) %>%
mutate( ifelse( is.na(Pb206), '"True', '"False'),
ifelse( is.na(Pb207), '"True', '"False'),
ifelse( is.na(S33), ‘True', 'False'),
ifelse( is.na(S34), ‘True', "False')) %>%
select(-matches('LOD$|2SE$")) %>%
geoquimica::elem_select( .5)

# Imputation of missing values based on a multivariate non-parametric regression

imputed <- missRanger::missRanger( half_1dl,
3,
10,
0,
2)
##
## Missing value imputation by random forests
##

## Variables to impute:
## Variables used to impute:

P31, S33, S34, K39, Pb206, Pb207
Al27, Si29, P31, S33, S34, K39, Ti49, V51,

160, Cu65, Zn66, As75, Se77, Se82, Agle7, Sb12l, W182, Aul97, Hg202, Pb206,

Pb208, Bi209, U238, impute_pb206, impute_pb207, impute_s33, impute_s34
## P31 S33 K39 Pb206 Pb207 S34

## iter 1: 0.9855 0.4544 0.5600 0.5095 0.2164 0.1844
## iter 2: 0.5228 0.0639 0.2971 0.3116 0.1766 ©0.0708
## iter 3: 0.5385 0.0658 0.3022 0.3387 0.1589 0.0599

Data Recode

# Recoding variables Generation, Reef, Reef_Label and Unit
df2 <- index %>%
bind_cols(imputed) %>%

mutate( case_when(Reef == 'Basal Reef' ~ 'Serra do Cérrego’,
Reef == 'Main Reef' ~ 'Serra do Coérrego',
Reef == 'SPC' ~ 'Serra do Corrego',

Co59, N
Pb207,
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160 Reef == 'LU' ~ 'Serra do Cérrego',

161 Reef == 'LVLPC' ~ 'Serra do Cérrego',
162 Reef == 'MSPC' ~ 'Serra do Cérrego',

163 Reef == 'MPC' ~ 'Serra do Cérrego',

164 Reef == 'SPC' ~ 'Serra do Cérrego',

165 Reef == 'MU' ~ 'Serra do Cérrego',

166 Reef == 'Holandez' ~ 'Serra do Cérrego',
167 Reef == 'Maneira' ~ 'Serra do Cérrego',
168 Reef == 'ITV' ~ 'Intrusive’,

169 Reef == 'UMF' ~ 'Intrusive',

170 Reef == 'IQL' ~ 'Serra do Cérrego',

171 Reef == 'Basement' ~ 'Basement',

172 Reef == 'CAF' ~ 'Cruz das Almas'),

173 Reef label = case_when(Reef == 'Basal Reef' ~ 'LC',

174 Reef == 'Main Reef' ~ 'LC',

175 Reef == 'SPC' ~ 'UC1',

176 Reef == 'LU' ~ 'UC1',

177 Reef == 'LVLPC' ~ 'UC1',

178 Reef == 'MSPC' ~ 'UC1',

179 Reef == 'MPC' ~ 'UC1',

180 Reef == 'SPC' ~ 'UC1',

181 Reef == 'MU' ~ 'UC1',

182 Reef == 'Holandez' ~ 'UC2',

183 Reef == 'Maneira' ~ 'UC2',

184 Reef == 'ITV' ~ 'Intr.',

185 Reef == 'UMF' ~ 'Intr.',

186 Reef == 'IQL' ~ 'IQL',

187 Reef == 'Basement' ~ 'Base.',

188 Reef == 'CAF' ~ 'CdA"),

189 Reef = case_when(Reef == 'Basal Reef' ~ 'Lower Conglomerate',
190 Reef == 'Main Reef' ~ 'Lower Conglomerate',
191 Reef == 'SPC' ~ 'Upper Conglomerate 1',
192 Reef == 'LU' ~ 'Upper Conglomerate 1',
193 Reef == 'LVLPC' ~ 'Upper Conglomerate 1',
194 Reef == 'MSPC' ~ 'Upper Conglomerate 1',
195 Reef == 'MPC' ~ 'Upper Conglomerate 1',
196 Reef == 'SPC' ~ 'Upper Conglomerate 1',
197 Reef == 'MU' ~ 'Upper Conglomerate 1',
198 Reef == 'Holandez' ~ 'Upper Conglomerate 2',
199 Reef == 'Maneira' ~ 'Upper Conglomerate 2',
200 Reef == 'ITV' ~ 'Intrusive',

