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Abstract

Sedimentary cores from the Ravenglass Estuary lack some of the sedimentary structures which can
be seen in other estuarine sands due to their unconsolidated nature, making it difficult to
meaningfully interpret depositional environments using standard sedimentological facies analysis.
Here we explore how sediment texture, obtained from laser particle size analysis, and geochemistry,
obtained from portable X-ray fluorescence, can be used independently, or in combination, to
automatically classify sub-depositional environment and estuarine zone in a modern estuary. We
have adapted an established Extreme Gradient Boosting workflow to select the most informative
geochemical elements to be included in a training set to automatically classify sub-depositional
environment at the surface of the Ravenglass Estuary, NW England, UK. Models that are trained
exclusively on textural data significantly outperform those that use geochemical data when
classifying sub-depositional environment but are comparable when classifying estuarine zone.
However, the combination of textural and geochemical data in training sets improves model
performance in all but one class when compared to separate textural and geochemical models. We
have applied surface-calibrated combined textural and geochemical models to classify palaeo sub-
depositional environment in three cores obtained from a tidal flat in the Ravenglass Estuary which
that are interpreted to record initial outer estuary deposition which transitioned to an inner estuary
setting dominated by deposition from suspension. The subsurface classifications provide a
framework to investigate the occurrence of reservoir quality-preserving detrital grain coats which
vary in abundance as a function of sub-depositional environment at the surface. A review of
literature suggests that the mixed flat sub-depositional environment is an ideal target for optimum
clay grain coat occurrence, and we show that this sub-depositional environment is reliably identified
by all models. We also discuss the implications of the modelling, how it compares to other machine
learning approaches to understand reservoir quality in ancient systems, and how the workflow may
be adapted for application to reservoir core. This study demonstrates value in utilising textural and
geochemical data in conjunction with machine learning methods to help reveal the environmental
evolution of marginal marine sands.

Keywords: Marginal marine sands, Machine learning,Clay grain coats, Sub-depositional environment,
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Data availability

Data to support this work for model creation and figure production is available in the open access
repository here: https://doi.org/10.5281/zenodo.8419160.

1. Introduction

The observed heterogeneity in sediments across marginal marine systems arises because of
variations in type and intensity of hydrodynamic processes, such as tidal, wave, and fluvial processes
(Dalrymple et al., 1992; Boyd et al., 2006; Ainsworth et al., 2011). The composition (texture and
geochemistry) of material supplied to a sedimentary system is controlled by many extrinsic factors
including (but not limited to) hinterland geology, transport distance, and chemical weathering
intensity (McLennan, 1993; Garzanti et al., 2009; Caracciolo, 2020). Sediment texture and
geochemistry have been shown to be useful in determining these extrinsic factors in ancient systems,
such as the use of element ratios to determine tectonic setting (Roser and Korsch, 1986), and
relationships between grain size in fluvial systems to subsidence and sediment supply (Duller et al.,
2010). However, in this study we will focus on how texture and geochemistry reflect internal
heterogeneities of a marginal marine sedimentary system, where the distribution of different grain
size fractions and minerals is controlled by intrinsic hydrodynamic sorting (Lambiase, 1980; Worden
et al., 2020). At the surface, these heterogeneities produce a variety of landforms, sedimentary
structures, and habitats for organisms (Dalrymple and Zaitlin, 1994; Virolle et al., 2020). Areas of an
estuary surface which share these physical characteristics, and texture and geochemical properties
can be used to define ‘sub-depositional environments’ (e.g. tidal inlet, mud flats, or foreshore) within
a larger sedimentary environment (e.g., an estuary or delta) (Dalrymple and Zaitlin, 1994; Heap et al.,
2004, Griffiths et al., 2019a).

