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ABSTRACT

Data-driven methods have increasingly been applied to solve geoscientific problems. Incorporation of data-driven
methods with hypothesis testing can be effective to address some long-standing debates and reduce interpretation
uncertainty by leveraging larger volumes of data and more objective data analytics, which leads to increased repro-
ducibility. In this study, lithogeochemical data from regionally persistent Archean shale units were aggregated from
literature, with special reference to the Kaapvaal Craton of South Africa—namely, shales from the Barberton, Wit-
watersrand, Pongola, and Transvaal Supergroups—and the Belingwe and Buhwa Greenstone Belts of the Zimbabwe
Craton. We examine the feasibility of using machine-learning algorithms to produce a geochemical classification and
demonstrate that machine learning is capable of accurately correlating stratigraphy at the formation, group, and su-
pergroup levels. We demonstrate the ability to extract highly useful scientific findings through a data-driven approach,
such as geological implications for the uniqueness of the sediment compositions of the Central Rand and West Rand
Groups. We further demonstrate that when lithogeochemistry and machine-learning algorithms are used, only about
50 samples per geological unit are necessary to reach accuracy levels of around 80%-90% for our shale samples.
Consequently, for many traditional tasks, such as rock identification and mapping, some expensive analyses and
manual labor can be replaced by an abundance of cheaper data and machine learning. This approach could transform
large-scale geological surveys by enabling more detailed mapping than currently possible, by vastly increasing the
coverage rate and total coverage. In addition, the aggregation of historical data facilitates data reuse and open science.
These results justify the need to bridge data- and hypothesis-driven techniques for the stratigraphic correlation and
prediction of rock units, which can improve the accuracy of the inferred stratigraphic correlation and basin setting.

Online enhancements: supplementary table.

Introduction

The fundamental goal of data collection in geo-
sciences is to understand physical and chemical
processes and their complex interaction in space
and time through the extraction of increasingly
nuanced and multidimensional insights. Broadly
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speaking, along with mapping and spatial analysis,
two other significant usages of geological data are
hypothesis testing and categorization. Stratigraphic
classification is a type of categorization that is used
to distinguish geological bodies, define assemblages
of sedimentary, igneous, and metamorphic rocks,
and organize sequences of rock strata in the Earth’s
crust into some convenient classes by delineating
class boundaries between many different charac-
teristics of these rocks (Zalasiewicz et al. 2004). As
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the Earth is a complex system and it is common
for multiple processes to affect the stratigraphic
classification of typical rocks, multidimensional con-
current constraints are necessary to accurately clas-
sify rocks. While the exact characteristics required
to classify a rock vary by inferred rock type, they
typically include some combination of physical, min-
eralogical, and chemical characteristics that range
from whole-rock geochemistry to mineralogical com-
position, macroscopic and microscopic textures, and
so on. Classification of sedimentary rocks, especially
siliciclastic sedimentary rocks, is more complicated
because of the diversity and admixtures of source
rocks, depositional processes, and nature of depo-
surface conditions. Although major advances have
been made on classifying clastic sedimentary rocks
such as sandstones, more work is required when
dealing with fine-grained rocks such as shales, which
are difficult to distinguish without detailed and
sometimes costly analyses. In reductive geosciences,
if the classification power of one characteristic is
insufficient, additional lines of evidence would be
required. However, as classification in geosciences
makes use of specific discrimination criteria such
as elemental or isotopic ratios, not all of the infor-
mation contained within data is readily used. The
extraction of multidimensional insights and con-
straints to classify rocks is not suitable to traditional
geoscientific techniques that make use of highly spe-
cific discrimination criteria.

Classification in the broadest sense is a typical
machine-learning problem, which in the context
of science becomes a data-driven approach to scien-
tific inquiry. Data-driven science is still relatively
rare in geosciences; however, there is increasing
adoption of machine learning in geosciences to over-
come challenges of dealing with data (Karpatne
et al. 2018; Chen et al. 2020; Dramsch 2020). Part
of this trend is due to the suitability of data-driven
techniques for the extraction of insights from abun-
dant, mixed quantitative-qualitative, and multidi-
mensional data. In particular, in the context of the
broader interdisciplinary definition of the task of
classification, stratigraphic correlation is a discipline-
specific subset of classification. In this sense, there
are two main tasks that are necessary to carry out
stratigraphic correlation—the construction of clas-
ses and the assignment of samples into such classes.
In essence, the first task is precisely the process of
creating stratigraphic classes, such as lithostrati-
graphic units in geosciences. Therefore, given suf-
ficient and particularly annotated data, it is possible
to apply many of the tools from data science and, in
particular, machine learning to create stratigraphic
classes. In this case, the two main obvious appli-

cations are the construction of classes in a manner
that is driven by data instead of by hypothesis and
post hoc analyses of the appropriateness of exist-
ing stratigraphic classifications. The second task
is essentially the assignment of samples into either
data-driven or traditional classes, using some known
sample characteristics. In the context of assigning
rock samples into correct stratigraphic units, this
task is also known as stratigraphic correlation in
geosciences. For both of these tasks, shale is an
interesting challenge to modern data-driven tech-
niques, because “shale” is a diverse group of fine-
grained sedimentary rocks that form by compaction
of silt- and clay-sized particles. Constituent parti-
cles can originate from parental igneous, metamor-
phic, and even sedimentary rocks, and therefore
the possibilities of characteristic overlap between
stratigraphic classes are much larger than those for
pure igneous or metamorphic rocks. For example,
it is entirely possible that two shale samples from
different stratigraphic units exhibit the same litho-
geochemistry and that the differentiation between
the two requires finding other distinctive features
by using either another line of evidence or a statis-
tical consideration.

Geologically, shale is differentiated from other
mudstones by the extent of diagenetic/low-grade
metamorphic overprint. Shale units and formations
are common in almost all sedimentary basins through-
out the history of the Earth and varying geological
environments. There are several ways to classify
shales, although a purely lithogeochemical classi-
fication scheme does not exist, because shales are
theoretically difficult to distinguish on the basis
of their chemistry. On the basis of organic matter,
two types of shales can be classified, namely, black,
carbon-rich and gray, carbon-poor shales. Carbon-
rich shales contain appreciable amounts of organic
carbon (>0.5 vol%) and have been common sedi-
mentary rocks since Neoarchean times (Condie et al.
2001; Meyer and Kump 2008; Lyons et al. 2009). In
contrast, carbon-poor shales contain low amounts
of organic carbon, are usually laminated, and were
mostly deposited during Archean times. As shales
record changes in crustal processes and may be as-
sociated with natural resources, their characteriza-
tion is very important to the geosciences as well as
the energy and mineral industries.

Various studies have revealed that oxidized
basins can produce stratiform Cu-Co, Zn-Pb, and
U deposits, whereas reduced basins can produce
Au-As, P, Ba, and metalliferous black shales (Ni,
Mo, Zn, Cu, U, and the platinum-group elements
[PGEs]: Pt, Pd, Ir, Os, Ru, and Rh; Jiang et al. 2007;
Large et al. 2015). Within the metalliferous shales,
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the most sought-after type is pyritic black shales,
which are commonly known to be a source of de-
sirable metals (Ni, Mo, As, Zn, Cu, Co, U, V, Ag, Ay,
and the PGEs). Black shales, mainly those of Phan-
erozoic and, to some extent, Proterozoic age, have
been studied for their potential as either sources
or hosts of mineral deposits (e.g., Talvivaara, Fin-
land [Kontinen et al. 2013]; the Alum Shale, Sweden
[Leventhal 1991]; and the Cambrian Ni-Mo-rich
shales in southern China [Xu et al. 2013]). The ore-
concentrating processes leading to the formation
of mineralized black shales include primary en-
richment during deposition (e.g., syngenetic) and
secondary concentration of metals through inter-
action with hydrothermal fluids (e.g., Vine and
Tourtelot 1970; Coveney et al. 1991; Jiang et al.
2007; Lehmann et al. 2007; Large et al. 2015). Apart
from black shales’ association with metals, they have
been explored for oil and gas, their often rich pa-
leontological and palynological record, and their
ability to record and archive changes in Earth’s
broader environment and hydrosphere-atmosphere
evolution (Johnson et al. 2017).

In contrast to Phanerozoic black shales, most of
the shales that were deposited during the Archean
are carbon poor and usually not metalliferous. In
some instances, Archean shales have been studied
for their lithogeochemical composition in order to
understand sediment provenance and crustal evo-
lution through time and to infer tectonic settings
(Wronkiewicz and Condie 1987; Feng and Kerrich
1990). More often, the mineralogical assemblage
of Archean shale has been used to interpret meta-
morphic conditions and for reconstruction of sed-
imentary facies (Wronkiewicz and Condie 1987;
Nwaila et al. 2017). More recently, studies have
been conducted on Archean shales to assess their
background concentration of siderophile elements
and their links to mineralization (Nwaila and Frim-
mel 2019). Strides have also been made in under-
standing mechanisms that cause discontinuities in
local sediment supply (flux; Kim et al. 2006), which
in turn cause discontinuities in deposition (accu-
mulation) of detritus and preservation. Clearly, lith-
ogeochemistry is useful in solving problems of shale
classification and stratigraphic correlation and for
shale-associated resource exploration, be it for metal
resources or for oil and gas. In this context, an
abundance of geochemical data is highly suitable for
modern data-driven approaches to classification and
prediction.