201 Reef == 'UMF' ~ 'Intrusive',

202 Reef == 'IQL' ~ 'Intermediate Quartzite',
203 Reef == 'Basement' ~ 'Basement’,

204 Reef == 'CAF' ~ 'Cruz das Almas'),

205 ) %%

206 dplyr::select(-c( Source file  :Comments, P31,Si29,A127)) %>%

207 mutate(Generation = case_when(Reef == 'Intrusive' ~ 'Intrusive',
208 Reef == 'Basement' ~ 'Basement’,
209 TRUE ~ as.character(Generation)),
210 Texture = case_when(Reef == 'Intrusive' | Reef == 'Basement' ~ 'Subhedral
211,

212 TRUE ~ as.character(Texture)))
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214
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220
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258
259
260
261
262
263
264
265
266
267

DIMENSIONALITY REDUCTION

Uniform Manifold Approximation and Projection - UMAP

# UMAP processing

dfumap <-
df2 %>%
select_if(is.numeric) %>%
geoquimica::elem_norm(
umap: :umap()

# Data merging
df3 <-
df2 %>%

"clr') %%

bind cols(as_tibble(dfumap$layout))

# Making Plot a)

umapl <-
df3 %>%
ggplot(aes( Vi, V2,
Generation,
Generation,
Generation)) +
geom_vline( 9, 'grey', 7) +
geom_hline( 9, 'grey', 7) +
geom_point( FALSE,
df3 %>%
group_by(Texture) %>%
summarize( mean(V1),
mean(V2)),
aes( Ulmean, U2mean),
3, 3, ‘black') +
ggforce: :geom_ellipse( FALSE,
df3 %>%
group_by(Texture) %>%
summarize( mean(V1),
sd(Vv1),
mean(V2),
sd(V2)),
aes( Ulmean, U2mean, 2*Ulsd,
U2sd, 0),
'grey', .05) +
geom_point( .6, 'black') +
scale_shape_manual( c(22,23,24, 21)) +
facet_wrap(. ~ Texture, 2) +
labs( "UMAP1"', "UMAP2') +
theme_bw()
# Making plot b)
umap2 <-
df3 %>%
ggplot(aes( Vi, V2,
Generation,
Generation,
Generation)) +
geom_vline( 9, ‘grey', 7) +

2*
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297

geom_hline( 9, 'grey', 7) +
geom_point( FALSE,
df3 %>%
group_by (Reef) %>%
summarize( mean(V1),
mean(V2)),
aes( Ulmean, U2mean),
Sh 3, ‘black') +
ggforce: :geom_ellipse( FALSE,

df3 %>%
group_by(Reef) %>%

summarize( mean(V1),
sd(V1),
mean(V2),
sd(V2)),
aes( Ulmean, U2mean, 2*U1lsd,
U2sd, ),
‘grey’, .05) +
geom_point( .6, 'black') +
scale_shape_manual( c(22,23,24, 21,
22,23,24, 21)) +
facet_wrap(. ~ Reef, 3) +
labs( "UMAP1"', "UMAP2") +
theme_bw() #+
# Arrange plots
ggarrange(umapl, umap2, 2,
c('a)','b)"),
'hv',
c(2,3), list( 16, "bold'))

2*
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Fig. D. 2: UMAP configuration for data with samples classified according to a) pyrite texture and b)
stratigraphic level. The ellipses drawn in each box are centered based on the mean of the samples, and its axes
are calculated according to two times the standard deviation for each UMAP coordinate.

DISTANCE MATRICES

d <-
df2 %>%
filter(Texture == 'Inclusion-bearing') %>%
geoquimica::elem_norm( ‘clr') %>%

geoquimica::elem_norm() %>%
select(K39:U238) %>%

t()
# Making Fig. A, Inclusion-bearing Pyrite
inbear <-

ggplotify::as.ggplot(pheatmap( df2 %>%

filter(Texture == 'Inclusion-bearing') %>%
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343
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348
349

350

352
353

355
356
357

359
360
361

363
364
365
366
367
368

369
370

geoquimica::elem_norm( "clr') %>%
geoquimica::elem_norm() %>%
select(K39:U238) %>%
t() %>%
dist( ‘manhattan'),
rownames (d),
rownames (d),
‘white',
‘manhattan’,
'manhattan’,
pals::turbo(20),
8,
8,
"Inclusion-bearing pyrite",
15,
15,))