When studying modern sedimentary systems at the surface, the identification of sub-depositional
environment is straightforward as the features that define these environments can be observed
unobstructed (e.g., sedimentary structures, flora, fauna, geomorphology, and geographic position).
Here we define a palaeo-sub-depositional environment as a subsurface (>2 cm depth) expression of
the equivalent surface sub-depositional environment. When looking into the subsurface of a modern
environment, it is expected that some of the features that define sub-depositional environments are
preserved in sediment cores expressed, for example, as ichnofabrics and sedimentary structures,
enabling environmental and/or facies interpretation based on these features (Fenies and Tastet,
1998; Dalrymple and Choi, 2007; Virolle et al., 2019b; Virolle et al., 2020). However, sediment cores
obtained from the Ravenglass Estuary in northwest England did not exhibit these expected structures
as expected, particularly when sand-dominated material was recovered. The poor preservation of
sedimentary structures and ichnofabrics, exacerbated by the sediment’s poorly consolidated nature,
made identifying palaeo-sub-depositional environment challenging. Therefore, a reliable method to
determine palaeo-sub-depositional environment in sediment core, that is not reliant on good
preservation of structures, was necessary to understand the sedimentary succession in the
Ravenglass Estuary cores. Here we used texture (i.e., grain size characteristics) and geochemistry as
universal properties of sediments to discriminate sub-depositional environment at the surface to
create machine learning classification models (Simon et al., 2021; Muhammed et al., 2022; Houghton
et al., 2023). The machine learning classification model can then be used to classify subsurface
intervals, providing a likely environment of deposition even in structureless sand.
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Machine learning is the use of computational methods to identify patterns in, and to classify, data
without being explicitly programmed. Supervised machine learning algorithms train models to
classify samples with a known label/class (e.g., sub-depositional environment) using associated data
as predictors. In the case of sedimentary systems, the effects of hydrodynamic sorting can result in
statistically significant differences in texture and geochemistry between sub-depositional
environments of marginal marine sediments, a facet of the system that can be exploited by machine
learning algorithms (Simon et al., 2021; Muhammed et al., 2022). The bulk geochemistry and texture
of sediments are generally correlated due to the tendency of clay minerals and hydroxides to be
most abundant as fine-grained material, concentrating elements such as Al and Fe, whereas coarse-
grained material is commonly enriched in Si, dominant in quartz and feldspars (Nesbitt and Young,
1996; Guo et al., 2018). Therefore, obtaining textural and geochemical data from surface
sedimentary environments facilitates model building for sub-depositional environment classification
and prediction of subsurface environments. Whilest surface sub-depositional environment is not
directly translatable into ancient buried systems, it is analogous to facies schemes which are
common in core studies (Churchill et al., 2017; Griffiths et al., 2021) and can provide insight into the
three-dimensional distribution of deposits. Geochemical logging tools have been used to classify
downhole lithology and mineralogy using multivariate techniques; however, here, we apply a
machine learning method to classify subsurface core intervals with genetic ‘surface sub-depositional
environment’ labels (Herron, 1988; Hertzog et al., 1989; Freedman et al., 2015). Understanding the
compositional characteristics of sediments (particularly sandstones) and the distribution of sub-
depositional environment/facies is important in many real-world applications as they can be a
significant control on porosity and permeability (i.e., reservoir quality) in terms of primary
depositional character and influences on diagenetic activity (Beard and Weyl, 1973; Chan, 1985;
Worden and Burley, 2003).

Upon deep burial (>2 km; >70 °C), sandstones typically develop diagenetic quartz cement which
nucleates on the surface of detrital quartz grains and grows to occlude pore space (Walderhaug,
1996; Ajdukiewicz and Lander, 2010; Bjgrlykke and Jahren, 2012). However, in deeply buried
sandstones, grain-coating clay minerals have been shown to preserve porosity and permeability
because they inhibit the growth of porosity-occluding quartz cement, leading to anomalously high
reservoir quality (Ehrenberg, 1993; Taylor et al., 2010; Ajdukiewicz and Larese, 2012; Worden et al.,
2020). Clay grain coats are micron-scale rims of clay minerals (e.g., chlorite) covering the surface of
detrital grains, acting as a physical barrier to silica-rich fluids, preventing precipitation on a detrital
quartz substrate (Xia et al., 2020). Clay grain coats can be detrital, formed in the sedimentary
environment at the time of deposition, or authigenic, grown after deposition during diagenesis (
Dowey et al., 2012); here we are interested in the origin and distribution of detrital grain coats that
form in marginal marine environments.