Shale stratigraphic prediction, or pinpointing the
origin of shale samples, traditionally has been a geo-
scientific classification problem that is typically
addressed using a cascading series of evidence that
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begins with geological observations and physical
characterization and proceeds to fine-scaled studies,
such as microscopy and geochemical analyses. Field
surveys are generally expensive but yield valuable
specimens and are therefore unavoidable. Lithogeo-
chemical analyses of shales are common practice and
have the potential to be more informative and sys-
tematic for stratigraphic correlation than purely de-
scriptive field observations, thus forming the base
of chemostratigraphy. Isotopic analyses of shales
are also sufficiently common; however, the exact
selection of elements and isotopes depends on the
hypothesis being tested and application-specific sub-
jective and physical constraints. In addition, as iso-
topic analyses are much more expensive per dimen-
sion of information and are usually reserved for
select samples, this type of compositional data is
rare, and the relative variation of results and pro-
cedures, including quality control and assurance
between analytical laboratories, is significant com-
pared to that in the analyses of major- or trace-
element concentrations. In this manner, historic
data are hampered by inconsistencies in the selec-
tion of analyzed elements. The usefulness of petro-
graphic analyses is limited because of the very fine
grain size of shales. Petrographic analyses are also
extremely time-consuming, and the information
that they produce is highly qualitative. If it were
not for the abundance and willingness of graduate
students, petrography in general would be a very
costly laboratory affair. However, for as long as there
has been interest in shale, there have been disag-
gregated data that are still accumulating in various
data silos. Unfortunately, detailed analyses of shale,
such as chemical analyses, are relatively expensive,
and no single study has ever attempted to look at a
large-scale picture of the lithogeochemistry of shales
and whether it could be useful to fingerprint shales
for purposes of classification and genetic analysis.
This need not be the case if there are sufficient data,
such as through aggregation of historical data on
the composition of shales. The value of historical
data in this case far exceeds the original intent at the
time of data gathering. A principal requirement for
the adoption of data-driven analytics and modeling
is the availability of high-quality data. Aggregation
of historical data is one method to generate suffi-
cient data for the application of data-driven scien-
tific methods to geosciences.

In this study, we investigate the use of the lith-
ogeochemistry of Archean shales by repurpos-
ing aggregated geochemical data from a variety of
sources to perform stratigraphic classification, cor-
relation, and prediction with machine learning.
Our whole-rock major-element geochemical data
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of Archean terranes has been aggregated from peer-
reviewed and published sources, with special ref-
erence to the Kaapvaal Craton, South Africa. Al-
though more abundant data are available for other
types of rocks, the challenging case of shale clas-
sification and the variable data coverage of our data
set provide an ideal opportunity to simultaneously
examine the feasibility of data-driven classification
in the context of geosciences and analyze the data
requirements to provide guidance for those want-
ing to adopt data science techniques as a tool in
geosciences. Therefore, the first goal of this article
is to demonstrate the value of unsupervised ma-
chine learning to rapidly categorize shales using
solely major-element lithogeochemistry, although
the resulting classification schemes are expectedly
different from geological classifications, which use
multiple lines of evidence. Given that conventional
(geological) classification of shales is dominant in
geosciences, a second goal of this article is to dem-
onstrate that major-element concentrations can
be used to classify shale samples into traditional
classes at the formation, group, and supergroup lev-
els with excellent accuracy. We demonstrate that
there are suitable machine-learning algorithms for
both raw and transformed compositional data and
that, on average, most of them yielded excellent re-
sults. Furthermore, we show that about 50 samples
from each geological unit are sufficient to achieve a
high level of accuracy in the classification of shales
using whole-rock major-element concentration data.
Thus, we identify data availability as the key lim-
iting factor to the adoption of modern data science
in geochemical classification problems.

A Data-Driven Approach for Categorizing
and Predicting Rock Types

Conventional classification of shale is largely based
on textural characteristics, mineralogy, and trace-
element ratios. For most Archean terranes, major-
element concentrations in various shale units
have been determined, but the trace-element data,
especially in older studies, tend to be incomplete.
Whole-rock major-element (technically, major- and
minor-element) geochemistry should be an ideal
setup for fingerprinting shales. In addition, major
elements are rock-forming elements and, as such,
constitute the bulk of each sample. However, much
emphasis has been placed on the use of trace ele-
ments because of their resistance to weathering,
their mobility and immobility characteristics, and
the ability of some of them to preserve informa-
tion on the original detritus. Nevertheless, major-

element concentration data remain the most ubiq-
uitous and consistent form of high-dimensional and
quantitative information about shales that is avail-
able across publications and databases. In the cur-
rent geochemical tradition, because the major ele-
ments exhibit a differential diagnostic power, some
elements are essentially neglected for classification
and correlation of stratigraphic units or discrimina-
tion purposes. As a whole, there is likely far more
information contained within major-element con-
centration data than is currently extracted through
traditional geochemical analyses. Simultaneously,
many shale units experienced such insignificant al-
teration that their major-element concentrations
still provide excellent information on the original
sediments. Because of the abundance of such infor-
mation, a data-driven approach is likely to be able to
provide new insights and a highly reproducible and
objective method to perform stratigraphic correla-
tion and prediction. Nonetheless, whole-rock major-
element data remain underutilized, compared to the
more powerful trace-element and isotope analyses.
There are several reasons for this apparent neglect
of whole-rock major-element data, one of which is
the fact that many geoscientists gather data solely
for the purpose of testing specific hypotheses. While
emphasizing certain trace-element and occasionally
isotope ratios, their data sets typically also include
major elements. The other reason is that geochem-
istry is generally high-dimensional, and traditional
data analysis techniques are manual and use highly
specific models to extract known dimensions of sci-
entific insights. Therefore, synthesizing general in-
formation from geochemical data without a hypoth-
esis a priori is challenging and is a less well-defined
problem in the context of traditional geochemistry.
On the other hand, machine-learning algorithms can
easily tackle high dimensionality, given that there
are sufficient data; in the case that more powerful
trace-element and isotopic composition data are un-
available or inconsistent, it is possible to systemat-
ically classify rocks and predict their classification.
Thismay be particularly useful for Archean terranes.
A contributing factor is the general high cost of data
in geosciences (e.g., compared to commerce) and the
fact that data tend to become siloed. As a result,
disaggregated data sets typically reside with various
data stewards at institutions, which makes it a dif-
ficult task to access and understand them and to
determine their comparability. Fortunately, the most
comparable data usually concern major elements, be-
cause their detection limits and precision are typ-
ically much smaller than their absolute concentra-
tions. Therefore, our major-element concentration
data and machine-learning algorithms are highly
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suitable for data-driven methods for the classifi-
cation and prediction of shale through leveraging
data, algorithms, and an infrastructure that pro-
vide the required computational power. There are
a multitude of other benefits that are realizable in
the short to long term by utilizing this approach:
(1) the high cost of data generation in geosciences
is mitigated by sharing of data and building a dis-
cipline culture that reuses data formally, which min-
imizes the need for resampling; (2) the reuse and
accumulation of data lead to statistically robust in-
terpretations, constructive debates, more reliable
and predictive hypotheses, and increased repro-
ducibility of results; (3) a large backdrop of data fa-
cilitates outlier and even deception detection for
new data and also an enhanced separation of data,
real novel findings, and reproducible results. In this
study, we also reflect on these additional benefits
of our approach and results, where appropriate.

Overview of Machine Learning

In machine-learning parlance, each chemical ele-
ment for the purpose of rock classification is a
feature, and specific ratios of various elements or
all types of mathematical manipulations of features
are essentially discipline-specific forms of feature
engineering (Hastie et al. 2009; Domingos 2012). The
features form a high-dimensional vector space that
is the feature space (Hastie et al. 2009). Machine-
learning algorithms in general do not assume the
geometry or the existence of properties of the fea-
ture space. For example, tree-based methods are not
at all aware of the geometry of the feature space.
Algorithms that are geometry aware in the feature
space makes use of notions of distance, such as dis-
tance metrics. However, the exact metric employed
is not restricted to the Euclidean metric: other met-
rics are also used, and the vector space can be of
any geometry, such as hyperbolic and spherical
(e.g., Gu et al. 2019). The choice of vector space to
embed the data’s features depends on the data’s na-
tive structure, the choice of algorithms, and, ulti-
mately and most importantly, model performance
assessment (Karpatne et al. 2018) using performance
metrics (e.g., Gu et al. 2019). In practice, the trans-
formation of data from one structure to another is a
subtype of data preprocessing that overlaps with fea-
ture engineering, and, as with all data-preprocessing
tasks, it should be self-evident that the purpose
should be to enhance predictive modeling perfor-
mance. Selection of features that will lead to bet-
ter predictive or classification accuracy is often an
automatable process in machine learning and is
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known as feature selection (Hastie et al. 2009). If
the features encode characteristics of rocks, which
also differ by rock type, then it is possible for the
machine to identify these differences and their re-
lationships that can be used for both classification
and prediction. In this manner, chemical data are
readily usable for the classification and prediction
of rocks. In addition, in the machine-learning ap-
proach, class boundaries need not be parametric, and
assumptions about the shape of classes in feature
space (e.g., clusters) can be explicitly examined and
discarded.