# Making Fig. B, Overgrowth Pyrite
overg <- ggplotify::as.ggplot(pheatmap( df2 %>%
filter(Texture == 'Overgrowth') %>%
geoquimica::elem_norm( "clr') %>%
geoquimica::elem_norm() %>%
select(K39:U238) %>%
t() %>%
dist( 'manhattan'),
rownames(d),
'white',
rownames(d),
pals::turbo(20),
'manhattan’,
‘'manhattan’,
5,
5,
"Overgrowth pyrite",
15,
15))

# Making Fig. C, Rounded Pyrite
rounded <- ggplotify::as.ggplot(pheatmap( df2 %>%
filter(Texture == 'Rounded') %>%
geoquimica::elem_norm( ‘clr') %%
geoquimica::elem_norm() %>%
select(K39:U238) %>%
t() %>%
dist( ‘manhattan'),
rownames (d),
rownames (d),
'white',
'manhattan’,
‘'manhattan’,
pals::turbo(20),
8,
8,
"Rounded pyrite",
15,
15))

# Making Fig. D, Euhedral Pyrite
euhedral <- ggplotify::as.ggplot(pheatmap( df2 %>%

173



371

373
374
375
376
377
378

380
381
382

384
385
386
387

388
389

391

filter(Texture == "Euhedral') %>%
geoquimica::elem_norm(method = "clr') %>%
geoquimica::elem_norm() %>%
select(K39:U238) %>%
t() %>%
dist(method = "manhattan'),
labels row = rownames(d),
labels col = rownames(d),
border _color = 'white',
clustering distance_rows = 'manhattan’,
clustering_distance_cols "manhattan’,
color = pals::turbo(20),
cutree_rows = 6,
cutree_cols = 6,
main = "Euhedral pyrite",
treeheight_row = 15,
treeheight_col = 15))

# Arrange plots
ggarrange(inbear,overg,rounded, euhedral,

ncol = 2,nrow = 2,
labels = c('a)','b)","'c)",'d)"),align = "hv',hjust = @)
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Fig. D. 3: Dendrograms and distance matrices for pyrite grains according to grain texture: a) Inclusion-bearing,

b) Overgrowth, c) Anhedral, and d) Euhedral. Rows and columns are ordered according to the agglomerative

clustering, calculated by the Manhattan distance.

Compared dendrograms

dl <-
df3 %>%
filter(Texture == 'Inclusion-bearing') %>%
select(K39:U238) %>%
geoquimica::elem_norm(method = 'clr') %>%

t() %>%

dist(method = "'manhattan') %>%
hclust(method = 'average') %>%
as.dendrogram()

d2 <-
df3 %>%
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409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427

429
430

432
433
434
435
436
437
438
439

441
442
443

filter(Texture == 'Overgrowth') %>%

select(K39:U238) %>%
geoquimica: :elem_norm(

t() %>%

dist( 'manhattan') %>%
hclust( 'average') %>%
as.dendrogram()

"clr') %%

# Custom these kendo, and place them in a Llist

dll <-
dendextend: :dendlist(
dl %>%
set("branches_1ty", 1) %>%
set("labels col",

40) %>%
set("branches _1ty", 1) %>%
set("branches_k_color",

40),

d2 %>%
set("branches _1ty", 1) %>%
set("labels_col",

60) %>%
set("branches_1ty", 1) %>%
set("branches_k_color",

60)

)

# Plot them together
dendextend: :tanglegram(dl1,

1, NULL,

FALSE,
FALSE,
FALSE,
TRUE,
NULL)
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Fig. D. 4: Linked dendrograms for Detrital (left) and Epigenetic pyrites (right) mapping the relation of elements.

