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ABSTRACT

Geochemical surveys are a cornerstone for data generation in geosciences, facilitating resource exploration.
Geochemical data is essential for identifying mineralized areas, understanding local geology and assessing
environmental impacts. This paper aims to: (1) review the process of geochemical data generation to gain an
appreciation of the characteristics of traditional geochemical data; (2) review recent developments in the usage
of geochemical data, particularly the disruption brought forth by those in data science and artificial intelligence;
and (3) envision a future specification of geochemical data that would be fit-for-purpose for modern and
emerging data users. This review reveals that benefits brought by advancements in automation, analytical
technique and computing capability have unlocked unprecedented insights from geochemical data. However, the
sustainability of re-purposing small geochemical data for big data methods is intrinsically questionable. The
mismatch stems from rapidly changing data requirements in geochemistry, which is brought forth by: (1) a pivot
away from scientific reduction through the adoption of system-level methods; (2) developments in geo-
metallurgy; (3) skill gaps in geoscientific education; and (4) a growing demand of raw materials. While tradi-
tional methods will likely continue to serve many scientific needs, new strategies and techniques must be
developed and implemented to cost effectively and efficiently generate bigger geochemical data. Bigger
geochemical data must emerge in response to the already changing landscape of geochemical data usage. So-
lutions are multidimensional, from evolving geoscientific education, leveraging modern technology, explicating
and differentiating data user and generator roles and responsibilities, to modernizing data management.

1. Introduction

conducted using a variety of media and at regional (or reconnaissance)
to deposit scales, depending on the purpose (Demetrides et al., 2018;

Geochemical surveys are a dominant mechanism of geochemical
data generation. Surveys provide the essential linkage that connects the
physical world with data users. Its specific purpose in exploration
geochemistry is to provide data that could potentially lead to the dis-
covery of mineral deposits (Haldar, 2018). Aside from locating miner-
alization, geochemical data can be used to establish geochemical
baselines, resolve bedrock geology, support method development,
conduct environmental assessments, among others (Garrett, 1983;
Govett, 1983; Demetrides et al., 2018; Hosseini-Dinani et al., 2018). In
the broadest terms, geochemical surveys are a systematic and
multi-stage process that encompasses: (1) data generation (survey
design, sample collection and preparation, element determination); (2)
data management (quality assurance and quality control [QA/QCI),
data processing and curation; and (3) data usage (modelling and anal-
ysis, and outcome verification). Geochemical surveys have been
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Hosseini-Dinani et al., 2018). Geochemical data, like all geoscientific
data (geodata), continues to grow in abundance and complexity
(including synthetic data), aided by an increased capability across the
data pipeline (Johnson et al., 2013; Talapatra, 2020; Ma, 2023). For
example, improvements in transport and infrastructure have facilitated
the mapping and surveying of increasingly remote areas. Simulta-
neously, improvements in analytical instrument capability have created
more voluminous and higher-dimensional data.

Automation, data science, artificial intelligence (AI) and computa-
tional methods continue to revolutionize our ability to derive insights
from geochemical data (e.g., Zuo, 2020; Lawley et al., 2021; Zuo et al.,
2019, 2022; Zhang et al., 2023c; Bourdeau et al., 2023; Zuo and Xu,
2023). It is critical to appreciate that unlike developments in transport
technology, Al and computing hardware are exponential technologies,
meaning that their growth rate is proportional to their present state
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(Grossi et al., 2021). Exponential growth is fundamentally disruptive,
because its impact is not humanly or linearly predictable in the long
term. There is already an exponential increase in the number of publi-
cations in AI, which has a doubling time of 23 months and shows no sign
of slowing (Krenn et al., 2023). A similar trend in the number of pub-
lications using Al (and related methods, such as statistical learning,
hereon broadly referred to as AI) is also applicable in geosciences
(Dramsch, 2020) and is also noticed in exploration geochemistry
(Fig. 1). Disruption in geochemical data usage is witnessed by geo-
scientists adopting data science frameworks, transcribing in-discipline
activities (e.g., geochemical targeting) into Al tasks (anomaly detec-
tion) (Zuo and Xiong, 2018; He et al., 2022; Zhang et al., 2022b, 2023c)
and the rise of geodata science pedagogy, formalizing previously ad-hoc
techniques (Ma, 2023; Wang et al., 2023). This is unsurprising, because
data science is intentionally transdisciplinary (designed for other disci-
plines) and specializes in inferential modelling, by abstracting the
concept of data and standardizing the process to model data using a
framework (e.g., a workflow; Hazzan and Mike, 2023). Therefore,
applicative data science guides applications of Al and is
methodology-centric (whereas computer science guides development of
Al algorithms and hardware). Adaptations of data science to exploration
has already resulted in a geodata science framework (which is applicable
to all geodata types beyond geochemical) that adds geospatial analysis
to a data science framework (e.g., Zuo, 2020; Zhang et al., 2024b;
Yousefi and Carranza, 2015a, b). The disruption to data generation is
significant but less obvious given that Al demands specific data char-
acteristics, primarily volume (abundance), quality (e.g., machine read-
able) and velocity (e.g., fast enough to refine or validate models during
deployment). Such characteristics are very different than those provided
by traditional geochemical data, which is difficult to address because of
the growing expertise gap between data generators and users.

Most historic improvements to geochemical survey methodology
were centered around scientific reduction (Kleinhans et al., 2005). The
impact has been an increasingly more granular data in its depiction of
reality, becoming more accurate and precise (among other properties;
Cohen et al., 2010), such that physical reality is more reduced to its
components (van Riel and Van Gulick, 2024). Reductive data is designed
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Fig. 1. Percentage of Al-related articles published in the topic of exploration
geochemistry from 2012 to 2024. A total of six journals (Applied Geochemistry,
Journal of Geochemical Exploration, Ore Geology Reviews, Natural Resources
Research, Geochemistry: Exploration, Environment, Analysis and Computers
and Geosciences) were investigated. Yearly volumes were randomly sampled,
and articles (i.e., original research, review) featuring Al methods (including
statistical learning but excluding solely traditional statistics) were counted.
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to meet the needs of hypothesis-driven science, which is a key domain
aside from data-driven science. More reductive data lends to higher
discriminatory power per sample, which means that hypotheses or
models are more easily tested or differentiable. Adherence to reduc-
tionism kept geochemical survey practices resource- and time-intensive,
making geochemical data costly (e.g., Demetrides et al., 2018). It may
already be the case that the most voluminous uses of geochemical data
are no longer hypothesis-driven, but rather data-driven, since data sci-
ence methods are increasingly used in publications (He et al., 2022; Ma,
2023; Fig. 1). It must be recognized that data-driven science is philo-
sophically  complementary but diametrically opposite of
hypothesis-driven science. The fundamental goal of data-driven science
is to create inferential (rather than causal) models of reality. It requires
different data characteristics. Notions of quality are no longer focused
on per-sample characteristics, but rather on the system aspects of data.
The disruption on characteristics of geochemical data is a result of a
change in the purpose of geochemical data, which is increasingly to suit
the use of big data-modelling techniques that are exemplified by Al This
is a sweeping disruption to many scientific domains that is only recently
and slowly receiving due attention (e.g., Karpatne et al., 2018; Keane
and Wilson, 2018; Bergen et al., 2019; He et al., 2022; Ma, 2023).

Frameworks govern the use of big-data modelling methods (e.g.,
Cross Industry Standard Process for Data Mining [CRISP-DM]; Wirth and
Hipp, 2000; Chapman et al., 2000), because Blackbox algorithms are
unexplainable and unvalidated models are worthless (e.g., Hastie et al.,
2017; Hazzan and Mike, 2023; Xu et al., 2019; Hawkins et al., 2023).
Hence, data science emphasizes validation, which must occur in the
form of additional data. In realms with sustained data science applica-
tion, the tendency is to rely on big data, particularly voluminous data for
initial modelling and sufficient velocity for deployment and validation
(Chen and Lin, 2014; Zhang and Han, 2021). Therefore, it is unsus-
tainable to deploy big data methods on traditional geochemical data,
which can be voluminous, but is costly and of low velocity. Thus,
transdisciplinary methods and traditional geochemical survey re-
quirements are a major source of data specification discrepancy.
Currently, the use of Al on geochemical data constitutes a transient or
periodic phenomenon due to an abundance of accumulated data (see He
et al., 2022 and references therein). Streams of geochemical data, e.g.,
‘big geochemical data’, are generally unheard of (Zhang et al., 2023b,
2023c). High data velocity is conceptually foreign to exploration
geochemistry because geochemical data generation, such as sampling
and analysis, in their current state, are only linearly scalable.