There are two major types of machine-learning
algorithms that are suitable for rock classification:
(1) supervised and (2) unsupervised learning. Semi-
supervised machine learning, as a hybrid of 1 and
2, is also possible. In unsupervised learning, data
are unlabeled, which means that the classes are un-
known a priori, and the machine attempts to de-
duce natural categorizations within the data to
create a classification scheme, which is then used
to classify new data (Hastie et al. 2009). In super-
vised learning, the data are labeled (e.g., the cate-
gories or rock types are known), and the algorithm’s
hyperparameters are tuned with training and cross-
validation data sets (Hastie et al. 2009). The result-
ing models are then used to predict either con-
tinuous (e.g., the amount of metal in a sample) or
discrete (e.g., types of rocks) labels. The results of
the predictions can be assessed for accuracy through
yet another data set that does not overlap the train-
ing and cross-validation data sets.

Clustering is a type of unsupervised machine
learning and refers to grouping a set of data points
into subsets or clusters (Hastie et al. 2009). Each
cluster is a class exhibited by the data that is, in
some sense, different from other classes. In geosci-
ences, clustering can be applied to a variety of tasks,
such as facies classification, mapping, stratigraphic
ranking, and domaining of mineral resources. The
goal of clustering algorithms is to leverage com-
putational power and data with a mathematically
or algorithmically formalized notion of similarity,
such asadistance metricin the feature space, tocreate
classes such that they best separate the available
data. In other words, the data-driven approach to
classification is similar to methods used to create
geological classifications, such as a shale formation.
In general, clustering algorithms can be divided along
two major axes: (1) centroid/parametric or density/
nonparametric and (2) flat or hierarchical. Centroid-
based algorithms, such as the K-means algorithm,
seek to find the centroid of clusters and effectively
partition the feature space by volume. Density-based
algorithms delineate clusters by variations in data density
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in feature space. Flat clustering algorithms exam-
ine all features simultaneously, whereas hierarchi-
cal clustering algorithms build clusters that are
linked by various features hierarchically in a tree-
like structure that can be represented by a dendro-
gram. There are two approaches to hierarchical clus-
tering, which can be represented by agglomerative
and divisive algorithms. An agglomerative approach
begins with each observation in a distinct (single-
ton) cluster and successively merges clusters until
a stopping criterion is satisfied. A divisive method
begins with all patterns in a single cluster and per-
forms splitting until a stopping criterion is met. In
this article, as the density of data in feature space
is relatively sparse, we utilize both the K-means and
the agglomerative clustering algorithms.

The K-means clustering algorithm, also called
the Lloyd or Lloyd-Forgy algorithm (Lloyd [1957]
1982; Forgy 1965), constructs K nearly equal-
variance clusters C, using N samples X by min-
imizing the intracluster sum of squares of the
Euclidean distances between each member x; and
the centroid or mean p; of each cluster j; for exam-
ple, Ef\jzommmecnxl 1 |* (an objective function).
The K-means algorithm proceeds in three stages:
(1) either random or guided assignment of initial u;
per cluster at t = 0; (2) association of each x; with
a pf at each iteration t, such that the objective
function is mlmmlzed for example, k; = x; : [|x;—
wi* < ||X1 phlI* vk 1<k<N;(3) a331gnment of
cach ut to be the centroid of the jth cluster; for
exampie pitt = (1/ |]<t|)Exekz Convergence is
achieved when the Centr01ds become effectively
stationary under repetitions of stages 2 and 3. This
algorithm makes convex and isotropic assumptions
about the clusters because its objective function
employs the Euclidean metric. Since this algorithm
effectively partitions the feature space regardless
of data density, it is suitable for low-data-density
applications. The number of clusters is a free hy-
perparameter in this algorithm. This algorithm is
aware of the geometry of the feature space, and by
the choice of the Fuclidean distance metric, the ge-
ometry should ideally be Euclidean.

The agglomerative clustering algorithm builds a
hierarchy of clusters by successively merging ex-
isting clusters (which can be singletons), by mini-
mizing an objective function and a linkage crite-
rion, the former in a manner similar to the K-means
algorithm by also employing a metric (Rokach 2005).
However, unlike the K-means algorithm, agglome-
rative clustering can make use of any metric, in-
cluding non-Euclidean metrics. The linkage crite-
ria quantify the dissimilarity of sets of data points
as a function of their distances, which is evaluated

by the employed metric. A common linkage crite-
rion is Ward’s method (Ward 1963), which mini-
mizes the total intracluster variance over all clus-
ters. Algorithmically, during each iteration, pairs
of clusters that lead to the smallest increase in to-
tal intracluster variance after merging are merged.
This process is repeated until only a single cluster
remains. The results of this process can be visu-
alized as a tree of cluster members at each step,
which is called a dendrogram. The tree can be cut
at any depth to produce a desired number of clus-
ters. Either the number of clusters or the distance
threshold are free parameters in this algorithm.
This has been a popular algorithm in the discipline
of crystallography since the development of X-ray
powder diffraction (XRD) to process mineral crystal-
lographic phases by clustering the resulting data.
In limited applications, hierarchical clustering, in
combination with principal component analysis
(PCA), has been used to combine XRD mineralog-
ical analyses and X-ray fluorescence chemical anal-
yses for robust clustering of geological samples. To
our knowledge, no study has been done in the past
to attempt classification of rock units, particularly
Archean shales, using clustering algorithms. This
algorithm is not necessarily aware of the feature
space geometry, because of its flexibility in the
choice of metrics.

There are various methods to determine the ap-
propriate number of clusters and the effectiveness
of algorithms. In this article, we use the average-
silhouette method, which computes the average
silhouette scores for a range of the number of clus-
ters (Kaufman and Rousseeuw 1990). This method
uses the intra- and intercluster distance of all data
points and computes a number between —1 and 1 for
a clustering configuration, such that values near 1
indicate that samples are far away from other clus-
ters and therefore that the intercluster distance is
maximized. The highest silhouette score indicates
the most appropriate choice for the number of clus-
ters, and other high scores represent alternative con-
figurations. Silhouette scores are generally higher
for convex clusters.

Supervised classification algorithms automate
the deduction of relationships between the data’s
features and the class labels (Russell and Norvig
2010). The trained model is then used to predict
labels for a population in an inductive manner.
There are many supervised classification algo-
rithms, including but not limited to those used
in this article: support vector machine, logistic re-
gression, naive Bayes, decision trees, k-nearest neigh-
bors, random forest, AdaBoost, neural networks,
and Gaussian processes. The choice of algorithm is
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based on many factors, such as computation time;
data density including feature space density; bias-
variance trade-off; function complexity; feature
space dimensionality; input and prediction noise;
and feature interactions. In many cases, a trial-and-
error approach is used to select the final prediction
algorithm through cross validation. The prediction
ofalabelin classificationis discontinuous, meaning
that each sample definitively belongs to one class.
Prediction error can be decomposed into three main
components: bias, variance, and noise. The bias of
the model is the tendency of the model to default to
someclasslabel. The variance of the model gauges the
relative change in the model output, given a relative
change in the model’s input. The noise is the un-
avoidable component of the prediction error that is
neither bias nor variance. The total prediction error
is the root-mean-square sum of the three sources
of errors. Various algorithms generally exhibit dif-
ferent behaviors along these sources of errors, and
in some cases, it might be desirable to trade some
bias for a correspondingly larger reduction in over-
all variance for a particular algorithm in a given
scenario.

The k-nearest-neighbors algorithm (KNN; Fix
and Hodges [1951] 1989; Cover and Hart 1967) uses
k training samples (a hyperparameter of the model)
to locally construct a consensus in feature space
that is used to estimate unknown targets that fall
within the locality in feature space (Witten and
Frank 2005; Kotsiantis 2007). An optimal value for
k can be determined by cross validation. Exces-
sively large values of k may lead to model overfit-
ting (Hastie et al. 2009), which increases the pre-
diction variance. The distance metric employed in
the KNN algorithm is not necessarily Euclidean;
however, where it is employed, the algorithm as-
sumes a Euclidean geometry in the feature space.
Other metrics, such as the Minkowski metric, are
also available.

The support vector machine (SVM) algorithm
(Vapnik 1998) is similar to other Euclidean-metric
regression algorithms and is typically used to de-
fine nonlinear decision boundaries or models in
high-dimensional variable space (Hsu and Lin 2002;
Karatzoglou et al. 2006). The SVM algorithm max-
imizes the Euclidean distance between training
samples that are closest to the decision or regres-
sion hyperplane, which are known as support vec-
tors. This is mathematically formulated into an
objective function, or loss function, that measures
the amount of margin, which is the sum of the Eu-
clidean distances between the support vectors and
the hyperplane. A hyperparameter C defines a pen-
alty for misclassifying support vectors. Increasing C
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promotes an increasingly more complex hyperplane
that eventually becomes prone to overfitting (which
increases model prediction variance and decreases
bias). Another parameter in SVM is g, which speci-
fies a boundary region around the hyperplane such
that no penalty in the loss function is associated
with points predicted within this region of the ac-
tual value. As SVM uses only support vectors, it can
automatically ignore some outliers. By choice of the
Euclidean metric, this algorithm assumes Euclid-
ean geometry for the feature space.