Grain coating clays have been found to develop in all depositional environments but fluvially-
influenced marginal marine environments such as deltas and estuaries have been identified as
particularly efficient settings for chlorite-enriched sands (Dowey et al., 2012; Worden et al., 2020).
This is suggested to be because of the influence of fluvial processes which increase deposition or
generation of clay minerals, such as flocculation of clay aggregates due to the mixing of saline and
fresh water, enhancing deposition of clays from suspension (Dowey et al., 2012; Worden et al., 2020
). Core studies of ancient marginal marine reservoirs have found grain coat abundance to be facies-
controlled (Ehrenberg, 1993; Martinius et al., 2005; Gould et al., 2010; Griffiths et al., 2021), and at
the surface in modern analogue studies, sub-depositional environment has been found to be a
control on detrital grain coat distribution (Wooldridge et al., 2018; Griffiths et al., 2019a; Wooldridge
et al., 2019a), highlighting the importance in understanding sub-depositional environment/facies
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organisation within these systems. The Ravenglass Estuary, northwest England, serves as a modern
analogue for ancient and deeply buried marginal marine sandstone reservoirs due to the presence of
detrital clay grain coats with a similar scale to some ancient and deeply buried reservoirs, and has
been extensively studied. Therefore, it is an ideal testbed to assess the viability of machine learning,
applied to geochemical and textural data, for sub-depositional environment classification, and its
utility in understanding grain coat occurrence.

In this study, we will focus on the modern marginal marine sands of the Ravenglass Estuary to build
on work by Muhammed et al. (2022) who first presented a basic machine learning approach to
discriminate sub-depositional environment using sediment geochemistry, and Houghton et al. (2023)
, who devised a more robust machine learning workflow using sediment textural attributes as
predictors for sub-depositional environment. Here, we aim to expand the use of the machine
learning workflow of Houghton et al. (2023) to incorporate geochemical data as predictors, including
a new semi-automated approach to select the most informative elements for modelling, and
ultimately assess the viability of this updated approach. Additionally, we will apply new texture and
geochemistry-based models to classify sub-depositional environments in sediment cores from a
modern tidal flat in the Ravenglass Estuary to offer an alternative interpretation of the evolution of
the deposits when compared to manual core logging and point towards potential for reservoir
quality-enhancing clay grain coat development by analogy to the estuary surface. Specific research
guestions addressed include:

1. What chemical elements are the most important when constructing geochemical classification
models of the Ravenglass surface sub-depositional environments?

2. How accurate are machine learning models trained to classify sub-depositional environment using
sediment geochemistry alone?

3. What effect does the integration of geochemical data with textural data have on the accuracy of
machine learning models to classify sub-depositional environment?

4. What sub-depositional environments are preserved in the subsurface of a tidal flat in the
Ravenglass Estuary and how are they distributed?

5. Can machine learning and geochemical data enhance prediction of reservoir quality in deeply
buried sandstone reservoirs?

2. The Ravenglass Estuary

The Ravenglass Estuary is located in Cumbria, northwest England, UK, and has been studied to
understand the distribution of clay minerals and generation of detrital clay grain coats as a modern
analogue for deeply-buried marginal marine sandstones (Wooldridge et al., 2017a, 2017b; Griffiths et
al., 2018; Wooldridge et al., 2018; Griffiths et al., 2019a, 2019b; Wooldridge et al., 2019b, 20193;
Simon et al., 2021; McGhee et al., 2022; Muhammed et al., 2022). The estuary is macrotidal, with a
maximum tidal range of 7.55 m (Lloyd et al., 2013). In Ravenglass, the Rivers Irt, Mite, and Esk join to
form a central basin that is protected by two barrier spits, ultimately flowing into the Irish Sea to the
west (Fig. 1). The outer estuary, whose landward limit is defined by the transition from elongate
channel-parallel sand bars to upper flow regime sand flats and tidal flats (Dalrymple and Zaitlin, 1994
; Griffiths et al., 2018) (Fig. 1, Table 1), is dominated by wave processes but tidal processes dominate



environments upstream of the tidal inlet which define the inner estuary (Fig. 1C), with a strong flood
tide flow and weaker ebb flow attributed to the shallow geometry of the estuary basin (Kelly et al.,
1991).
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Fig. 1 A) Map of the United Kingdom with a gold star indicating the location of the Ravenglass
Estuary; B) aerial imagery of the Ravenglass Estuary indicating locations of three geotechnical cores
and 458 surface sediment samples (<2 cm depth); C) a map of present-day sub-depositional
environments in the Ravenglass Estuary (modified after Simon et al., 2021; Houghton et al., 2023). All
surface sediment samples are shown, coloured by their corresponding sub-depositional environment
label. The river mapped here represents approximate low tide conditions; D) site map of Saltcoats
tidal flat showing the location of geotechnical cores 18, 19, and 20 presented in this study (extent
shown in B and C) and approximate location and direction of field photograph in E (yellow circle and
arrow). Boundaries of sub-depositional environment are shown on top of aerial imagery; E) field
photograph of the Saltcoats tidal flat during low tide showing approximate location of cores 18 and
19, with saltmarsh and tidal creek in the foreground.