If data-driven science continues to flourish, then traditional explo-
ration geochemistry is faced with an evolutionary barrier. There has
been no requirement analysis of geochemical data, its management,
usage and education in light of rapidly evolving data usage patterns and
societal demands (e.g., green energy transition). A re-examination of
survey-scale geochemical data generation serves to ensure that future
data is specified for modern activities. To accomplish this task, we
provide a summary review of the progress of geochemical data gener-
ation in surveys, mainly at the regional scale for reconnaissance. Spe-
cifically, we examine the role that exploration geochemistry has had
over the years and provide a vision of how it could progress into the
future. We first provide a historical overview (historical — 1990s), de-
tailing survey design, limitations and challenges. We then review
modern advancements (1990s-2020s), present current practices, and
discuss pertinent and outstanding issues. Lastly, we present a vision for
the future (2020s - beyond), including practices that will remain rele-
vant and those that will experience changes. To ensure continuity across
the data pipeline, practicality and relevance for the academies and in-
dustry, we provide a brief analysis of data management, education and
downstream requirements, although the focus remains on data genera-
tion. We expect that the review and discussion are applicable to all
spatial scales of exploration. In essence, we hope to drive and facilitate
collaborations between geoscientists, engineers, data scientists and
statisticians (among others), such that the field of geochemical
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exploration can continue to evolve.
2. Past (historical - 1990s)

2.1. Historical overview

The first geochemical ‘surveys’ (sensu lato) were undertaken by
prospectors panning for heavy minerals centuries ago (Fig. 2). In the late
1800s to early 1900s, the first method used to chemically identify
minerals (qualitatively) retained in the prospecting pan is thought to
have been a carbon block and blowpipe (Prider, 1981; Fisher, 1988).
The first documented exploration geochemical surveys considered as
true geochemical surveys on a basis of their systematic sampling pro-
cedures, were developed in the Soviet Union in the 1920s and 1930s
(Fig. 2; Garrett et al., 2008). A total of 17 field projects were documented
with the intention to prospect for bedrock tin deposits, aided by the
development of new chemical determination methods (especially opti-
cal spectroscopy; Flerov, 1935; Sergeyev, 1941; Garrett et al., 2008).
Thereafter, geochemical surveys quickly spread to Europe, North
America, and Africa (e.g., Hawkes, 1954; James, 1957). Notably, from
1961 to 1975, the first continental-scale geochemical mapping project
was conducted by the U.S. Geological Survey (USGS) by Hansford T.
Shacklette and colleagues (Fig. 2; Shacklette et al., 1971; Boerngen and
Shacklette, 1981; Shacklette and Boerngen, 1984; Gustavsson et al.,
2001). This began the era of modern regional-to continental-scale
geochemical surveys. By the late 1970s-1980s, many countries such as
Canada (Friske and Hornbrook, 1991), United Kingdom (McGrath and
Loveland, 1992), Finland (Flo et al., 1992), and China (Xie and Ren,
1993), among others, subsequently followed suit with their own
regional-to country-wide geochemical surveys.

Early geochemical surveys generally had a high sample density
(multiple samples per km?) with only one media, preferentially stream
sediments (Smith et al., 2013; Garrett et al., 2008; Hosseini-Dinani et al.,
2018). Subsequently, other types of media were added (mainly soil, lake
sediment, vegetation, and rock), and by the 1970s-1980s, sampling
density varied greatly, ranging from 1 per 1 km? for exploration projects
to 1 per 10,000 km? for international-scale mapping projects (Reimann
et al., 2001; Garrett et al., 2008; Smith et al., 2013). Results from early
geochemical surveys demonstrated that stream and lake sediment
samples are overall representatives of the entire basin catchment area,
whereas soil and rock samples are representative of the immediate area
(Webb et al., 1964; Coker and Nichol, 1975).
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Fig. 2. Overview of major changes in exploration geochemistry with respect to
data abundance. Figure inspired by a lecture presented by Dr. John F.H.
Thompson (Cornell University; PetraScience Consultants).
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2.2. Laying the foundations for the design of geochemical exploration
surveys

Design constraints on geochemical surveys are more onerous at
larger scales because, the cost per increment in sampling resolution is
quadratic for two-dimensional surveys. Geochemical surveys must
optimize perceived benefits against costs, which are mainly economic,
but can also include non-economic considerations, such as incursions
into protected areas. The benefits depend on the goal of the survey, and
in the case of mineral reconnaissance missions, they are mainly the
discovery of deposits. Surveyors therefore optimize survey design under
two constraints that vary by sample media: (1) maximizing sampling
density to match the survey budget; and (2) maximize the probability to
capture foreseeable geochemical anomalies (of a characteristic size).
Since the inception of true exploration geochemical surveys
(1920s-1930s), numerous prospectors, exploration managers, agencies,
and companies sought to optimize surveys, however, little quantitative
work was done on the subject until the 1970s-1980s (e.g., Garrett, 1983;
De Geoffroy and Wignall, 1985). The earliest quantitative survey designs
employed probability and statistics.

Knowledge is built iteratively. The complete absence of any a-priori
knowledge of an area and mineral deposit(s) implies that it would be
impossible to optimize any survey. Consequently, the notion of green-
field to brownfield is a continuum. To engineer an ideal sampling den-
sity, it is important to have some pre-existing knowledge of the
occurrence being sought (e.g., size and shape of occurrence, size and
shape of alteration halo, dispersion mechanisms, drainage characteris-
tics, geological environment, topographical relief, mineralization type,
climate, etc.; Hosseini-Dinani et al., 2018 and references therein). Such
knowledge is usually collected during a reconnaissance survey, whose
purpose is to assess an area in anticipation of further surveys (Govett,
1983; Demetrides et al., 2018; Talapatra, 2020). It is important to
consider the survey scale (e.g., to find a mineralized vein versus
geochemical anomalies at a regional scale). Thus, both occurrence size
and survey scale are important in survey design (Garrett, 1983; Hos-
seini-Dinani et al., 2018).

Using data collected during the reconnaissance survey, the average
distance from the target (orebody) to where the geochemical signal is
lost (background) can be quantified (Fig. 3; Cohen et al., 2010). In
essence, the boundary of the expected geochemical halo and/or
dispersion pattern can be taken to represent the limit of the local
geochemical background (Fig. 3a; Garrett, 1983; Reimann and Garrett,
2005). Of course, the determination of this threshold is objectively
difficult, as it is spatially variable depending on the type of orebody (e.
g., vein, disseminated, lode deposits), bedrock geology, climate
(weathering), physical environment, past environmental events (e.g.,
glaciation), among others (Fig. 3b; Hosseini-Dinani et al., 2018; Tala-
patra, 2020). A baseline method to determine this threshold is to sample
an area lacking mineral deposits (background) and an area with known
mineral deposits (anomaly). For baselining, areas with similar bedrock
geology are preferable to minimize geochemical variance. However,
samples from different areas will inevitably exhibit differences (e.g.,
contrasting geochemical variance) as samples typically capture different
lithologies (e.g., bedrock geology; Matheron, 1963; Miesch, 1975). To
minimize such issues, samples collected should be maximally related (e.
g., a single stream segment), thus improving sample stationarity. How-
ever, such a solution is rarely available and samples must be collected
from several populations. To mitigate this issue, several auto-correlation
techniques were initially developed by Dijkstra and Kubik (1975) and
Howarth and Martin (1979). Ultimately, the quantification of the
threshold relies on the determination of the spatial semi- and
co-variance (Garrett, 1983), which can be determined following the
calculation of the mean and variance:
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Concentration of a chemical in samples obtained from the traverse in (a) progressing away from the mineral deposit and into the regional background. (c) Semi-
variogram plot of the semi-variance (y(h); Equation (3)) versus distance. Sample locations separated by distances closer than the range are correlated (mineral
deposit and alteration halo), whereas sample locations above the range are uncorrelated (background). (d) Covariogram plot of the covariance (C(h)) versus distance.
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Where z; is a regionalized variable (a spatial measurement), N is the
number of samples, h is the lag distance per interval, u, is a location
vector, N(h) is number of pairs of points separated by the lag distance h,
and z(u,) and z(u, +h) are values of a variable z at locations u, and (u, +
h), respectively.

A semi-variogram is constructed by computing the variance of the
differences between pairs of samples as a function of their separation
distance or lag (Equation (3)). This is done by first calculating the semi-
variance, which is half the average squared difference between all pairs
of points separated by a certain distance. The semi-variance is then
plotted against the lag distance to create a graph called a semi-
variogram, which shows how the degree of spatial dependence of the
variable varies with distance (Fig. 3c). An inverse of the semi-variogram
in a form of C(h) = 6> — y(h), can be used to plot the co-variogram
(Fig. 3d). The covariance is related to the semi-variance and measures
the degree of correlation between pairs of sample points as a function of
their separation distance or lag. It is calculated by computing the
covariance of the variable at all pairs of sample points separated by a
certain distance or lag (Equation (4)). Spatial continuity significantly
impacts sampling interval and subsequent modelling of regionalized
variables. Directional semi-variograms and semi-covariograms help to
determine spatial anisotropy, which may guide sampling design. These
two methods illustrated in Fig. 3c and d enable quantification of optimal
sample closeness, by assessing the spatial correlation between samples
and unknown locations, and the approximation of redundancy, which is

proxied by spatial correlation between samples. Specifically, Fig. 3c
shows that after about 600 m, the semi-variogram attains and maintains
a high value, known as the sill. From the sill, the range is determined and
here corresponds to 580 m. At the deposit scale, this value is a measure
of the size of the target (mineral deposit and alteration halo; Fig. 3a).
Therefore, applying the Nyquist-Shannon sampling theorem, the sam-
pling interval will be set at a maximum of !, (Whittaker, 1915) to a
discipline-specific heuristic minimum of 1/3 (Garrett, 1983) of the
estimated target size, to best detect possible anomalies (ore bodies) at
the chosen scale. Other, more modern approaches are summarised in
Hosseini-Dinani et al. (2018). Both the semi-variogram and
co-variogram can be used to help determine the optimum sample
spacing or interval for spatial estimation using methods such as kriging
by examining the shape of the graph (Fig. 3c and d). The stability of the
sill would suggest that there is little spatial dependence at larger sample
spacings. If the sill is not stable or is cyclical, there is variable spatial
dependence at greater distances.