IMPUTATION OF LDL AND MISSING VALUES

Replacement of LDL

# Function to make qq plots coded by categorical variables
make_qq <- function(dd, x) {
dd<-dd[order(dd[[x]1]), ]

dd$qq <- gnorm(ppoints(nrow(dd)))

dd
}

# Data without imputation

p_original <-
df3 %>%

filter(impute_v == 'False') %>%
"W51') %>%
ggplot(aes(x = qq, v = log(V51))) +
= qd),

make_qq(dd = .,x =

geom_qq_line(aes(sample

lty =
alpha
geom_point(aes(col

1, col = 'gray', size

shape
# col = 'white',
alpha = .3) +
labs(x = 'Theoretical distribution’,

y

'log(V51)"'

)

7)) +
impute_v,
impute_v),

col = "Imputed?',
shape = "Imputed?') +
scale_shape _manual(values =

theme_classic() +

c(16,17)) +
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474 theme( 'center’',
475 element_rect(
476 'grey9s'))

477

478  # Data with half of LDL imputed values
479  p_1dl <-

480 df3 %>%

481 make_qq( . 'V51') %>%

482 gegplot(aes( qqg, log(V51))) +

483 geom_qgq_line(aes( qq),

484 1, 'gray', 1,
485 7)) +

486 geom_point (aes( impute_v,

487 impute_v),

488 # col = 'white',

489 4) +

490 labs( 'Theoretical distribution',

491 "log(V51) "',

492 "Imputed?’,

493 "Imputed?') +

494 scale_shape_manual( c(16,17)) +

495 theme_classic() +

496 theme ( 'center’',

497 element_rect(

498 'grey9s'))

499

500 # Random Forest Regression without categorical variables
501 p_rf1 <-

502 df %>%

503 drop_na(’ YY) %%

504 janitor::clean_names() %>%

505 select(-matches('lod$|2se$")) %>%

506 select(-" *,-generation, -texture, -reef,-c(source_file:comments)) %>%
507 missRanger::missRanger( .

508 5,

509 # formula = Ni6l ~ Ni6@,
510 10,

511 321321,

512 0,

513 1000) %>%
514 bind_cols(dfi1$impute_ti,

515 dfl$impute_ v,

516 df1$impute_co,

517 dfl$impute _ni60) %>%

518 rename( ; 5,

519 : T

520 ) o,

521 ) V) %>%

522 make_qq( o 'V51') %>%

523 ggplot(aes( aq, log(v51))) +

524 geom_qgq_line(aes( aq),

525 1, 'gray', 1,
526 7)) +

527 geom_point(aes( impute_v,

528 impute_v),

529 .4,

530 # col = 'white'

531 ) +

532 labs( 'Theoretical distribution',
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"log(V51) "',
"Imputed?’,

"Imputed?') +
scale_shape_manual( c(16,17)) +
theme_classic() +
theme( 'center',

element_rect(
'grey98’))
##
## Missing value imputation by random forests
##
## Variables to impute: mg25, al27, si29, p31, s33, s34, k39, ca43, ti49,

v51, cr53, mn55, co59, ni6®, cu65, zn66, ga7l, ge74, as75, se77, se82, sr88, zr9o,
mo95, agle7, cdl1l, inll5, snl118, sbl2l, tel25, bal37, tal81l, w182, pt195, aul97,
hg202, t1205, pb206, pb207, pb208, bi209, th232, u238, ni6l

##  Variables used to impute: v1, mg25, al27, si29, p31, s33, s34, k39, cad3, ti
49, v51, cr53, mn55, co59, ni6@, cu65, zn66, ga7l, ge74, as75, se77, se82, sr88, z
ro9o, mo95, agle7, cdlll, inll5, snl118, sbil2l, tel25, bal37, tal81, wl82, ptl95, au
197, hg202, t1205, pb206, pb207, pb208, bi209, th232, u238, ni6l

## nieo ti49 co59 as75 se77 se82 si29 bi209 s33 p31 pb208
cu65 s34 v51 zn66 aulo7 pb206 pb207 sbl21 k39 hg202 u238 ala7
agle7  wil82 tel25 mn55 bal37 cr53 tal8l ge74 mg25 sr88 th
232 ga7l t1205 zZr9e mo95 ni6l ca43 snl18 ptl195 cd111 inl1l
5

## iter 1: 1.0984 ©0.9778 0.9965 ©0.8076 ©0.8318 0.4159 0.9323 1.0150 0.4100
0.9744 ©0.8928 ©0.0863 ©0.3518 ©.6374 1.0521 0.7236 0.5422 0.2208 0.9814 0.
6101 ©.9118 1.0325 ©0.8896 ©.7977 ©.8346 1.0043 1.0046 ©0.8982 0.6808 0.92
51 ©0.5294 0.7825 1.0083 ©0.8175 0.5663 ©0.5401 0.8608 0.4141 0.6516 0.7580
0.1158 1.0724 1.1716 0.2345