Decision trees are flowchart-like tree structures
that partition the trees recursively. Internal nodes
represent features, branches represent decision rules,
and each leaf represents an outcome. This algo-
rithm learns to partition the data on the basis of
feature values. The flowchart-like structure is easy
to interpret and visualize. The decision rule to split
a node is based on a metric to maximize some
notion of difference between the resulting leaves.
There are numerous metrics to measure leaf dif-
ference. For example, the Gini impurity measures
how often a random node from the tree would be
incorrectly labeled if it was randomly labeled ac-
cording to the distribution of labels in the branch’s
subset. It is a form of an information entropy mea-
sure. For N class labels, the probability of selecting
adata point with label 7, 1 <i < N, is p(i). Therefore,
the Gini impurity (G) of a set of training data can
be given by G = Efiz 1pli) - [L = pli)]. For a binary
classification problem, the worst Gini impurity at
a split is 0.5 (randomly assigned leaves) and the
best is 1.0 (perfectly split leaves). The objective for
picking a particular split is then to maximize the
difference of the Gini impurity of the current split
configuration against a completely random split.
Similarly, a different criterion to split nodes is
based on entropy of information, which is mea-
sured similarly to the Gini impurity. The entropy
criterion is given by E = XN pli)-log(p,). The
depth of the tree is a hyperparameter. Decision
trees are weak classifiers, in the sense that they
classify above chance but not substantially. It is
possible to convert a weak classifier into a strong
one by using various statistical approaches, such as
ensemble methods (Freund and Schapire 1995; Ho
1995; Breiman 1996; Kotsiantis 2014), provided
that each individual weak classifier is better than a
random guess. Random forests are a type of bagged
decision tree that mitigates the noise sensitivity
of individual trees by constructing an ensemble of
trees and averaging the output, as long as the trees
are not correlated (Ho 1995). The removal of cor-
relation between individual trees is via sampling of
random subsets of features (e.g., bootstrap sampling)
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to build individual trees. This leads to better model
performance than decision trees in general, because
the model variance is reduced but without intro-
ducing additional bias. The maximum number
of features per tree, the number of trees, and the
minimum number of samples per split are model
hyperparameters, in addition to the tree depth
parameter that is inherited from decision trees.
AdaBoost can use decision trees as a base weak
classifier and, in this form, is a boosted decision tree
that uses adaptive boosting (Freund and Schapire
1995). In this method, the output of weak classi-
fiers is combined into a weighted sum that repre-
sents the final output. Adaptation occurs by mod-
ifying subsequent weak classifiers in favor of those
instances misclassified by previous classifiers (an
attempt to perform prediction correction). The rate
of adaptation and the number of trees are model
hyperparameters. The tree-based methods gener-
ally do not make assumptions about the geometry
of the feature space.

Logistic regression is a type of binary regression
that estimates the logarithm of the odds of a label,
given a set of features (Cramer 2004). The proba-
bility of the sample belonging to a particular class
is derived from the logarithm of the odds, using
the logistic function. As the model is logarithmic
in feature space, changing any of the features multi-
plicatively affects the odds of the outcome at a
constant rate, which is unique for each feature.
Nonbinary logistic regression (multinomial) is a
generalization of the binary form to find the prob-
ability of the data point belonging to multiple clas-
ses, and a scheme such as a rank order can be used
to identify the most probable label. For an obser-
vation i and its N-dimensional features X;, the prob-
ability of the data point belonging to class 1 <1< L
can be written as f(I, 1) = A; - X;, where A; is vector
of regression parameters. The probability of a data
point y belonging to a particular class ¢, (1 < g < L)
is then Ply = q) = e« %i/(1 + E;\]:_ieAf'Xf). The re-
gression parameters are usually jointly estimated
by the regularized maximum likelihood criterion
that uses weights to increase model bias in an at-
tempt to reduce model variance. The regulariza-
tion strength parameter C is a model hyperparam-
eter. Similarly to SVMs, smaller values of C lead
to stronger regularization (less complex decision
planesin feature space). This algorithm is geometry
aware in the feature space.

Naive Bayes is a class of classification algorithms
based on conditional probability that assigns labels
using features and assumes that the features are in-
dependent and contribute to the classification in-
dependently (Hastie et al. 2009). Conditional prob-

ability calculates the posterior probability of an
outcome, given the prior probability, times the
likelihood, divided by the evidence. Given a feature
vector X;, the probability of an outcome I within a
total of L outcomes is P(I|X;) = P(I)P(X;|l)/P(X;).
A classifier built on this probability model also
requires a decision criterion, which is usually the
selection of the most probable label. The assumed
probability distribution of the features is a model
hyperparameter, although, aside from the Gaussian
distribution, other distributions are not commonly
used. Naive Bayes does not assume any feature-
space geometry.

Multilayer perceptron classifier (MLP) is a class
of feedforward artificial neural network, which is
a collection of connected nodes (artificial neurons)
that loosely resembles biological brains (Hastie
et al. 2009). Connections between the neurons
transmit real numbers to other neurons, and the
output of each neuron is a nonlinear function of the
sum of its inputs (similar to the activation potential
in biological neurons). The connections and the
neuron outputs are typically weighted, and the
weights are adjusted through experience. Neurons
activate according to some function, which may
exhibit a threshold or may be linear (Hastie et al.
2009). Neurons are usually connected layer-wise,
and each layer performs a different transformation
on their inputs. It is possible for signals to recur-
rently travel the same network multiple times in
other artificial neural network designs, although
the feedforward designs are single pass. Artificial
neural networks are universal function approxi-
mators and are extremely useful algorithms in data-
rich applications such as image classification and
natural language processing. To date and in an in-
creasing number of applications, artificial neural
networks are capable of surpassing human capa-
bility in a number of tasks (e.g., He et al. 2015;
Lundervold and Lundervold 2019). An MLP con-
tains a minimum of three layers of neurons—an
input stage, a hidden layer, and an output layer—
and because of its simplicity, it is a trivial exam-
ple of an artificial neural network. Input nodes are
linearly activated, while the subsequent layers
are nonlinear. The supervised learning technique
uses an objective function and backpropagation for
model training. The objective function is any met-
ric that evaluates the desirability of the output (e.g.,
its similarity to a known label). Backpropagation
computes the gradient of the objective function
with respect to the weights of the network for each
training example by using the chain rule, iterating
over each layer at a time. It allows the weights to be
updated following a gradient-descent approach to
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minimize the objective function (Curry 1944; Ro-
senblatt 1961; Rumelhart et al. 1986; Lemaréchal
2012). An MLP is capable of distinguishing data
that are not linearly separable (Cybenko 1989).
There are a number of hyperparameters, includ-
ing the following: activation, which is the type of
mathematical function used to activate the hid-
den and final layers and could include the identity
function (f(x) = x); the logistic sigmoid function
(f(x) =1/(1 + e7%)); the hyperbolic tangent func-
tion (f(x) = tanh(x)); the rectified linear unit func-
tion (relu; f(x) = max(0,x)); the L*-norm-based
regularization parameter o, which can be tuned
to balance the model bias and variance; and the
learning-rate parameter, which can be constant,
decreased over each time step using a power func-
tion (invscaling), and adaptive, which keeps the
learning rate at the initial constant rate until the
loss function ceases to decrease, at which point,
the learning rate is decreased fivefold. An MLP is
spatially aware in the feature space; however, the
broader class of neural networks in general can make
use of any type of vector space geometry (e.g., Gu
et al. 2019).

Gaussian processes are a generic supervised
learning method, suitable for regression and proba-
bilistic classification problems. Essentially, Gauss-
ian processes interpolate the observations, using
various different kernels, such that the overall dis-
tribution is a joint distribution of many random
variables (Rasmussen and Williams 2006). The
interpolated multidimensional surface is used to
measure similarity between points, which also al-
lows unknown values to be predicted (Rasmussen
and Williams 2006). The prediction output is con-
tinuous, which can be squashed through a link
function to derive a probabilistic classification in-
stead. The link function is the logistic function and
provides a binary classification. Binary classifiers
such as the Gaussian process classifier can be ex-
tended to support multiclass classification by treat-
ing the problem as a one-versus-rest or one-versus-
one problem. In the former case, the binary classifier
is used to discriminate one class from the remain-
der, and in the latter case, the binary classifier is
fitted for all pairs of possible classes. The predic-
tion results are combined to allow for multiclass
predictions. The choice of the multiclass classifi-
cation approach is a model hyperparameter. The
kernel is also a model hyperparameter and can
be chosen from a variety of functions, including
highly flexible, nonlinear ones such as the radial
basis functions (RBFs). The RBF kernel is given by
k(x;, x;) = e"Xffo‘i/ﬂz, where |x;, X7|§ denotes the
[*-distance of a sample pair (x;, x;). The parameter
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I is the length scale of the RBF; I and a multiplier
of the kernel are the hyperparameters of this al-
gorithm. Gaussian processes are spatially aware
in the feature space.

Model selection and tuning for supervised
machine-learning algorithms are usually accom-
plished through cross validation, which is an out-
of-sample testing technique. In cross validation, the
data set is split into several nonoverlapping sets,
the larger of which is the training data set that is
used to train the models. Then the remainder val-
idation data set is used to profile the prediction
performance of the models, and the model hyper-
parameters are adjusted. Subsequently, the models
are retrained and revalidated to optimize the hy-
perparameters. Issues such as excessive model var-
iance and selection bias are minimized through this
process.

Data and Methods

Database and Geological Setting. The database
refers to a total of 433 shale samples that were
collected from different units of the Kaapvaal Cra-
ton (South Africa)—the Barberton, Witwatersrand,
Pongola, and Transvaal Supergroups—as well as
from the Zimbabwe Craton (Zimbabwe|—the Be-
lingwe and Buhwa Greenstone Belts—a total of six
supergroup-level classes. They cover various litho-
stratigraphic groups: the Fig Tree, Moodies, Ngezi,
West Rand, Central Rand, Moozaan, Nsuze, and
Pretoria Groups and the Black Reef Group and an
unknown group within the Buhwa Greenstone Belt
(a total of 10 group-level classes). At the formation
level, there are a total of 17 classes. See table 1 for
lists of all classes and the number of samples per
class, and see the supplementary table (available
online) for the raw data. Each class was sampled
multiple times at several locations. The major-
element oxides analyzed for in each sample are
SiOZ, Aleg, F€203, MgO, CaO, NaZO, Kzo, TiOZ,
P,0s5, and MnO, as well as loss on ignition; Fe,O3
refers to total Fe.