Unfortunately, even to date, there is no consensus on how to spatially
design a survey to best capture geochemical anomalies. This is because
targets of reconnaissance surveys are unknown unknowns (e.g., mineral
deposits), created by complex systems, which exhibit fractal dynamics,
nonlinear distance to spatial proxies and a spatial and size distribution
exhibiting power law behaviour (Zuo, 2016; Hobbs et al., 2022).
Consequently, completely unknown mineral deposits are likely black
swan events (Gelman, 2007). Instead, targeting criterion is usually
formulated as knowledge-guided heuristics that attempt to locate
proxies of known unknowns. Reconnaissance surveys in greenfield set-
tings are generally more knowledge- or heuristics-driven rather than
data-driven, based on operator expertise and past experience. Another
key difference at the reconnaissance stage relative to the finer scales of
geochemical surveys is that the metal accounting frameworks (including
legal practices, e.g., SAMREC code and NI 43-101 standards of disclo-
sure; SAMREC, 2016; OSC, 2011, respectively) do not apply. Hence,
there is more variability in geochemical survey design, and because
there are usually more parameters in a survey design than availability of
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knowledge to constrain them (surveys problems are generally under-
determined), some choices must be subjective or experiential. None-
theless, survey designs can be iteratively refined using successive
reconnaissance surveys to better monitor sampling and analytical vari-
ability. At the dawn of modern geochemical surveys, the systematic grid
sampling pattern was canon (Garrett, 1983, Fig. 4a). However, this
pattern faces a number of limitations (e.g., scale, topography, climate)
and is therefore restricted to more accessible media types, such as soil,
rocks and till (where possible). A large number of studies have demon-
strated that stream and lake sediment samples are also useful (Hale and
Plant, 1994; Hosseini-Dinani et al., 2018 and references therein).
However, streams and lakes are not uniformly distributed and are rare in
some parts of the world. As a result, the stratified random sample design
was developed (Fig. 4b), but does not allow for monitoring of sample
variance. Another survey design is the balanced nested hierarchical
(Fig. 4c), which is preferred to analyze the variance between samples
(for the purpose of testing the robustness of results), but requires many
samples (Miesch, 1976; Garrett, 1983). Thus, to minimize the number of
samples and preserve the ability to analyze sample variance, the un-
balanced nested sampling design (Fig. 4d) was developed as a compro-
mise (Tidball and Severson, 1976; Garrett and Goss, 1980).

2.3. Limitations and challenges faced by legacy geochemical exploration
surveys

Early exploration geochemical surveys could only determine a
limited number of elements (up to 20 elements for Canadian surveys
conducted in the 1960s-1970s; Garrett et al., 2008; Shacklette et al.,
1971; Smith et al., 2013). The most complete example documented is
from the first continental-scale geochemical mapping project conducted

Applied Geochemistry 172 (2024) 106124

by the USGS (1961-1975; Smith et al., 2013), which reported analytical
concentrations for 50 elements (Ag, Al, As, B, Ba, Be, Bi, Br, C, Ca, Cd,
Ce, Co, Cr, Cu, F, Fe, Ga, Ge, Hg, L, K, La, Li, Mg, Mn, Mo, Na, Nb, Nd, Ni,
P, Pb, Pr, Rb, S, Sb, Sc, Se, Si, Sn, Sr, Ti, Th, U, V, Y, Yb, Zn and Zr) that
were analyzed using a variety of analytical methods. However, 30 of
these elements (Ag, Al, B, Ba, Be, Bi, Cd, Ce, Co, Cr, Cu, Fe, Ga, La, Mg,
Mn, Mo, Na, Nb, Nd, Ni, Pb, Pr, Sc, Sr, Ti, V, Y, Yb and Zr) were
semi-quantitatively determined, and cannot be used in rigorous data
analysis (Myers et al., 1961; Grimes and Marranzino, 1968; Neiman,
1976; Smith et al., 2013).

Early analytical methods (circa 1960s-1980s) included: X-ray fluo-
rescence (XRF); optical spectroscopy; flame photometry; colorimetry;
delayed neutron activation analysis; instrumental neutron activation
analysis (INAA); atomic absorption spectrometry (AAS); specific-ion
electrode; EDTA titration; and combustion, among others (Shacklette
et al., 1971; Friske and Hornbrook, 1991; Garrett et al., 2008; Smith
et al., 2013). Early regional-to national-scale geochemical surveys
(1960s-1970s) are often criticized for a lack of standardized sampling
and analytical protocols, casting doubt over the obtained results. Thus,
numerous government-funded regional-to national-scale geochemical
surveys designed and implemented standardized sampling, analytical
techniques and QA/QC programs (e.g., Friske and Hornbrook, 1991 for
stream and lake sediment sampling under the National Geochemical
Reconnaissance programme at the Geological Survey of Canada).
Furthermore, detection limits for many of the analytical methods
aforementioned were high (considerably above crustal abundance for
some elements), further limiting the achievable quality of geochemical
data. Nonetheless, these early geochemical surveys (1960s-1970s) pio-
neered our understanding of the Earth and its physical processes, as well
as how to generate and analyze data for mineral discovery.

a bl e .
C oo oo o [ d°. .

Fig. 4. Examples of survey designs. (a) Systematic grid sampling, preferentially used in early geochemical surveys. (b) Stratified random sampling, which allows for
sampling of material which is not uniformly available (e.g., stream, lake, till). (c) Stratified random sampling, used to monitor variance between samples. (d)
Unbalanced nested sampling, preserves the ability to monitor for sampling variance, while reducing the number of samples to be analyzed.
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3. Present (1990s-2020s)
3.1. Modern advancements

The 1990s were denoted by stagnant to depressed commodity prices
that led mining companies to de-emphasize mineral exploration (Cohen
et al., 2010; Connolly and Orsmond, 2011). Of the exploration that took
place, mining companies focused it nearby or on their own properties.
Another consequence of the depressed commodity market was that the
re-use of older datasets became popular. This period experienced
probably the first major occurrence of data re-use and re-purposing. By
the 1970s-1980s, most mineral deposits exposed at the surface had been
discovered (Blain, 2000; Ghorbani et al., 2023a). Thus, the 1990-2000s
marked a significant change in research direction to understand the
regolith in order to discover buried mineral deposits using geochemistry
(Fig. 2; e.g., Butt et al., 2000; Cameron et al., 2004, Coker, 2010 and
references therein; Winterburn et al., 2020). Understanding the regolith
ultimately led to the incorporation of physics-based modelling methods
(e.g., elemental diffusion and transport) to aid mineral deposit targeting
(Cohen et al., 2010; Johnson et al., 2013). To discover buried mineral
deposits, new sample mediums and methods were developed and added
to the repertoire, including: ground water (Giblin and Mazzuchelli,
1997; Pirlo and Giblin, 2004; Leybourne and Cameron, 2010), soil gas
(Plet and Noble, 2023), vegetation (Cohen et al., 1998; Dunn, 2007), and
more recently isotopes (Kirste et al., 2004; White, 2015). Hence, this
period also witnessed the development of non-conventional geochem-
ical surveys and the start of the post-conventional period of geochemical
surveying.

Notable developments in analytical methods include: (1) develop-
ment and uses of selective extraction techniques; (2) improvement in
detection limits; (3) decrease in analytical costs; (4) improvement in the
intelligibility of analytical devices (e.g., inductively coupled plasma-
mass spectrometry [ICP-MS]); (5) additional elements that can be
determined; and (6) instrument miniaturization and the rise of portable
analytical devices (e.g., portable XRF [pXRF], portable X-ray diffraction
[pXRD] and laser-induced breakdown spectroscopy [LIBS] instruments)
(Fig. 2). The development of selective extraction techniques occurred in
response to the development of new exploration models (e.g., elemental
diffusion and transport, and development of alteration haloes). Selective
extraction techniques are preferentially used to separate signals
emanating from secondary processes (e.g., alteration of minerals in the
regolith originating from a buried mineral deposit), versus elements
from the transported regolith (e.g., glaciation; Hall and Bonham-Carter,
1998). Overall, the lower detection limits for routine elements have
decreased by one half to an order of magnitude through improvements
in analytical instrumentation-technology (e.g., sensors and algorithms;
Cohen et al., 2010). This has allowed the proliferation of ultra-trace
stable isotope analytical devices such as the multi-collector ICP-MS in-
strument (Caughlin, 2010), or elemental determinations on a micro-to
nano-scale (e.g., scanning electron microprobe [SEM], focused-ion
beam SEM and laser-ablation ICP-MS). The reduction of analytical
costs is observed in both sample preparation (e.g., widespread use of
microwave ovens in the late 1990s for sample digestion) and analytical
procedures (e.g., reduction in the number of procedural steps, minia-
turization and automation of instruments/procedures; de la Guardia and
Garrigues, 2019). A direct effect of the reduction of analytical costs has
been a drastic increase in sample throughput. Consequently, QA/QC
programs, which can monitor for potential contamination, as well as the
accuracy, precision and fitness-for-purpose of the data, started becoming
commonplace (Piercey, 2014; Grunsky and de Caritat, 2017; de Caritat,
2022). Modern exploration geochemical datasets contain de-
terminations for more than 40 elements, and include some previously
difficult-to-detect elements such as Re and Te (e.g., McCurdy et al.,
2016; de Caritat, 2022). Since 1994, the XRF instrument became suffi-
ciently miniaturized to become fully portable (hand-held; pXRF; Cuffari,
2016). Additionally, in 1996 a portable LIBS instrument for elemental
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determination was developed (Yamamoto et al., 1996). Although
portable instruments are not as accurate and precise as the much larger,
laboratory-sized instruments, they have been proven to be advantageous
in field settings and for rapid data generation (e.g., Winterburn et al.,
2020; Lemiere and Uvarova, 2020; Knight et al., 2021). Certainly, in a
quantitative sense, these portable instruments provide a breadth of
high-quality data that is in many cases comparable to analytical data
from the decades prior.