## iter 2: ©.3723 0.4508 0.4851 0.4009 0.3997 0.4136 0.6449 0.6256 0.1106
0.4962 ©0.6807 ©0.0907 ©.1298 ©.2900 1.0457 ©0.5339 0.4181 0.2509 0.8185 0.
3246 ©0.3550 0.8766 ©0.8124 ©0.6530 0.5592 0.9023 0.6879 0.7890 0.4692 0.69
20 0.4680 0.5910 0.9721 0.5138 0.3880 0.3131 0.429 0.2869 0.5159 0.4987
0.0920 1.0014 1.1498 0.1896

## iter 3: 0.3508 0.4495 0.4654 0.4452 0.4003 0.3987 0.6406 0.6372 0.1052
0.5104 ©0.6879 ©0.1203 ©0.1243 ©0.2826 1.0382 0.5882 0.4123 0.2394 0.8141 0.
3171 ©.3951 0.8912 0.8210 ©0.6645 0.6163 0.8923 0.6323 0.7860 0.4564 0.70
57 ©0.4843 0©.5951 ©.9771 0.5449 0.3799 0.2903 0.4606 0.2789 0.5045 0.4487
0.0907 1.0200 1.1339 0.2114

# Random Forests regression with caterogical variables
p_rf2 <-
df %>%
drop_na(" YY) %%
janitor::clean_names() %>%
select(-matches('lod$|2se$')) %>%

select(-" “,-c(source_file:comments)) %>%
missRanger::missRanger( o
5,
10,
321321,
2,

1000) %>%
bind_cols(dfl$impute_ti,
dfi$impute_ v,
dfi$impute_co,
dfi$impute_ni6@) %>%
rename( ) T
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604
605

607
608

610
611

612
613
614
615
616

impute_v = ~...507,
impute_co = ~...517,
impute_ni6@ = " ...527) %>%

make_qq(dd = .,x = 'v51") %>%
ggplot(aes(x = qq, v = log(v51))) +
geom_qq_line(aes(sample = qq),
1ty = 1, col = 'gray', size =1,
alpha = .7) +
geom_point(aes(col = impute_v,
shape = impute_v),
alpha = .4,
# col = 'white’
) +
labs(x = 'Theoretical distribution’,
y = "log(V51)",
col = '"Imputed?',
shape = "Imputed?') +
scale_shape_manual(values = c(16,17)) +
theme_classic() +
theme(legend. justification = 'center’,
legend.background = element_rect(
fill = 'grey98'))

# Adjusting the plots
ggpubr::ggarrange(p_ldl, p_rfl, p_rf2,p _original

J

ncol = 2,nrow = 2,align = 'hv',
labels = c¢('a)','b)','c)','d)"),

common.legend = TRUE,legend =

"right")
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Fig. D. 5: Quantile-plot for the concentration of V51 on a logarithmic scale according to different distributions:
a) imputation based on a fraction of the detection limit, b) Random Forests imputation based only in quantitative
variables, ¢) Random Forests imputation based on quantitative and categorical variables (e.g., grain texture) and

d) original distribution (without imputed values).

Replacement of Missing Values

pl <-
df2 %>%
ggplot(aes(log(Pb207), log(Pb208))) +
geom_point(aes( impute_pb207,
impute_pb206),

2,
7) +
geom_smooth( "Im', 'black') +
theme_classic() +
ggpubr::stat_regline_equation( 8.5) +
ggpubr::stat_cor( 7) +
labs( "Imputed?’, "Imputed?’,

expression(log(Pb”207)),
expression(log(Pb”~208)))

p2 <-
df2 %>%
ggplot(aes(log(S33),
log(S34))) +
geom_point(aes( impute_s34,
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646
647
648
649
650
651