Machine-Learning Workflow. For unsupervised
algorithms, we employ a two-stage workflow that
includes (1) data preprocessing and cleaning and
(2) algorithm hyperparameter selection. For su-
pervised algorithms, we employ a three-stage work-
flow that includes (1) data preprocessing and clean-
ing, (2) algorithm hyperparameter selection, and
(3) algorithm performance assessment. The data-
processing and cleaning stage is necessary to en-
sure that the data set is suitable for machine-
learning algorithms. As the data come from various
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Table 1. Stratigraphic Classification Level and Number of Samples

Formations Groups Supergroups
Name Samples Name Samples Name Samples
Sheba 37 West Rand 133 Witwatersrand 282
Clutha 40 Central Rand 149 Barberton 77
Zeederbergs* 3 Fig Tree 37 Belingwe Greenstone Belt 15
Cheshire 12 Pretoria 30 Buhwa Greenstone Belt 20
Orange Grove* 1 Moodies 40 Transvaal 30
Parktown* 4 Ngezi 15 Pongola* 5
Promise* 3 Unknown (Buhwa) 20
Parktown-Brixton* 4
Palmietfontein 12
Roodepoort 109
Booysens 144
Kimberley* 5
Black Reef* 4
Silverton 30
Unknown (Buhwa) 20

Note. Features with an asterisk are not used for predictions at their levels because of the sparsity of samples.

sources, they reflect internal inconsistencies, which
must be cleaned before the next stage. For exam-
ple, the number of samples from a given formation
might be too low, or analyses for certain chemical
components might be at or below the analytical
detection limit. Any formation, group, or super-
group that contains fewer than 10 samples was
excluded from all analyses unless otherwise indi-
cated for special purposes. For example, the Orange
Grove Formation has only a single sample. How-
ever, sparse formation data are retained for group-
level predictions, and the same applies for sparse
group data at supergroup-level predictions. This re-
sults in three separate data sets for the formations,
groups, and supergroups that are mostly overlapping.
As the various data used here originally had not
been intended to be used for machine learning, the
coverage of different geological units is highly var-
iable, and it is impossible to avoid bias, aside from
removing sparse-data units. Bias in predictive mod-
eling refers to the tendency for the machine to de-
fault predictions to certain labels with more data
points. Although our data set is not optimal for
machine learning, it is typical of the state of geo-
chemical data coverage in much of geosciences, by
our experience. It is also highly desirable to be
able to predict geological units using variable data
coverage, as this is an inevitable and frequently
encountered situation in geosciences. All samples
available for this study are summarized in table 1.
The remainder of the data consists of class labels
(supergroups, groups, and formations) and geochem-
ical information on the samples, which are used
as machine-learning features. Chemical analyses
that were below the detection limit (which were
very rare) were imputed with the KNN imputation

algorithm. The imputation is verified to be ac-
ceptable if the closure of the data is unaffected,
since the imputation was carried out over the rock-
forming elements. In this manner, all imputed data
points (25 in total) were satisfactory, with maximal
deviations of about 1%. Since the data are compo-
sitional, the simplex geometry (Aitchison 1982) is
the native vector space geometry. The use of com-
positional data usually occurs outside of its native
vector space, through a choice of log ratio trans-
formations on the data, such that the resulting vec-
tor space is Fuclidean (Aitchison et al. 2000). For
machine-learning algorithms, if the algorithms do
not explicitly require a Euclidean distance metric
or other properties of the Euclidean geometry (e.g.,
linear transformations), then embedding the data
in its native vector space is unproblematic. We
choose to both transform and use the raw com-
positional data for comparison purposes. Trans-
formation for the major-element data uses centered
log ratio (CLR) transformation (Aitchison 1982,
which allows the use of the Euclidean distance met-
ric, with additional properties that include scale
invariance, perturbation invariance, permutation
invariance, and subcompositional dominance (Ait-
chison et al. 2000). The CLR transformation seems
to have been used with excellent success when
followed by traditional multivariate geochemical
data analysis routines, such as PCA (Grunsky et al.
2014; Harris et al. 2015; Chen et al. 2018; Grunsky
and de Caritat 2019). In the CLR transformation,
all compositions x;...xp are divided by the geomet-
ric mean of the vector, that is,

glx) = ¥x;.. . xp,
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and, subsequently, a logarithm is taken of the
ratios, that is, for sample x;,, CLR(x;) = [In(x;;/
glx;)); ...; In(xp ;/g(x;))]. Some algorithms are sen-
sitive to unequal feature scales, and therefore all
features were rescaled to span an equal range be-
tween 0 and 1, which ensures that they influence
the machine-learning algorithms equally. Note that
this is not a requirement for non-distance-based
algorithms, such as most tree-based methods (e.g.,
random forest, decision trees, and AdaBoost). For
unsupervised machine-learning algorithms, the al-
gorithm and hyperparameter selection process con-
sists of a feedback-driven method that increments
the number of clusters, determines the silhouette
scores for all the algorithms, and repeats until a max-
imum number of clusters has been reached. This is a
user-selectable parameter. The range of silhouette
scores is then examined, and if a global maximum
is found, it is adopted as the number of clusters for
a strictly chemostratigraphic classification.

For algorithm selection and hyperparameter tun-
ing in supervised machine-learning algorithms, we
use an automated approach that consists of a ran-
domized tenfold cross validation combined with a
grid search. In this scheme, the entire data set is
divided into two sets randomly for (1) training and
cross validation and (2) testing. The leave-one-out
cross-validation method sequentially predicts all
samples during cross validation, with the remainder
of the data for training. This method uses data more
efficiently, compared to any variety of the K-fold
cross validation, which divides the data into K equal-
sized partitions, as more samples are allocated for
training. However, it is computationally inefficient
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for large data sets. A majority of the data (90%)
was used for training and cross validation. The re-
mainder was reserved for model testing. The pa-
rameters used for each of the algorithms are listed
in table 2.

The grid search for each algorithm uses the
cross-validation score of each run to choose the
most optimal combination of parameters on a per-
algorithm basis. Subsequently, we selected a few of
the most accurate algorithms for prediction of the
testing data. In this case, accuracy was measured
by the number of samples predicted correctly, di-
vided by the sample size. To test the algorithm,
we retrained the selected algorithm, using the train-
ing data set and the best hyperparameters, then
tested the model, using the reserved test data set.
The accuracy was reported, and the prediction per-
formance was visualized using results derived from
the test data set.

Results

Unsupervised Stratigraphic Classification of Shales.
Silhouette scores were used to analyze clustering
results of the K-means and agglomerative algo-
rithms for 2-30 clusters using the CLR-transformed
data (fig. 1). Both algorithms were unable to pro-
duce global maxima in the silhouette score using
raw data. It is possible to employ dimensional re-
duction techniques to trade some loss of infor-
mation for a massive increase in data density in
feature space by projecting the 11 chemical dimen-
sions into fewer transformed dimensions. It is also

Table 2. Algorithms and Their Hyperparameters Used in the Grid Search

Algorithm

Parameter grid

k-nearest-neighbors
Support vector machine

Number of neighbors = {1, 2, 4, 6}
C = {10, 50, 100, 150, 200, 250, 300, 350, 400, 450, 500, 750, 1000};

¢ = {.00001, .0001, .001, .01, .1, .5, 1.0}

Decision tree
Random forests

Maximum depth = {6, 4, 2, 1, 0}
Ensemble size = 1000; maximum depth = {7, 6, 5, 4, 3, 2, 1, unlimited};

maximum no. of features = {1, 2, 3, 4, 5, 6};
minimum no. of samples for a split = {2, 3, 4};
minimum no. of samples for a leaf = {1, 2, 3, 4, 5};
split criterion = {Gini impurity, entropy}

AdaBoost

Learning rate = 1; no. of classifiers = 100;

base classifier = decision tree with maximum depth = {6, 4, 2, 1, 0}

Logistic regression

Naive Bayes None

Neuronet (multilayer perceptron
classifier)

C=1{11,5,10

a = {.0001, .001, .01, .1, 1.0};
activation = {identity, logistic, tanh, reluj;

learning rate = {constant, inverse scaling, adaptive}

Gaussian process

RBF kernel multipliers = continuous range between .6 and 1.0;

kernel length scales = {.8, 1.0, 1.2};
method for predicting multiple classes = {one vs. rest, one vs. one}
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Figure 1. Silhouette score versus number of clusters. The results are averaged using the formation, group, and

supergroup features.