Another notable, yet often overlooked advancement in geochem-
istry, is the near-exponential increase in computer availability and
performance. This permitted the: (1) improvement in analytical instru-
mentation (e.g., Lemiere and Uvarova, 2020); (2) use of more accurate
algorithms during sample analysis (e.g., Tuoriniemi et al., 2015); (3)
instrument automation and control infrastructure (e.g., Ghorbani et al.,
2022, 2023b); and (4) creation of increasingly user-friendly software,
making it possible to construct, handle, process and interpret larger
datasets (Johnson et al., 2013; Talapatra, 2020; Ma, 2023). Evolution of
computer hardware and software have also aided in-field and
out-of-laboratory work (Lemiere and Uvarova, 2020). Aside from
portable instruments, digital devices (e.g., tablets, cellphones, laptops)
are commonly used during field activities, because they contain a
multitude of useful miniaturized sensors that include: cameras; com-
passes;  altimeter and  barometers; GPS  receivers; and
distance-measurement sensors such as lasers and detectors. These sen-
sors permit the collection of field notes that accompany sampling ac-
tivities, which become ancillary or metadata that permits the
construction of modern datasets and databases, and facilitates QA/QC.
Data can now be easily spatially visualized and interpreted using soft-
ware, largely in the GIS domain (e.g., ESRI’s ArcGIS, Google Earth Pro,
QGIS). Additionally, user-friendly, and in some cases, free, data analysis
and visualization packages are available (e.g., Python, MATLAB, Origin
Pro, R Project, Orange Data Mining, Data Mosaic). Furthermore, statis-
tical methods and programs allowed for the integration of all types of
geodata (Grunsky, 2010; Hill et al., 2021). The dramatic increase in data
volume and the desire to re-use and re-purpose data has led to the
development of data governance and management frameworks to
ensure the effective and efficient use of data (see USGS, 2020 for addi-
tional information). However, such frameworks are still in their infancy,
with more work remaining to be done (Chamberlain et al., 2021; Sun
et al., 2022; Ma, 2023).

3.2. Current practices

Multi-element geochemical surveys using stream, soil, lake, water,
vegetation, rock and till samples continue to be the main staple of
regional geochemical exploration (Cohen et al., 2010; Smith et al., 2013;
Hosseini-Dinani et al., 2018; Talapatra, 2020). As an example of current
practices, we present a regional geochemical survey performed at the
Geological Survey of Canada that uses lake sediments. Much of the
survey in terms of planning and design follows what had been developed
from the 1960s-1990s. Specifically, regional-scale lake sediment
geochemical surveys are typically planned at the scale of a NTS 1:250,
000 sheet (Friske and Hornbrook, 1991). Sampling is typically con-
ducted at a density of 1 sample per 13 km? (or 1 per 5 mi?), but can reach
a density of 1 sample per 6 km? (Friske, 1991; Friske and Hornbrook,
1991). Because lake sediment samples cannot be collected in a system-
atic manner (Fig. 4a), a stratified random grid is used (Fig. 4b). Lakes
measuring between 1 and 5 km in length and reaching depths >3 m are
preferred as they contain more organic-rich sediments (gyttja; desired
for elemental determinations). Lake sediment samples are collected
from a helicopter on floats, which lands in the middle of the select lake.
A total of 1.2 kg of lake sediment material (gyttja) is collected using a
gravity torpedo sampler (Garrett et al., 2008), which is attached by a
rope to a helicopter. The sample is then placed in a bag, labeled, dried
(<40 °C for 10 days), sieved and milled (—80 mesh or 177 pm) before
being placed in a labeled container for longer-term storage. In
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anticipation of improvements in analytical methods, large survey pro-
grammes collect excess mass per sample, which permits re-analysis of
archived samples, thus cyclically modernizing some datasets (Smith
et al., 2013). Re-analysis is more cost-effective than re-surveys, with the
former at approximately 5% of the cost of the latter (McCurdy et al.,
2014).

Select samples are analyzed by commercial laboratories via ICP-MS
(65 elements) and occasionally INAA (35 elements) (McCurdy et al.,
2016). Data is then analyzed for contamination, accuracy, precision and
fitness-for-purpose (QA/QC; McCurdy and Garrett, 2016) and released
to the public. In essence, the entire survey activity, from inception to the
publishing of data/findings can take between years to decades (de
Caritat, 2022). Unanticipated delays, including due to social, political
and environmental factors, are increasingly commonplace, wreaking
havoc on survey timelines. Such large-scale regional surveys are also
resource intensive (equipment, personnel, infrastructure), running at a
cost of ~430,000 USD (in 2022) for a lake sediment sampling survey on
the scale of 1:250,000, over an area of ~14,000 km? (which is about the
size of an NTS zone in Canada), with a sampling density of 1 sample per
13 km?2

The problem of identifying deposits using geochemical data, similar
to that using geophysical data, is an inverse problem, which means that
solutions are not unique. This is because although mechanisms of ma-
terial transport and mixing are necessary for chemical dispersion, which
creates detectable geochemical signatures (Fig. 2), they increase en-
tropy, which is irreversible. Consequently, there is no “best” method to
process and analyze geochemical data (Winterburn et al., 2020; Zuo,
2020; Zuo et al., 2021; Yousefi et al., 2021). To date, the question of
what constitutes a geochemical anomaly and how to best detect it re-
mains an active research topic (Fig. 2; Cohen et al., 2010; Winterburn
et al., 2020). Known methods include: data visualization (e.g., GIS),
statistical techniques, geostatistics, fractal and multifractal models, and
more recently data science (Al-based) methods. Below we provide a
summary, for details see the comprehensive works of Carranza (2008),
Zuo et al. (2016, 2019, 2021), Yousefi et al. (2021), Zhang et al. (2022c)
and He et al. (2022).

Visualization methods delegate analysis to the human visual cogni-
tion system and include, for example, mapping of elemental concen-
trations. Visualization is limited by the two-dimensional nature of
human vision and therefore, works better for low-dimensional data (e.g.,
Friske and Hornbrook, 1991; Zuo et al., 2016). Univariate statistical
methods (including classical statistics and exploratory data analysis;
Tukey, 1977) focus on leveraging distribution properties to identify
outliers and patterns, and include analyzing the mean, standard devia-
tion, quantiles, percentiles, cumulative frequency distributions, con-
ducting regression analysis, Q-Q plots, extreme value statistics, among
others (e.g., Chung and Agterberg, 1980; Reimann and Garrett, 2005;
Reimann, 2005; Carranza, 2008; Zuo et al., 2021 and references
therein). Multivariate statistical methods model interdependence be-
tween variables to analyze trends, such as the dispersal of minerals.
Classic multivariate methods include principal component analysis
(Grunsky, 2010; Grunsky and de Caritat, 2017, 2020), factor analysis
(Fabrigar and Wegener, 2011), cluster analysis (Wang et al., 2017a), and
others (Porwal et al., 2006; Parsa et al., 2017; Carranza, 2008; Zuo et al.,
2021 and references therein). Geostatistical methods include statio-
narity tests, geodomaining, variography analysis, kriging and stochastic
simulation, to integrate data, estimate values at unsampled locations
and detect anomalies (Fig. 3; Matheron, 1963; Isaaks and Srivastava,
1989; Liu et al., 2019). In particular, geostatistical interpolation is un-
avoidable for rigorous gridding of sparse data, which is necessary for
spatial indexing and integration of datasets for combined analyses, such
as in mineral prospectivity mapping (MPM). Fractal and multi-fractal
models leverage the fractal spatial distribution of deposits to detect
them, using methods such as concentration-area (Cheng et al., 1994),
concentration-distance (Li et al., 2003) and concentration-volume
methods (Afzal et al., 2011). Al methods used for geochemical data
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analysis fall into two broad categories, supervised and unsupervised
learning. Supervised learning for deposit predictions makes use of al-
gorithms to model relationships between known mineral deposits and
their covariate data (Rodriguez-Galiano et al., 2015; He et al., 2022).
Supervised learning can also be used indirectly for synthetic data gen-
eration, which can be used for exploration (e.g., Zhang et al., 2022b;
Bourdeau et al., 2023). Unsupervised methods formulate geochemical
anomaly detection as Al-based anomaly detection tasks, whose algo-
rithms used to date include shallow learning algorithms (Zhang et al.,
2022a), autoencoders (Zhang et al., 2024a; Zuo et al., 2019, 2022) and
convolutional neural networks (Zhang et al., 2021b).