653
654

impute_s34),

2,
7) +
geom_smooth( ‘Im', ‘black') +
theme_classic() +
ggpubr::stat_regline_equation( 13.5) +
ggpubr::stat_cor( 13.4) +
labs( "Imputed?’, "Imputed?’,

expression(log(S~33)),
expression(log(s~34)))

p3 <-
df2 %>%
ggplot(aes(log(Ni6®),
log(Co59))) +
geom_point(aes( impute_ni6@,
impute_ni6@),
2,
7) +
geom_smooth( "Im', "black') +
theme_classic() +
ggpubr: :stat_regline_equation( 10) +
ggpubr: :stat_cor( 8.5) +
labs( "Imputed?’, "Imputed?’,
expression(log(Ni®60)),
expression(log(Co)))

p4 <-
df2 %>%
ggplot(aes(log(Ti49),
log(V51))) +
geom_point(aes( impute_ti,
impute_ti),
2,
7) +
geom_smooth ( "Im*, 'black') +
theme_classic() +
ggpubr::stat_regline_equation( 4) +
ggpubr: :stat_cor( 2.8) +
labs( "Imputed?’, "Imputed?’,
expression(log(Ti)),
expression(log(V)))
# Adjusting the plots
ggpubr::ggarrange(pl, p2, p3,p4,
2, 2, "hv',
c('a)','b)', ), d)"),

TRUE, 'right’
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691

692 Fig. D. 6: Comparison of correlated log-transformed elements showing the relation of values according to whether
693 they originated from imputation (True, blue triangles) or not (False, orange circles). This plot was prepared based

694 on high correlated isotopes a) Pb207 - Pb208, b) S33 - S34, and based on moderated correlated elements ¢) Ni60-
695 Coandd) Ti-V.
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APENDICE F —Analises de EDS

LAMINA HHS-443 - CAMPO 01

EDS Spot 1 - EDS1

Element Weight % Atomic %  Net Int. Error % Kratio VA A F
SK 59.95 72.28 1616.87 2.39 0.5526 0.9625 0.9534 1.0046
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EDS Spot 2 - EDS1

Element Weight % Atomic % Net Int. Error % Kratio Z A F
Fek 100.00 100.00 158.46 5.00 0.9291 0.9266 1.0027 1.0000

EDS Spot 6 - EDS1

Element Weight % Atomic %  Net Int. Error % Kratio VA A F
PbM 16.08 18.04 109.92 6.92 0.1403 0.8525 1.0187 1.0049
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EDS Spot 7 - EDS1

Element Weight % Atomic %  Net Int. Error % Kratio Z A F
MgK 3.87 8.46 25.26 21.32 0.0209 1.0570 0.5114 1.0017
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LAMINA HHS-443 — CAMPO 02

EDS Spot 1 - EDS1

Element Weight % Atomic %  Net Int. Error % Kratio z A F
SK 43.06 60.65 942.84 3.42 0.3797 0.9938 0.8843 1.0034
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EDS Spot 2 - EDS1

Element Weight % Atomic %  Net Int. Error % Kratio Z A F
SK 38.84 55.74 997.17 3.41 0.3436 0.9975 0.8834 1.0039
ZnK 51.09 35.97 109.28 7.33 0.4498 0.8719 0.9984 1.0113

EDS Spot 3 - EDS1

Element Weight % Atomic %  Net Int. Error % Kratio z A F
SK 56.21 69.10 1667.77 2.44 0.5178 0.9666 0.9481 1.0051
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LAMINA HHS-443 - CAMPO 03

EDS Spot 1 - EDS1

Element Weight % Atomic % Net Int. Error % Kratio Zz A F
PbM 14.25 16.03 97.50 9.47 0.1243 0.8529 1.0181 1.0050

EDS Spot 2 - EDS1
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N

Element Weight % Atomic %  Net Int. Error % Kratio z A F
PbM 16.28 18.26 141.21 6.68 0.1421 0.8525 1.0188 1.0049

EDS Spot 3 - EDS1

Element Weight % Atomic % Net Int. Error % Kratio Z A F
AlK 0.87 7.02 17.67 40.27 0.0069 1.3337 0.5984 0.9998
UM 85.25 78.32 522.51 3.41 0.7117 0.8294 1.0075 0.9991

EDS Spot 6 - EDS1

Element Weight % Atomic %  Net Int. Error % Kratio z A F
FeK 100.00 100.00 232.26 421 0.9292 0.9266 1.0028 1.0000
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EDS Spot 7 - EDS1

Element Weight % Atomic % Net Int. Error % Kratio Z A F
SK 40.13 55.34 1032.16 3.01 0.3638 0.9918 0.9091 1.0054
CuK 28.52 19.85 78.79 9.48 0.2461 0.8596 0.9904 1.0134

192