possible to increase cluster convexity through di-
mensional reduction; however, this is not guaran-
teed. In our case, we use PCA, which is a type of
dimensional reduction technique that defines an or-
thogonal coordinate system up to a specified num-
ber of components that best capture the variability
of the data; PCA is a common traditional choice to
process high-dimensional geochemical data (e.g.,
Grunsky et al. 2014; Gazley et al. 2015; Harris et al.
2015; Chen et al. 2018; Grunsky and de Caritat
2019). The number of principal components is de-
termined by balancing the density of data against
the explanatory power of the resulting compo-
nents. Clusters can become more convex through
PCA-based dimensional reduction (e.g., a quadratic
loss of vertices for cubic clusters with a linear re-
duction in the number of dimensions), because di-
mensional reduction generally reduces the geo-
metric complexity of the original data cloud. At
five components, the transformed data are capable
of producing global peaks in the silhouette score
sweep. These components yield a total explained
variance of 90%, 90%, and 89% at the formation,
group, and supergroup levels, respectively. A ca-
veat here is that for shales, the interpretation of
component loadings may be complicated by com-
plex chemical stoichiometry. However, this is not
a problem for our data-driven application, as we do
not require any manual interpretation. To measure
silhouette scores that are meaningful for the clus-
ters’ chemical separation, while the clustering is
performed on PCA-transformed features, the scor-
ingis performed on the original features. The results
of clustering on PCA-transformed features are quali-
tatively similar to those for non-PCA-transformed
features (fig. 2; compare with fig. 1). The optimal

choice, on average, appears to be either three or
four clusters, using either the K-means or the ag-
glomerative algorithm. At three clusters using the
K-means algorithm, the intercluster chemical sep-
aration is visibly substantial and highly multidi-
mensional (fig. 3). The generally lower silhouette
score of the agglomerative clustering results, com-
pared to the K-means clustering results, indicates
that agglomerative clustering is less able to create
effective classifications using our data. In the con-
text of shale classification, the choices of the num-
ber of clusters could be understood as different classes
of samples by chemostratigraphy in a manner sim-
ilar to, but not identical with, that of lithostrati-
graphic units.

It is interesting to understand the degree of con-
formity between a chemostratigraphic classifica-
tion and the geologically derived lithostratigraphic
classification (formations, groups, and supergroups).
To determine the level of conformity, the forma-
tion, group, and supergroup labels of the samples are
compared with the unsupervised classification la-
bels, using the adjusted Rand index or score. This
scoring scheme compares two categorizations of
a set of objects, such that if the objects are con-
sistently considered distinct by class by up to a per-
mutation of classes, then the score reaches its max-
imum of 1. Randomly classified objects produce
scores close to 0. Therefore, a perfect conformity
of the chemostratigraphy to the lithostratigraphy
classes should yield a score of 1 (up to a permuta-
tion of labels). Results for the adjusted Rand score
(figs. 4, 5) indicate that the best match between
the unsupervised clustering algorithms, regardless
of the algorithm or the use of PCA, occurs at the
formation and group levels. The lithogeochemical
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Figure 2. Silhouette score versus number of clusters. The first five principal components were used for the clus-
tering algorithm. The results are averaged using the formation, group, and supergroup features.

overlap at the supergroup level seems to be sub-
stantially greater than that at the group and for-
mation levels. Therefore, because the unsupervised
clustering attempts to divide samples chemically,
the level of conformity is low where the chemical
overlap is large. In general, clustering results at the
formation level exhibit the highest adjusted Rand
score, which indicates that chemical separation
at the formation level is usually the highest, and
if lithogeochemistry was the sole basis for stratigra-
phic classification of shales, then the classifica-
tion should occur at the formation level. The peaks
in the adjusted Rand score of both algorithms oc-
cur at eight or more clusters (figs. 4, 5), more than
the number of formations after data preprocess-
ing within the data set. Non-PCA-transformed
features seem to be better at generating clusters
that conform best to geological classifications, and
neither algorithm seems to be substantially better
than the other. However, since the score is not very
close to 1 at any number of clusters, the chemical
composition of the chemostratigraphic classes does
not fully conform to the chemical compositions
of the shales at any classification level. This is not
a surprise, because lithostratigraphic units of shales
are usually defined using many lines of evidence
that far exceed chemical properties.

Supervised Stratigraphic Classification of Shales.
For supervised machine-learning algorithms, there
are three sets of labels: formation, group, and su-
pergroup, and two sets of features: CLR-transformed
and raw data. Algorithm selection and hyperpara-
meter tuning produced model parameters that are
comparable across the three sets of labels for each
algorithm. However, the cross-validation accuracy
differs. The results for the group-level cross valida-

tion are summarized in figure 6. Prediction results
using the PCA-transformed features are system-
atically worse than those with original features (a
difference of about the order of 10%) for raw data,
and for the CLR-transformed features, the differ-
ence is usually less. Therefore, the remainder of the
results do not utilize the PCA-transformed features.

The most accurate algorithms are Gaussian pro-
cess and SVM, although the tree-based methods,
such as AdaBoost and random forest, as well as
the MLP algorithm (neuronet), are close (fig. 6). For
example, a trained SVM or Gaussian process clas-
sifier with optimized hyperparameters predicts
lithostratigraphic classes with excellent accuracy
(>80%-90%) at the formation, group, and super-
group levels (fig. 6). Using the same workflow, we
empirically evaluate the effect of the CLR trans-
formation on predictive modeling. For this com-
parison, two parallel workflows are created that
differed only in the use of CLR transformation—for
one workflow, the features are raw data, and the
other uses CLR-transformed data. The algorithm
selection cross-validation scores for the best al-
gorithm using raw data are identical to those for
the CLR-transformed data at the supergroup level.
However, there is a slight reduction of a few per-
cent for the scores using raw data compared to those
for the CLR-transformed data at the other geologi-
cal levels. The final testing scores of 50 random
train-test splits using the raw data are 0.89 (for-
mation level), 0.90 (group level), and 0.94 (super-
group level), whereas for the CLR-transformed data,
they are 0.83 (formation level), 0.90 (group level),
and 0.94 (supergroup level). The differences be-
tween the 50 individual runs are shown in figure 7.
Confusion matrices for 50 runs using raw data in the
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Figure 3. Scatter matrix of major-element chemistry of shale samples. Clusters are depicted as sample coloration.
The upper diagonal features kernel density estimates of the data points on a per-cluster basis to depict overlap between

the clusters. CLR = centered log ratio.

testing data set for each of the levels are shown in
figures 8, 9 and 10 (the matrices are qualitatively
similar for the CLR-transformed data). In general,
predictions at the supergroup level are the most
accurate, and the least accurate predictions occur
at the formation level. As chemical differentiation
appears to be largest at the formation level and
smallest at the supergroup level, the cause of the
variations in prediction accuracy at various levels
is not insufficient chemical separation. The con-
fusion matrices (figs. 8-10) at each level reveal

that the most accurate predictions correlate with
shale classifications that contain the highest num-
ber of samples (e.g., the Booysens and Roodepoort
Formations and the West Rand and Central Rand
Groups). An examination of prediction perfor-
mance as a function of the number of samples clearly
shows that, regardless of the level of shale classi-
fication or the algorithm used, the overall perfor-
mance is strongly dependent on the number of
available samples for a particular label in the data
set (fig. 11). This also explains the general loss of
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prediction accuracy at more granular levels of shale
classification, because the density of data dimin-
ishes as the number of classes increases (e.g., from
the group to the formation level). However, the re-
markable finding here is that shales, which are not
traditionally classified by chemical composition
alone and despite extensive chemical overlap at
the formation, group, and supergroup levels, are
highly predictable across all levels using only major-
element concentration data. There is some prediction
bias toward labels that contain the highest number of
data points, such as the Witwatersrand Supergroup
(fig. 10). Prediction bias is strongest at the super-
group level and weakest at the formation level (figs. 8-
10), as the number of data points per label generally
becomes less disparate with finer class divisions.

In the context of an aggregation of historical data
and the typical variability of geoscientific data, this
is unavoidable, as eliminating relatively sparser
labels or data points might be the best data science
practice but is not a suitable geoscientific practice,
especially for sample identification and mapping.
However, with larger databases, for example, pro-
duced through accumulation, this may no longer be
an issue.

Discussion

Chemostratigraphic Classification Schemes for Shale
Using Unsupervised Machine Learning. Clustering
results of chemical data for different shale units
indicate that there are more geological classes than

0.20
0.15
o
<]
(&3
w
- 0.10
&
14 4+
7+ + 4
o _ + I s T F-F-g
8 005 F/wa AT Attt gty
3 +- _..|4 = +-+
= Y "+\¢_+,,-|— Nl e
< {1 = ¥
0.00 -+ '.' —r— K-Means Formation -*r- Agglomerative Formation
i ! —&— K-Means Group *- Agglomerative Group
+_‘i + K-Means Supergroup -+~ Agglomerative Supergroup
-0.05

2 3 45 6 7 8 91011121314 1516 17 18 19 20 21 22 23 24 25 26 27 28 29
Number of Clusters

Figure 5. Adjusted Rand score of unsupervised clustering results of the five principal components of the features at
the formation, group, and supergroup levels. A color version of this figure is available online.
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Figure 6. Algorithm selection results at all levels, with centered log ratio-transformed data.

clusters (three or four, depending on the algorithm
used), which implies that the chemistry of differ-
ent types of shale exhibits a substantial amount
of overlap. Each cluster also exhibits intraclus-
ter variability. This immediately supports the idea
that shale samples are not spatially or temporally
homogeneous by chemistry at the observational
scale represented by the data. For smaller data sets,
it is reasonable to expect that the variability was
too great to be adequately captured by the sampling
methodology. However, for larger data sets, sys-
tematic differences are unlikely to be coincidental.
Consequently, the causal geological processes must
differ even within the same formation. Through
a comparison of the K-means and agglomerative
clustering results, it seems that K-means is better
than agglomerative clustering at generating classes
that are more chemically distinct. However, the
match of either algorithm with geological labels is
poor in general, and hence lithostratigraphic clas-
sifications do not conform well to data-driven che-
mostratigraphic classifications for shale in our data

set. The greatest conformity between a purely che-
mostratigraphic and the existing lithostratigraphic
classification schemes occurs at the level for which
the chemical variability is the greatest, which is
the formation level. The conformity decreases at the
group and supergroup levels, as the chemical unique-
ness at these levels diminishes. However, the separa-
tion of various clusters in chemical coordinates is
interesting, as the greatest extent of chemical sepa-
ration occurs only with a chemostratigraphic clas-
sification. Chemostratigraphic classification does
not consider other characteristics of shale that
would be considered in a lithostratigraphic classifi-
cation, and thus it is clear that major-element con-
centrations are not always a discriminating factor
between shale units at any geological classification
level; however, it is clearly useful. Finally, it may be
that some geologically derived class boundaries
between rocks are not justifiable chemically, given
the data in our database, although this would re-
quire additional hypothesis testing to verify. Hence,
semisupervised learning may be a practical approach
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to sample classification and prediction if a stricter
adherence to geological classification is desirable.
Although the lack of significant conformity between
the geological classification of shale and a purely
chemical classification scheme (using major-element
concentration data and unsupervised machine learn-
ing) may seem to suggest difficulties in the machine’s
ability to predict the geological classification of sam-
ples using only major-element concentration data,
this is not the case.