3.3. Outstanding issues

3.3.1. Changes in philosophy, especially with regards to data generation
and data usage

Geodata will continue to accumulate, which drives the expansion of
data-driven geoscience (Figs. 1 and 2; e.g., Dramsch, 2020; Yousefi et al.,
2021; He et al., 2022; Sun et al., 2022; Ma, 2023). This is motivated by
the desire to: (1) extract additional value from data through data
re-purposing; (2) expedite mineral deposit discovery; and (3) attract
funding and evolve geoscientific practices. Data-driven geoscience
consists of theory and applications of transdisciplinary methods, which
include: (1) statistical methods such as regression analysis; (2) statistical
learning, data mining and AI methods; and (3) generation of synthetic
datasets. This implies that there will be increasing adoption and adap-
tation of data science into geosciences, to capitalize on more powerful
and rigorous methods (Hastie et al., 2017; Grossi et al., 2021; Hazzan
and Mike, 2023; Ma, 2023). This trend is being formalized through
increasingly formal geodata science training, as witnessed by the arrival
of the first pedagogical materials (Wang et al., 2023; Stanford Univer-
sity, 2024; Berkeley, 2024).

The pace of Al development and application results from the inter-
action of a diversity of disciplines. Therefore, no single discipline can
compete in terms of method development in data usage. Consequently,
Al methods can handle any combination of data, from monodisciplinary
data, such as in geochemical anomaly detection (e.g., Parsa et al., 2017;
Grunsky and de Caritat, 2017, 2020; Zhang et al., 2022a), to multidis-
ciplinary data in MPM (e.g., Yousefi et al., 2021; Lawley et al., 2021,
2022). In effect, Al displaces and subsumes a large portion of traditional
inferential data modelling. For example, statistical data analysis tech-
niques such as principal component analysis and regression analysis,
which are staples of geochemical data analysis have become subsumed
under linear dimensionality reduction and regression modelling in Al
This is especially true of deep learning algorithms in geodata analysis,
because deep learning methods are the most general and sometimes the
most powerful (Zuo et al., 2019; Dramsch, 2020; Yousefi et al., 2021; He
et al., 2022; Sun et al., 2022; Ma, 2023), to the extent that visual or
unstructured geodata can be modelled using computer vision or lan-
guage processing methods (e.g., Yang et al., 2022; Lawley et al., 2023).
In fact, a key distinction between deep and shallow learning is that while
the latter requires geoscientists to engineer effective features (e.g.,
elemental ratios and indicators), the former eschews discipline-specific
expertise through automation of feature extraction and is far more
disruptive.

Disruption occurs for in-discipline data users because: (1) data
science-specific training is broader than typical geoscientific training for
data usage (e.g., mathematics, statistics, programming, automation and
computation); and (2) a shift in required aptitude from physical/
observational and discipline-specific to abstract and multidisciplinary.
However, the disruption extends beyond the data usage stage of the data
pipeline into data generation. New algorithms and frameworks (e.g.,
deep learning and data science) demand new specific characteristics of
data, which can be very different than characteristics of traditional
geochemical data. For example, the number of degrees of freedom in
non-parametric, nonlinear models can be exceptionally high compared
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with those encountered in principal component or parametric regression
analysis. This necessitates a higher volume of data to support modern
modelling methods. Insufficient geochemical data abundance inadver-
tently facilitates the displacement of geochemical exploration in favour
of integrated uses of more voluminous types of geodata, such as using
MPM for mineral reconnaissance (Lawley et al., 2021, 2022).

These disruptions can be understood by contextualizing the entire
history of geochemical surveys into a modern data perspective, which is
that (all) data is engineered to be fit-for-purpose (Figs. 3 and 4). This is
particularly true for small data, because such data is targeted in intent
and costly. The purpose of traditional geochemical data was functionally
defined as data that is suitable for traditional data analysis methods in
exploration (e.g., spatial analysis, statistical methods) (Fig. 5a). Guided
by this purpose, modern advancements have focused on the quality of
each data point (increasingly higher dimensional data that is more
precise and accurate; Caughlin, 2010; Cohen et al., 2010; Johnson et al.,
2013), which aligns with scientific reductionism. This philosophy
resulted in a vast increase in the resolution of geochemical data in the
variable domain (e.g., better analytical precision and elemental
coverage), but generally not in the spatial domain (e.g., sampling res-
olution has not generally increased). For surveys at large scales, the
probability of making a truly greenfield discovery is foremost controlled
by the spatial resolution (Section 2.2; Fig. 3). This is because deposits are
generally smaller than typical greenfield sample spacing, and therefore,
their discovery depends on whether their spatial proxies have been
adequately sampled.

It is important to appreciate that data science methods such as
modelling using AI are mostly system-level techniques that do not
adhere to scientific reduction. Consequently, increasing use of system-
oriented methods constitutes a definitive change in the functional and
philosophical purpose of survey data. One implication that is obvious is
that whereas clean, precise data is important for scientific reduction, it is
unnecessary for big data techniques. In fact, making inference on noisy
data is a strength of Al methods (e.g., to identify a face in noisy images;
Ding et al., 2017), and model performance can sometimes be improved
using noisier data (e.g., Reed and Marks, 1999; Bishop, 1995a, b; An,
1996). Thus, the recent increase in variable domain resolution is not as
beneficial to modern data users. In particular, Al models are inferential,
and therefore, whether data captures an element that is causally indic-
ative of a deposit, is functionally unimportant. Instead, there must be
some high-dimensional covariates of at least one targetable character-
istic of a deposit being sought. This could vary from a simple linear
combination of elements (e.g., Grunsky, 2010; Grunsky and de Caritat,

a - Traditional project management workflow
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steps)

Fig. 5. Project management workflows for exploration geochemistry. Included
with the major phases are some of the tasks between parentheses. (a) Tradi-
tional project management workflow currently practiced. (b) Data science
workflow for future integrated survey practices. Here, the Cross Industry
Standard Process for Data Mining (CRISP-DM) workflow model is presented as
an example.

Deployment
(reports, project review,
monitoring, maintenance),
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2020), or a complex and uninterpretable transformation of elements (e.
g., Zuo et al., 2019; Zuo and Xu, 2023). In particular, because Al-based
methods are specifically capable of ignoring noise in data, traditional
notions of static and stationary geochemical baselines no longer carry
the same significance (e.g., Luo et al., 2020; Zhang et al., 2021a, 2024a;
Feng et al., 2022).

Application of Al to traditional geochemical data is considered data
re-purposing, because such data was never specified to suit Al algo-
rithms. Data re-purposing is very risky, because it is unobvious whether
any discoveries could be made until after at least one complete execu-
tion of a data science framework (Woodall, 2017; e.g., the CRISP-DM
model; Wirth and Hipp, 2000; Chapman et al., 2000, Fig. 5b). This
makes it tenuous to sustain the generation of traditional geochemical
data to supply both in-discipline and transdisciplinary data users. The
situation is compounded by the fact that exploration is becoming more
challenging, because easily discoverable, near-surface and
geologically-simple mineral deposits are essentially exhausted (Blain,
2000; Ghorbani et al., 2023a). Therefore, geochemical signatures
emanating from remaining deposits can be more complex, fainter and
smaller (Fig. 3a), which also overlap with brownfield signatures. Thus,
to lower exploration risk and increase the probability of discovery,
geochemical exploration will need to increasingly adopt data modelling
methods that are more noise tolerant, scalable to bigger data and able to
extract high-dimensional relationships. This essentially assures the
continued rise of geodata science as applied to exploration geochem-
istry, which secures a new purpose for geochemical data — to be used
specifically with system-oriented (e.g., AI) methods. A solution is to
engineer at least one more type of geochemical data that is
fit-for-purpose for system-oriented data users (Woodall, 2017; Ma,
2023). This issue has been recognized more generally, to support mod-
ern data analytics (Woodall and Wainman, 2015).

3.3.2. Evolution of roles and responsibilities in exploration

Traditionally, geochemical data analysis is commonly carried out by
geoscientists who also generate data (Fig. 5a), meaning that the tradi-
tional data pipeline is implicit. Poor delineation of roles and re-
sponsibilities is becoming a limiting factor in exploration productivity.
This is because data generation and usage have become independent,
because they are both complexifying, and geochemical data is increas-
ingly used out of discipline, e.g., in MPM (Yousefi et al., 2021). It is
impractical to increase responsibility for delivery of the entire data
pipeline implicitly, because this practice requires that relatively small
groups of people must specialize in data generation, management and
data science to be competitive and sustainable. In geosciences and
related fields (e.g., mining engineering, metallurgy), the canonical
approach is to specialize into focused sub-disciplines (Keane, 2001).
This results a reduced overlap in terms of expertise and aptitude from
individuals in different sub-disciplines (e.g., geochemistry and
geophysics). In the modern data pipeline, knowledge of data generation
and usage are becoming foreign to data users and generators, respec-
tively (e.g., Chamberlain et al., 2021; Sun et al., 2022). Hence, there is
an increasing gap between data generators and users due to a divergence
in aptitudes, interests and skills (Fig. 5b). Proposed solutions are un-
satisfactory because they still revolve around cross-training data users
and generators (e.g., He et al., 2022; Zhang et al., 2022c), which is
antithetical to natural functional specialization and therefore, counter
productive. An explicit pedagogical recognition must be made that the
interest of the data generator likely lies in the interaction with nature,
observations and metrology. This is in stark contrast to the interest of
data users, which center around abstraction, algorithms, math, statistics
and computation. Cross-training divergent interests is also impractical,
because the talent pool that would exhibit both sets of interests is
diminishingly small. In other disciplines, there is a clear role-distinction
for example, between data generators and users (e.g., experimentalists
and theorists). Hence, there is now a need for expertise to bridge data
generators and data users, which does not currently exist in



J.E. Bourdeau et al.

geochemistry (Sun et al., 2022).

3.3.3. Geometallurgical and other downstream requirements

Geochemical exploration is integrated with downstream consider-
ations increasingly through geometallurgy (integration of geosciences,
mining and metallurgy) and closely related social, environmental and
governance aspects (e.g., ESG; Lawley et al., 2024). Geometallurgy is a
response to the time-consuming and resource-intensive nature of the
segregated traditional mineral value chain, from deposit discovery to
mineral processing (Fig. 7a). Geometallurgy specifically tries to inte-
grate data and knowledge across the chain, and therefore, increase its
agility (Fig. 7b; Van der Boogaart and Tolosana-Delgado, 2018; Lishchuk
et al., 2020; Michaux and O’Connor, 2020; Frenzel et al., 2023). A
fundamental goal of geometallurgy is to gather exploration data and
information early in reconnaissance and exploration stages, such that
engineering constraints downstream of exploration can be known as
early as possible. In simple terms, geometallurgy addresses the issue of:
that which is explorable is not necessarily extractable, that which is
extractable is not necessarily processable, and that which is processable
is not necessarily economical. Insufficient or untimely information
passed down the mineral value chain not only hinders resource utili-
zation, but can decrease economic performance, increase environ-
mental/social impact and evaporate investor confidence. Geometallurgy
is expected to produce greater system-level insights and potential for
control, relative to gated or siloed stages (Michaux and O’Connor, 2020;
Ghorbani et al., 2022). Ideally, data from each stage of the mineral value
chain would become interoperable, big and online (live generation,
processing and usage) (Ghorbani et al., 2022, 2023b).

The integration of data can also be viewed along financial, opera-
tional, scientific and engineering dimensions. The integration of finan-
cial, scientific and engineering dimensions can be easily understood
from the perspective of by-products and co-products. Traditionally,
geochemical exploration was dominantly focused on a single commodity
(e.g., uranium, gold, copper, zinc). The extraction of mono-mineralic or
mono-elemental ores are essentially obsolete today. Instead, the current
focus is on designing maximally economical extraction to beneficiation
processes. This means that by-products or co-products of an ore deposit
are now key considerations for the feasibility to extract and process (e.g.,
Whitworth et al., 2022). For example, many currently designated critical
raw materials (for national self-sufficiency or green energy transition),
such as the rare earth elements were not considered during historical
exploration, and hence, reside in either mine or metallurgical waste. The
implications of geometallurgy on surveys is profound, as information
regarding observed mineral associations, textures, mineralogy and
chemistry can be used to constrain downstream feasibility, even during
reconnaissance. For example, the presence of pyrite with other
economically valuable minerals such as sphalerite, chalcopyrite, galena
and gold, will determine the economic feasibility of mineral separation
(Chandra and Gerson, 2010). An integrated survey combining
geochemistry and mineralogy is possible (e.g., of the latter using auto-
mated mineralogy or element to mineral conversion; Gu et al., 2014;
Parian et al., 2015) and the most feasible using hard rock geochemistry.
Aside from impacting the type of data generated, geometallurgical
constraints added to surveys will alter the cost-to-benefit ratio of various
media types, and therefore, affect data generation in general.

3.3.4. Education and careers

Geochemical exploration is increasingly faced with a diminished
quantity of graduates with geoscientific degrees at the tertiary level
(Cohen et al., 2010). Geoscientific education is also increasingly
recognized as insufficient in its present form in university curriculums
(Mikes, 2015 and references therein). In particular, deficiencies are
spread across key themes, including: (1) complex systems and geological
time; (2) quantitative skills such as mathematics, physics, statistics, logic
and programming; (3) system thinking; (4) spatial reasoning; and (5)
data-driven science (Kastens et al., 2009; Mikes, 2015; Medunic et al.,
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2022; Sun et al., 2022; Zhang et al., 2022c). Geochemical surveys
encompass all of the above themes directly or indirectly. The lack of
quantitative and/or data-centric education (and much less data-driven)
(Mikes, 2015; Chamberlain et al., 2021; Sun et al., 2022; Zhang et al.,
2022c¢) is a thorny issue because of: (1) the increasing complexity and
volume of geodata (including synthetic/simulated datasets); (2) emer-
gence of integrated surveys (Coker, 2010; Johnson et al., 2013; Win-
terburn et al., 2020; Ma, 2023); and (3) transdisciplinary uses of geodata
(e.g., Lawley et al., 2021, 2022; Zhang et al., 2021b). This problem is
worsened by the rapid retirement of existing scientists (Coker, 2010;
Wilson, 2014; Winterburn et al., 2020). There is therefore an urgent
need to rejuvenate university curriculums such that new talent can both
replace traditional roles and face modern challenges.

Major issues also exist for career data users, or geodata scientists.
Notably, although exploration geochemical data can be voluminous, it is
low velocity (accumulated slowly). This results in a gradual accumula-
tion and a saturation, which is marked by an onset of significant data
analysis (outside of QA/QC). It is unclear how careers of geodata sci-
entists working with primarily geochemical data would develop, if data
analysis is an occasional event. Thereafter, data becomes dormant until
substantial improvements in either data (e.g., a re-analysis or re-survey)
or analysis techniques have occurred. At the moment, a growing cate-
gory of geodata scientists are transdisciplinary (Ma, 2023). Geosciences
is following other domains (e.g., Karpatne et al., 2018; Hazzan and Mike,
2023) with a growing number of traditional geoscientists reskilling to
become geodata scientists (e.g., for MPM). Unfortunately, traditional
sampling techniques cannot scale up in data velocity (Sun et al., 2022).
This truly hampers the deployment of Al and data science techniques
because: (1) meaningful models require continuous data input (e.g., to
compensate for covariate shift, Diethe et al., 2019; Hoffimann et al.,
2021); and (2) model deployment and post-deployment validation can
only be met through a sustainable stream of data (e.g., Hawkins et al.,
2023; Zhang et al., 2022c). This partly explains why in geosciences,
almost all publications involving Al and data science are
proof-of-concept studies, for which model deployment is restricted to a
singular occurrence within the study (see He et al., 2022 and references
therein) and there continues to be a paucity of validation studies and a
positive outcome bias. Whereas in other domains (e.g., finance, com-
merce, entertainment, medicine and marketing), models built by data
scientists are passed to engineers for deployment, which permits defin-
itive validation (Hawkins et al., 2023). These are career problems for
geodata scientists, as data is easily exhaustible and professional output
(e.g., models or maps) remains unvalidated for prolonged durations,
which makes it challenging to assess career achievement.

3.3.5. Material needs for the modern society and the future

The demand for raw materials evolves with time. For example, rare
earth elements were an uninteresting commodity historically (Castor
and Hendrick, 2006), but are highly desirable today due to their role in
high-tech, military and energy technologies (Balaram, 2019). There is
presently a strong drive at the national level to: (1) pursue resource
self-sufficiency; (2) reduce environmental/social impacts; and (3)
maximize or counter geopolitical gains and leverage (Zhang et al.,
2023a; Ghorbani et al., 2024). This has resulted in national to
super-national policy frameworks that designate various minerals and
metals as “critical” (e.g., Wang et al., 2017b; Burton, 2022; Government
of Canada, 2022; European Commission, 2023). Energy is a modern
issue for many countries, because disruptions in the global supply chain
and geopolitics have greatly sensitized the need for energy abundance
and stability. Part of the solution of sustainable energy generation is an
enormous and unprecedented (up to many orders of magnitudes higher
rate of extraction compared to pre-COVID levels) increase in the
extraction of minerals and metals (e.g., cobalt, lithium, rare earth ele-
ments) (Kleijn et al., 2011; Watari et al., 2019; Michaux, 2021).

The insatiable material desire is met with the immovable timescale of
the mineral value chain. Global estimates on the average time to the
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onset of mineral extraction from initial reconnaissance is about 17 years
(IEA, 2023). Whether the urgency for sustainable energy and environ-
mental/social impact reduction can be met using traditional methods
alone is questionable. However, it is certain that for many countries that
have pledged to reach the Agenda 2030 or the Net-Zero 2050 goals (UN,
2015), the amount of time remaining is exceedingly short. This also
assumes that new deposits would be discovered at rates comparable to
the past, which is unlikely (Blain, 2000). Nevertheless, there is hope that
data-driven = reconnaissance and exploration wusing geodata
science-based methods will expedite exploration (e.g., MPM, Lawley
et al., 2021; 2022). As data generation is the rate-limiting process in
geochemical exploration, it would be efficacious to examine how to best
alleviate or mitigate this bottleneck, to suit foreseeable downstream
requirements (Fig. 8).