Stratigraphic Prediction Using Supervised Machine
Learning. Supervised machine-learning predic-
tions of the shale samples at the formation, group,
and supergroup levels were excellent despite sig-
nificant multidimensional chemical overlap be-
tween geological classes. The accuracy generally
declines with increasing granularity in the classi-
fication (e.g., from supergroups to groups) and is
indicative of increasing data sparsity with an in-
creasing number of labels. This implies that the
performance of the predictions, especially at more
granular levels of classification (e.g., formations)
would most probably improve with more data. A
visual comparison between the number of total
samples per classification level and the mean pre-
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diction accuracy demonstrates a clear divide in the
performance of the predictions at roughly 50 total
samples, regardless of the assessed level of geolog-
ical classification and the algorithm used (fig. 11).
The heavily nonlinear behavior of the relationship
between the number of training samples and the
accuracy is reminiscent of a soft threshold, where
a sharp increase in prediction accuracy occurs for
geological classifications that contain over roughly
50 samples (fig. 11).

At classification levels less granular than the
formation, aggregation of samples from various for-
mations into groups and supergroups would imply
that minimal additional samples are generally
needed at these levels to reach high levels of pre-
diction accuracy. The results at the group level are
particularly interesting, especially for well-sampled
units such as those of the Witwatersrand Super-
group, because there are almost an equal number
of samples available for the Central Rand and the
West Rand Groups, which constitute the bulk of
the samples in this study. Indeed, all the studied
shales, regardless of the supergroup, are easily sep-
arable using major-element data and are predicted
with high levels of accuracy. This is interesting sci-
entifically, as it indicates that the lithogeochemical
contrast of the studied shales supports existing
detrital zircon age spectra of the coarser-grained
rocks and field-based evidence (Bickle and Nisbet
1993; Kositcin and Krapez 2004; Koglin et al. 2010;
Toulkeridis et al. 2015). From the results obtained
in this study, we infer that any formation hypoth-
esis that can adequately model and predict the geo-
chemistry of the rocks could exhibit a strong overall
predictive quality and would likely be very useful
in unraveling the geological history of rocks. From
the success with the studied shales, we deduce that
the same machine-learning method can be used to
discriminate rocks from other cratons. In addition,
the ability to predictively discriminate between var-
ious geological units and assess the discrimination
performance as a function of the number of samples
provides a notion of the practicality of the degree of
chemical uniqueness of the units. In this case, it is
possible to relate the degree of chemical separation
between various units to their prediction perfor-
mance. Thisis a quantitative and formalized method
that is similar to the human’s ability to discriminate
between objects; where the characteristics are more
different, the discrimination is more likely to be
successful. Furthermore, it is clear that there exist a
sufficient number of high-dimensional patterns
within major-element (technically, major- and minor-
element) concentration data that can be used to predict
the geological classes of the shales.
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The addition of more dimensions of data, such as
trace-element concentrations and isotope ratios,
might appear to be useful at first glance; however,
this is generally strongly dependent on the density
of samples available. To achieve the same sample
density in feature space with each increasing di-
mension, the amount of data must be increased
exponentially. Thus, to achieve areasonable sample
density in feature space, data from multiple di-
mensions must be reduced into a smaller number of
dimensions through dimensional reduction and/or
feature selection techniques, with some loss of to-
tal information. In addition, for legacy geochemi-
cal data, issues such as data leveling and pervasive
missing data for less frequently analyzed elements
create serious challenges for data preprocessing.
Discipline-specific feature engineering, such as craft-
ing chemical discrimination criteria from multiple
elements (e.g., elemental or isotopic ratios), would
be highly useful in an environment that hybridizes
the hypothesis- and data-driven approaches to in-
sight generation. In this case, knowledge that is use-
ful to the discipline is leveraged to craft discipline-

specific features from the original data to provide
a correspondingly discipline-specific application
of classification and prediction, through either un-
supervised or supervised machine-learning ap-
proaches. This hybrid approach might be unavoid-
able at present for those willing to adopt machine
learning in geosciences, given that most of the
geochemical databases that were intended for hy-
pothesis testing are likely legacy and nonprimary
and that issues such as data abundance, compa-
rability, and quality create data-repurposing chal-
lenges. However, employing this approach reduces
the amount of interesting and particularly unex-
pected insights that might be present in the data, as
our knowledge of desirable discrimination criteria
also biases the insights that we can discover toward
the already known in the discipline. In any case,
incorporation of extra dimensions in the feature
space should be carefully balanced with potential
performance loss through either sample density
loss or dimensional reduction, and an actual feasi-
ble combination should be determined through
cross validation. The use of raw compositional data
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does not generally seem to affect algorithmic per-
formance for the range of algorithms explored. For
spatially aware algorithms that we have employed
in this study, this may be due to the use of nonlinear
decision boundaries in our algorithms, which seem
to handle spatial geometric distortions better than
linear decision boundaries. Indeed, several algo-
rithms that are known to exhibit issues using raw
compositional data are based on assumptions about
linear properties of the feature space (e.g., linear
transformations in PCA). However, the impact for
some algorithms may be negligible. From our
results, even for algorithms that are spatially aware
and require properties (e.g., a distance metric) that
are theoretically unsatisfied by the simplex geom-
etry of compositional data, it is important to in-
vestigate the impact of data transformations such
as log-ratio transforms using formalized perfor-
mance assessment tools.

The ability to differentiate between various shale
units with a high level of accuracy using solely
major-element chemistry is geologically surprising,
because shale is generally thought to be highly dif-
ferentiable not by its chemical composition but

rather by geological processes. The sedimentation
process is a memoryless mixing process, and there-
fore the final mixture at equilibrium is not diag-
nostic of the process itself. Our results do not nec-
essarily suggest that this thinking is wrong; instead,
the takeaway is more nuanced. For example, it is
highly probable that shale-forming geological pro-
cesses are not homogeneous across time and space
at every scale and/or that shales are generally dis-
equilibrium mixtures, resulting in chemical finger-
prints that can be used for shale correlation. With-
out knowing the scale of material and therefore the
chemical heterogeneity in Archean shale and as-
suming that shales are not chemically differentiable
in general (which is a strong assumption that has
to be tested), it is moot to generalize the expectation
of reliable predictions to all shales. Instead, the only
line of inquiry would be to examine actual data and
chemical variability of shales through more testing,
for example, a data-driven approach. In this sense,
machine learning could be merely highly useful,
and the scientific value of the derived predictive
models requires additional scrutiny. In theory, it is
implausible for geological classes such as shale
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units to have completely identical chemistry. The
data-driven perspective is to ensure that for greater
feature overlaps between various predicted labels,
more data are available, so as to be able to reach a
given level of prediction accuracy. Shale units pre-
dicted using chemistry are no different. It should be
possible to distinguish between geological classes
on the basis of chemistry using machine learning
and, if necessary, to adopt additional lines of evi-
dence as necessary or available with some caveats
(see below). Therefore, the cost to utilize super-
vised machine learning to identify shale samples
is rather minimal, because major-element concen-
trations are apparently sufficient to differentiate
shale samples such as ours to a high degree of ac-
curacy and the minimum number of samples per
classification could be as low as 50. Nevertheless,
data-driven approaches can lead to highly repro-
ducible results, as they can use a large amount of
data, and the addition of data generally improves
the machine’s ability to predict (and therefore cor-
relate) stratigraphy.