4. Future (2020s - beyond)
4.1. Stream 1 - relevance of traditional practices

Traditional geochemical practices will continue in the future.
Notably, there will always be a need for highly accurate and precise
data, such that conjectures, hypotheses, models and theory can be
tested. This requires modern laboratories (XRF, ICP-MS, SEM, etc.) and
their continued evolution. Scientifically reductive data is necessary for:
(1) studies of the timelines and processes of ore deposit formation (e.g.,
elemental diffusion and transport); (2) creation of exploration or met-
allogenetic models (for deep or in unconventional settings); (3) inte-
gration of multi-resolution data (i.e., km to pm); (4) development and
incorporation of new sample mediums; and (5) refinement of analytical
methodologies. Lastly, it is possible that high quality data will support
data-driven practices by validating findings (e.g., verification of a
geochemical anomaly or a prospectivity map).

4.2. Stream 2 - anticipated changes in data requirements

Key drivers of the evolution of geosciences as a whole are directly
affecting geochemical data generation, which are: (1) a rise in data-
driven philosophy of science, as a counterpart of hypothesis-driven
science; (2) evolving roles and responsibilities (e.g., differentiation be-
tween geodata generators and geodata scientists); (3) geometallurgical
integration of the mineral value chain from exploration to beneficiation;
(4) a need to modernize geoscientific education, to incorporate more
abstract training and to maximize the value of future geoscientific
skillsets; and (5) a need to expedite exploration (Fig. 8 and Table 1). Itis
time to re-think key aspects of how geochemical data is generated, not to
replace traditional data generation, because hypothesis-driven science
will always remain, but to fit to the purpose of data-driven exploration
and its antecedent activities in geodata science. Notably, data re-
quirements for the purpose of data-driven exploration, relative to
existing geochemical data include: (1) higher throughput (velocity); (2)
higher spatial resolution (density); (3) more integrated with other
measurements (dimensionality); (4) better managed and accessible to
non-geochemists; and (5) more agile and less grid-based. Geochemical
data already engineered to satisfy all the aforementioned requirements
do not exist today, although it is an emerging research domain (e.g., Kyle
and Ketcham, 2015; Lemiere and Uvarova, 2020; Wang et al., 2021;
Zhang et al., 2023b, c; Fontana et al., 2023, MineSense, 2024). Below,
we discuss solutions with a summary of key drivers, issues and proposed
solutions presented in Table 1.

4.2.1. Adoption and integration of new tools and sensor technologies
Portable instruments (e.g., pXRF, pXRD, LIBS) seem inevitable
because technologically they are along an unstoppable trend towards
instrument (and sensor) miniaturization. Their desirability is multi-fold
as they: (1) are fast at data generation (a few seconds to minutes for a
pXRF; Knight et al., 2021); (2) can be used in-situ with non-destructive
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Table 1
Summary of outstanding issues and proposed solutions.

Aspects Issues Proposed solutions

Scientific reduction -
philosophy

Maladapted for geodata -
science

- Costly data, with cost -
dedicated to benefits
that are primarily
extrinsic to geodata
science

Adoption of a systemic
scientific philosophy
Culture change with
regards to data
management

Adoption of ‘Universal
Reference Materials’
(URM) to increase data
interoperability

Foster multidisciplinary
understanding

Creation of new roles: data
managers and data
engineers

Train data generators and
users separately

Use of project management
models that are compatible
with data-centric disci-
plines (e.g., CRISP-DM)
foster multidisciplinary
understanding

Adoption of portable
instruments to increase
data velocity and density
(applicable as early as
mineral exploration)
Adoption of out-of-
discipline instruments to
capture additional data
dimensions

Better data integration
across disciplines

New curriculum that
increases transdisciplinary
training and mutual
understanding

Adoption of portable
instruments to increase
data velocity and density
Adoption of out-of-
discipline instruments to
capture additional data
dimensions

Culture change with
regards to data
management

Train talents according to
their aptitude and
modernized roles
Adoption of portable
instruments to increase
data velocity and density
Adoption of out-of-
discipline instruments to
capture additional data
dimensions

Better data integration
across disciplines for rapid
discoveries and new
insights

Evolving Data -
Culture, changing -
roles and -
responsibilities

Implicit data pipeline -
Poor delineation of roles
Lack of consideration for
divergent interests -

Data are siloed with -
respect to the mineral

value chain

Lack of consideration for
downstream processes

Geometallurgy and -
downstream
processes

Educational deficiencies -
Lack of data-centric ed-
ucation and learning
opportunities

Lack of career
opportunities for data-
centric experts

Education and -
careers

Material needs for - Unprecedented need for -
raw materials
- Traditional Data

generation is not time- -

effective

the future

sampling methods; (3) require less total sample preparation; and (4) are
low in cost (Lemiere and Uvarova, 2020). A common concern guided by
scientific reduction is that data generated using portable instruments is
of lesser quality (less accurate and precise) as compared to traditional
laboratory instruments (e.g., XRF, ICP-MS, INAA; Lemiere and Uvarova,
2020). However, this trade-off is desirable as data-driven methods are
mostly designed for big data analysis and can therefore handle noisy
data, which can even improve model performance (e.g., Ding et al.,
2017). Portable instruments are beginning to be adopted into the min-
eral value chain, such as for geochemical analysis of drill hole samples



J.E. Bourdeau et al.

(e.g., Fontana et al., 2023) and bulk material characterization in mining
and deposit-scale profiling (e.g., MineSense, 2024). Its use in recon-
naissance and exploration constitutes a type of data-driven geo-
metallurgical integration (Table 1). Portable instruments have the
advantage that they are maximally compatible with traditional data
usage methods, without displacing geochemical exploration using other
methods (e.g., through remote sensing). Consequently, protocols
(including QA/QC) and workflows applied to traditional geochemical
data can be easily adapted to portable or miniaturized instruments.

An emerging trend in exploration geochemistry is secondary data or
predictive assays, through the inversion of hyperspectral remote
sensing-data, which can provide rapid, systematic, dense and non-
destructive data generation both on a large- (e.g., Kurz et al., 2013;
Booysen et al., 2019) and per-sample scale (e.g., Schodlok et al., 2016;
Siman, 2020; Semereab, 2021; Linton et al., 2024). Drone-based remote
sensing can perform 3D mapping at resolutions down to the
centimeter-scale (Ghosh et al., 2017; Ullo et al., 2020; Baek et al., 2022)
and are employable for ore delineation, mine planning and hazard
monitoring. Technically, remote sensing derives a spectral response
from surficial materials, in a manner that is similar to
fluorescence-based chemical analysis in geochemistry (Kurz et al.,
2013). However, because in remote sensing, the photon energies
involved are usually insufficient to cause ionization, the information
contained in remote sensing data is not directly reducible to chemical
concentrations, but rather mineral composition (Marghany, 2022). This
means that chemical information can be inverted from remote sensing
data, which creates secondary geochemical data that inherits the ve-
locity and volume of remote sensing data (e.g., Wang et al., 2021; Zhang
et al., 2023b, c).

Online multi-sensor-based technologies for drill core characteriza-
tion are being developed to integrate chemical, mineralogical and
structural data (e.g., Schodlok et al., 2016; Siman, 2020; Semereab,
2021; Linton et al., 2024). A 3D analytical technique using X-ray
Computed Tomography (XCT) is also incorporated to allow
machine-vision based approaches for material characterization (e.g.,
Kyle and Ketcham, 2015; Guntoro et al., 2019; Delgado Yanez, 2020).
However, XCT methods would still require sampling, because such in-
struments are not yet portable.

Other known avenues for the rapid generation of geochemical data
include inferential data generation and augmentation (e.g., synthetic
data via generative methods; Liu et al., 2019; Zhang et al., 2022b, 202.3c;
Bourdeau et al., 2023; Ferreira and Koeshidayatullah, 2024). There are
physical and abstract limitations with this class of approaches. Physi-
cally, despite the accumulated geochemical data, the spatial and depth
coverage of geochemical data is still a trifle fraction of the Earth, which
means that generative methods trained on geochemical data cannot
create a diversity of geochemical data that approaches the lithodiversity
of the Earth. Abstractly, the use of inferentially generated data to sup-
port geodata science leads to model collapse through the curse of
recursion (Shumailov et al., 2023). This is due to compounding errors
incurred through recursion and include: functional approximation er-
rors, sampling errors and learning errors (e.g., Liu et al., 2019; Zhang
et al.,, 2022b, 2023c; Bourdeau et al.,, 2023; Ferreira and Koe-
shidayatullah, 2024). It affects models roughly commensurate with their
complexity (e.g., complex models collapse faster). Detection and reme-
diation for model collapse in geodata is an unresearched topic presently.
It is not clear if novel mitigation strategies in other domains, such as
using a human- or Al-based discriminators to reject synthetic data, or
trade model degradation for more data through data blending (Gerst-
grasser et al., 2024) can be applied to exploration geochemistry.