Considerations for Data-Driven Classification and
Prediction of Shale. Classification of rocks in tra-
ditional geology is becoming increasingly complex
and can involve lines of evidence that range from
mineralogy to texture, lithogeochemistry, isotopic
composition, field relations, geophysical proper-
ties, and so on. Therefore, chemostratigraphic clas-
sification of shale is unlikely to be fully congruent
with any current geological classification. There
are two main methods to leverage machine learning
for classification of rocks. The first is an unsuper-
vised approach similar to the approach we used,
which seeks to partition the geochemical compo-
sition of the rock samples into a number of clus-
ters such that the intracluster variance is maxi-
mized. In this scheme, chemical overlap between
various classes is minimized. However, as litho-
stratigraphic classification of shale units exhibits a
great extent of chemical overlap, this approach in-
deed did not produce classes that are highly con-
gruent with the sample’s geological classes at any
assessed level (formation, group, and supergroup).
Nevertheless, given that geological classifications
are increasingly based on higher-dimensional data
and that the reasoning process strives to retain
logical consistency, it is reasonable to expect that
unsupervised machine learning will be increasingly
applied to samples by using data that contain
roughly the same types of evidence used for geo-
logical classifications, given sufficient data den-
sity. Alternatively, it is also possible to use this
technique to detect previously unknown geological
classifications or conclusively reject outdated and
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unwarranted classifications using large amounts of
data. The limitation to this technique is mainly the
availability of data, as increasing dimensionality
(e.g., the addition of other lines of geoscientific data)
necessitates an exponential increase in the amount
of data required to conserve sample density in fea-
ture space. This is clearly unfeasible at present, and
instead, the most likely approach would be dimen-
sional reduction of the feature space (e.g., regular or
kernel PCA, or elemental ratios), which requires
additional application-specific considerations and
performance analysis. The second method attempts
to predict geological classes of rock samples using
supervised learning. As we have demonstrated in
this study, even in the case of shale classification,
which is typically a complex multidimensional task
and involves criteria beyond chemical composition,
supervised machine-learning algorithms can accu-
rately predict sample classification at a variety of
levels using solely major-element concentration
data. This is a surprisingly useful and practical re-
sult. Lower costs of chemical analyses also have a
significant potential effect to allow disaggregated
data to break through silos, and standardizing the
type of data collected (e.g., major elements) ensures
data comparability and therefore promotes reuse.
This is supportive of general trends in the society
toward open data, open science, open information,
and citizen science. In this regard, the explanatory
power and cost of individual data points are re-
duced in exchange for more abundant and com-
parable data, combined with more automated data
processing and predictive modeling through ma-
chine learning. The intent is to reduce the high cost
associated with geoscientific data, and therefore
the threshold for entry into scientific inquiry, while
simultaneously leveraging modern data-driven tech-
niques to increase or preserve accuracy for current
uses. This would permit the collection of larger
amounts of data and, through the use of proper
databases and data sharing, improve the readiness
of the discipline to adopt digitization techniques,
such as artificial intelligence, machine learning,
automation, and modern data analytics.
Implication for Stratigraphic Classification and Ex-
ploration for Economic Potential. Our study has a
direct implication for stratigraphic correlation in
shale-rich basins, both with and without economic
potential. Historically, the use of field observations,
petrography, age dating, and long-distance strati-
graphic correlations using geophysical methods
(e.g., three-dimensional reflection seismics), litho-
markers, and biomarkers was a major paradigm for
the classification of rock units and sequences. This
approach appears to work well in many areas and
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regions but has also led to misclassification and
incorrect correlation of certain sequences (Wagener
1972; SACS 1980, 2006). In certain instances, poor
stratigraphic correlation has often led to missed
economic mineralization potential, for example,
the Flatreef PGE deposit in the Bushveld Igneous
Complex (South Africa; Grobler et al. 2019). In the
Witwatersrand Supergroup, where shale horizons
dominate the lower stratigraphy, several schools
of thought were developed for both stratigraphic
correlation of the rocks and basin-type classifica-
tion. For example, even though the Witwatersrand
Supergroup has long been subdivided into the more
shale-dominated shallow marine to distal fluvio-
deltaic West Rand Group and the coarser-grained,
mainly fluvial to fluviodeltaic Central Rand Group
(Frimmel 2014), for many years a debate on whether
the entire Witwatersrand Supergroup represents a
foreland basin or a combination of a passive basin
(i.e., West Rand Group) and a foreland basin (i.e.,
Central Rand Group) or different types of basins
prevailed (Burke et al. 1986; Stanistreet and Mec-
Carthy 1991). This also led to the development of
basin analysis models that regard the Witwaters-
rand Supergroup as a representative of either one
slowly evolving basin (Burke et al. 1986; Catuneanu
2001) or an erosional remnant of stacked sediments
deposited in a variety of tectonic settings (“succes-
sor basin”; Frimmel and Minter 2002). Additional
evidence on the architectural setting of the Wit-
watersrand Supergroup were provided by Kositcin
and Krapez (2004), who observed the complexity of
zircon provenance age spectra and noticed tectonic
differences between the lower Witwatersrand Su-
pergroup (i.e., the West Rand Group) and the upper
Witwatersrand Supergroup (i.e., the Central Rand
Group). A follow-up study by Koglin et al. (2010) and
a review by Frimmel (2019) supported the differ-
ences between the Central Rand and West Rand
Groups, which led to the conclusion that the Wit-
watersrand Supergroup is best explained by a fore-
land basin (i.e., the Central Rand Group) super-
imposed on older passive-margin deposits (i.e., the
West Rand Group). Given that the shales of the
Witwatersrand formed under varying surface pro-
cesses, as evident from the chemical variations
(Nwaila and Frimmel 2019; fig. 3) and physical
properties (e.g., laminated shale are interpreted to
represent tidalites, while magnetic shales represent
distal marine deposits), it is important to ensure
that they are assigned into correct stratigraphic
classes for any usage. Our results indicate that the
sediment compositions of the Central Rand and
West Rand Groups are clearly sufficiently distinct
as to allow for their discrimination at a very high

accuracy (>94%) with only a few hundred samples.
Any formation hypothesis that can explain, model,
and predict this difference in sediment compo-
sition in detail would be well supported by our re-
sults. Using machine-learning algorithms, our study
shows that major-element concentration data are
very useful to aid lithostratigraphic classification
and correlation and hypothesis testing.

Although some formations within groups are
still poorly defined (e.g., the Parktown and Brix-
ton Formations in the West Rand Group), multi-
dimensional predictive modeling is easily able to
differentiate between them and therefore clearly
indicates that the sediment compositions of such
geological units are, and in general could be, highly
distinct. This corroborates field-based and U-Pb
dating of detrital zircon evidence from the studied
supergroups in both the Kaapvaal and Zimbabwe
Cratons. This ability of the machine to examine
high-dimensional data is suitable to extract mi-
nute and multidimensional insights and/or highly
complex differences that are unnoticeable or easily
missed by humans using traditional approaches.
Therefore, the ability to perform hypothesis testing
absolutely should not rest on traditional approaches
alone but should incorporate data-driven approaches.
Interpretations that are derived from traditional
approaches and/or using smaller data sets should
be closely scrutinized using larger data sets, and the
reproducibility of scientific findings should always
be tested in a data-driven manner. If the data do
not fit any particular hypothesis, however grandi-
ose or elegant it may be, then the hypothesis should
be openly reconsidered.

Challenges to the adoption of modern data ana-
lytics and predictive analytics such as machine
learning are discipline specific. Within the geo-
sciences, the availability of data is heavily con-
strained by the high cost of data. Other issues, such
as nonopen data and a lack of data management
capabilities at the researcher and institution levels,
leave valuable data in isolated silos that are not
conducive to modern usages of data. However, the
specifics of this reality are geoscience specific and
are not easily remediated, as the production chain
of data in geosciences is multistaged, with lots of
feedbacks, and ultimately is difficult to reform, but
it could be refined iteratively. Certain types of geo-
scientific data, such as chemistry, have the poten-
tial to become the “omics” of the geosciences, by
simultaneously leveraging enormous data volumes,
machine learning for automated data processing
and insight extraction, and globally standardized
and openly accessible databases. At present, hy-
pothesis testing is still the dominant mode of data
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production in geosciences, and data-driven science
is comparatively much rarer to nonexistent. How-
ever, there are increasing signs that sufficient quan-
tity and quality of data, where they exist, have
been leveraged to demonstrate the value of data-
driven approaches in geosciences (e.g., Nwaila et al.
2020; Zhang et al. 2021).

Conclusion

At the exploration stage for basin analysis and
new mining projects, stratigraphic classification of
rock units usually makes use of long-range strati-
graphic correlation between new sites and sites that
are well explored. Correct discrimination of Ar-
chean shales is often crucial for provenance evalu-
ation, paleoenvironmental reconstructions, basin
analysis, and exploration for economic potential.
The main idea proposed in this study is the ap-
plication of machine-learning algorithms to aggre-
gated data for the classification of Archean shales.
Machine-learning algorithms applied to major-
element chemical data proved to be highly appro-
priate for the discrimination and prediction of
Archean shales. Although shales physically appear
to have uniform composition, their chemistry is
highly variable. Such complex and multidimen-
sional relationships are naturally ideal for machine-
learning and data-driven approaches. The accuracy
of machine learning-based predictions of shale clas-
sification depends strongly on the number of sam-
ples and is not troubled by geological complexity
or chemical variability. When our data-driven ap-
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proach is contrasted with traditional geochemical
discrimination plots, it becomes evident that our
approach is accurate. Our approach considers mul-
tiple major-element concentration data that are
routinely analyzed for shale characterization and
does not require expensive or highly specialized
analyses. In the case of the Witwatersrand Super-
group, a comparison between the results of the West
Rand and Central Rand Groups strongly supports
the notion that they were deposited in different
basin settings. The results illustrate that data and
machine-learning algorithms are able to provide
accurate predictions of stratigraphic classifications
and robust fingerprinting of rocks that are conven-
tionally difficult to discriminate. In addition, the
benefit of data and data-driven approaches are nu-
merous in primarily hypothesis-driven scientific
disciplines, such as increasing objectivity and re-
producibility, lowering the cost of data and the
threshold of entry to conducting scientific research,
and building constructive debates that are anchored
in abundant data and objective analytics.
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