4.2.2. Eyolving data culture, new roles and responsibilities

Bigger geochemical data and its use by non-geochemists (e.g., geo-
data scientists) will necessitate formal data management (e.g., DAMA
DMBOK; Henderson et al., 2017, Table 1). Others have lamented that
geochemical data is generally not FAIR (findable, accessible,
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interoperable and re-useable) due to the lack of international standards
and best-practices (Chamberlain et al., 2021; Sun et al., 2022; Ma,
2023). This lack of a data sharing culture is hindering data quality as-
sessments, interoperation and re-use of data, and outcomes (Ma, 2023).
Formalized data management and curation entails comprehensive,
well-structured and machine-readable metadata, the use of international
geo-sample numbers (IGSN), standardized data processing workflows
and data publications (Chamberlain et al., 2021; Sun et al., 2022; Ma,
2023). There is a need to designate and adopt what we term ‘universal
reference materials’ or URMs, which permit integrated data usage of
geochemical data from different generators. At present, no study/-
committee has yet designed URMs for any sample media. Ultimately, the
long-term survival of geochemical data will depend on how useable they
will be in the future.

Managing and using diverse geodata encompassing geochemical
data would require dedicated roles with new responsibilities (Ghorbani
etal., 2022; 2023b, Table 1). An increasing separation of responsibilities
driven by increasing task complexity in each role means that the future
role of a geodata scientist is strictly data analysis, and of a surveyor, data
generation. It is unreasonable to expect future users of geochemical data
will revert to solely geochemists. Functional specialization along the
data pipeline (Fig. 6) would create new roles to bridge the gap between
data users and generators: which are: (1) data managers; and (2) data
engineers (Sun et al., 2022, Fig. 6¢). Consequently, data managers must
exist to ensure that data quality and standards are met for use for geo-
data scientists, by synthesizing data requirements and transmitting them
to data engineers (e.g., DAMA-DMBOK; Henderson et al., 2017, Fig. 6¢).
Data engineers bridge the gap between traditional geochemists and
transdisciplinary talents, by performing geoscience-specific data pro-
cessing and steering data generation. For example, data engineers would
perform QA/QC, data annotation (e.g., deposit presence), interpolation,
compositing, levelling and imputation. As an example, Guntoro et al.
(2019, 2020) demonstrated that engineering the appropriate Al classi-
fication methods for specific ore types improves 3D data processing. The
roles between data generators, managers, engineers and users are
detailed in Fig. 9.

Data generators and data users

& cross-training /

self-education

Data generators

c Requirements Data analysis

Data managers
and
data engineers

Data generators

Raw data

Capabilities

Fig. 6. Schematic representations of the specialization of geodata generators
and users. (a) Historically, geodata generators were also data users. (b)
Currently, a divergence exists between geodata generators and modern data
users (e.g., Al experts). Numerous advocates (e.g., He et al., 2022; Zhang et al.,
2022c) have proposed cross-training to bridge the gap. (c) Proposed future
integration can occur through a formal implementation of the data pipeline
through functional specialization instead of cross-training.
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Ore type

Data collected
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definition Process testing

b - Integrated geometallurgy mine development
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Block model
generation

v

Data collected
(sampling)

Ore type

definition j

Data analysis
(geometallurgy)

Process testing

Block model
generation

System optmization

Engineering
(mine + process)

Mine schedule

Business model
development

Fig. 7. Traditional (a) and integrated geometallurgical (b) mine development flow chart. Figure modified from Michaux and O’Connor (2020).

Major drivers for the future

Changes in philosophy, especially with regards to data generation and usage

Evolution of roles and responsibilities in exploration geochemistry

Geometallurgy and downstream requirements

Education and careers

Material needs for modern society and the future
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Fig. 8. Major drivers of future geochemical data generation. These drivers
emerged as a result of legacy and current practices and will undoubtably
change how geochemical data is generated so that the field will remain relevant
in the future.
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Fig. 9. Future roles between data generators, managers, engineers and users to
accomplish data-driven geochemical exploration. Diagram modified from
Rogati (2017) and adapted for data generation for exploration geochemistry,
and broadly geodata generation.

4.2.3. Re-thinking education

Geodata science is nascent (Fig. 1). Very few universities offer pro-
grams at any level (e.g., Stanford University, 2024; Berkeley, 2024),
which is unfortunate for exploration geochemistry, because the overlap
between our vision of the future of exploration geochemistry and
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geodata science is substantial (e.g., statistics and programming). The
dichotomy of the desirability of geodata science (Ma, 2023) and its
immaturity in the academies results from transdisciplinary methods
evolving rapidly because of exponential technologies (e.g., computing
hardware; Roser et al., 2023). Exponential technologies rapidly ascend
to a state of maturity, followed by a long period of quiescence as they
reach a physical or practical limitation, similar a biological concept
known as punctuated equilibrium. Therefore, in the growth phase,
geodata science is highly desirable and disruptive, but its impacts are not
exactly foreseeable, since breakthroughs occur regularly. It is chal-
lenging to design an applicative, future-proof curriculum in this envi-
ronment; most universities subsume data science under computer
science instead (Grossi et al., 2021; Ma, 2023). Currently, geodata sci-
ence pedagogy is mostly taught ad hoc (e.g., conferences, workshops,
online courses, or through discipline-bridging or educational software,
such as Orange Data Mining, Data Mosaic or ArcMPM, see Zuo et al.,
2024). However, informal education is insufficient to sustainably supply
talents, especially those with a Whitebox understanding of data science
(e.g., mathematics of algorithms).

A future curriculum for the exploration geoscientist should contain
early exposure to data science (e.g., statistics, programming, data life-
cycle, project management), which would foster cross-domain under-
standing and scientific communication (Table 1). Exposure can be a
combination of theoretical and practical classes, with the latter
substituting for laboratory and fieldwork for people on the geodata
scientist track (Fig. 9). Observational geosciences should be mainly
reserved for future geodata generators and those desiring field work.
Future exploration geochemists would therefore, specialize in data
usage or generation, but not both simultaneously. A new pedagogical
direction for exploration geosciences should focus on broadening
knowledge (along the data pipeline, not across geoscientific sub-
disciplines in counter to functional specialization) in preparation for
multidisciplinary data usage and role-integration along the data pipe-
line, as opposed to solely becoming increasingly narrow (increasing
reduction). This improves cross-discipline understanding using data as
an abstraction and the data pipeline as an integrator, enhancing mean-
ingful collaboration and knowledge transfer, and making geodata ca-
reers more appealing given the wider range of data accessible. This
heralds the rise of ‘integrative geoscientists’, specifically unification
using data and its treatise.

More generalist training presented by geodata science means that
future exploration geodata scientists will work less like client-centric
data analysts (Ma, 2023) and more towards leading exploration pro-
jects. This is because although traditional geoscientists appreciate data
analysis advancements brought forth by data science, few are capable of
training their own, which results in a recruitment pattern of
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general-purpose data scientists into ad-hoc projects. It is therefore a
constant struggle to attract, sustain and retain geodata talent because of
interest mismatch (data generators versus users), small data exhaustion
and the dichotomous nature of knowledge-versus data-driven science.
Early exposure between disciplines (e.g., geodata usage) would help
attract talent and foster interest, but sustaining their careers would
require scalable data generation methods (Table 1). Education of future
geodata generators, such as geochemical surveyors, should explicitly
incorporate modern and emerging data requirements and be specific to
their roles and careers in the data lifecycle or pipeline (e.g., Figs. 6 and
9). Fundamental data management as well as data-centric project
management concepts (e.g., CRISP-DM; Fig. 7b) are also important,
similar to how education of data modelling methods has been stan-
dardized in data science (Henderson et al., 2017 and e.g., Ghorbani
et al., 2022). This ensures that talents of the future can appreciate the
full value of data in relation to data usage and the inefficiency of ad-hoc
practices (Ma, 2023).

5. Summary and outlook

Our review highlights the potential for geochemical exploration to
evolve and ensure that it stays relevant-for-purpose. The future of
exploration geochemistry is dependent on the full recognition of the
effects of modern drivers on a core component of geochemistry — data
generation. Engineering a future type of geochemical data to suit
modern data usage methods is important and provides a direction of
research towards the development of a new type of geochemical data
(and its accompanying methodology) that is far more scalable in terms
of volume, velocity and dimensionality. This is because traditional
processes in geochemical data generation are unscalable to suit modern
data usage methods. In particular, there is a need to focus on designing
data-driven surveys that enable the efficient collection of denser
geochemical data, using predictive assays, secondary data and portable
instruments, with an integration of other types of analyses in a geo-
metallurgical sense to reduce costs and increase agility.

This review has demonstrated that data generation in exploration
geochemistry is on the cusp of a significant shift. We acknowledge that
there are broader challenges associated with implementing our vision of
the future of exploration geochemistry, including the need for rigorous
data management and the development of appropriate training pro-
grams. However, the potential benefits of our vision, including reduced
exploration costs, improved survey agility, and enhanced sustainability,
make the concept of "bigger" and cheaper geochemical data an area of
research that should be pursued with enthusiasm. The review has also
shown that exploration geochemistry should continue to evolve, because
its data usage portion of the data pipeline has already experienced a
substantial evolution. Its implications on data generation are profoundly
philosophical but is only beginning to be appreciated. Only by
embracing the change that is already occurring in geosciences, geo-
metallurgy and modern resource requirements, will exploration
geochemistry remain relevant and flourish in the future.
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