Number

Estuarine Zone (Model2)  Sub-depasitional enwironment (Model 1)  Description
of samplez

LTS Gravel bed (Del) Deposits containing pebble-grade material (= 2em). but may host all grain size [
fractions. contsining andesitic, granitic, and sandstone lithologies. May contain
disarticulated shell fragments.

Mud fiat Mud flat (De2) 15— 50% sand (=63 pm), precominantly clay and sit sstied from suspensien, may 55
be intenzely bicturhsted az indicated by surface worm csts and mottling.

Mied fizt Mixed izt (De3) Between 50-80% sand fraction [»63 pm) in the inner estuary, mined depasition of o4
suzpended and bedlosd sadiment.

Sand fiat (Ded) Inner estuary de position of +00% sand fraction (=63 um), may host ripples and/ar 119
low-ampfitude dunes.
Inner coarse
Ticial bar [De5) Prominent in-channel sand banks which are detached from the channel margin for 62
all ar some of the tidal cycke. May host dunes and ripples.

Tical inlet (Ded) Area between barrier spits connecting the central estuarine basin to the open ]
oeean, 3 transition from inner to outer estusry containing channel-parallel bars 3z
3 result of mixed wave and tidal proceszes.

Backshore [De7) Sediment lying above mean high water mark in the outer estuary, typically mix of
wind-blown dune sand and marine sant.

Northern foreshore (N-De8) Stretch of sand-dominated deposits between low and high tide marks to the north 51
Outer of main channel, dominated by wave processes resulting in large wavelength/low
amplitude dunes, upper phase plane beds and ripples.
Southern farechare (5-Ded) Similar to northern foreshore, but to the sauth of whene the main channel meets 17
the zez. Split from narthern foreshore 2z they have significantly Siffarent tasture
and geachemistry (Simon et al, 2021; Muhammed et al., 2022).

Proebb defta [Ded) Most distal portion of the estuary, atermination of the main channel where it 17
meets the sea, depositing sand in = delta-like pattern.

Saltmarsh [Del0) Clay, sift and sand depasited at high tide with sbundant roated vegetstion, [
typically flst top surface with eroded channel-facing bank.

Table 1. Summary of sub-depositional environments, including number of sediment samples and their
corresponding ‘estuarine zones’. Sub-depositional environments are used as classification labels in
‘Model 1’ and estuarine zones are used as classification labels in ‘Model 2°. Gravel bed (Del) and
saltmarsh (Del0) can be visually discriminated and so no data are required for input into machine
learning models.

Ten sub-depositional environments are identified in the estuary, each characterised for their texture,
clay mineral content, clay coat coverage, and geochemistry at the surface (Wooldridge et al., 2017b;
Griffiths et al., 2019b; Wooldridge et al., 2019a; Simon et al., 2021; Muhammed et al., 2022). The
sub-depositional environments are as follows: gravel bed, tidal flats (here split into mud flats, mixed
flats, and sand flats), tidal bars, tidal inlet, backshore, foreshore (split into northern and southern
sub-environments), pro-ebb delta, and saltmarsh (see Table 1). Sub-depositional environments have
also been grouped into ‘estuarine zones’ based on their texture and position within the estuary.
Within these zones, mud flat (De2) and mixed flat (De3) remain separate, however sand flat (De4)
and tidal bar (De5) have been merged to form the ‘inner coarse’ estuarine zone (Fig. 1C), and all
outer estuary sub-depositional environments, tidal inlet (De6), both foreshore environments (N-De8
and S-De8) and pro-ebb delta (De9), have been merged to form the ‘outer’ estuarine zone (Table 1).
This has been done as it is has been reported to improve classification accuracy when distinguishing
the sand-dominated coarse inner estuary sediment from sand-dominated outer estuary (Simon et
al., 2021; Muhammed et al., 2022; Houghton et al., 2023).

The sediments in the estuary are typically arkosic to subarkosic and host a typical mineral
assemblage of quartz, plagioclase, K-feldspar, illite/muscovite, chlorite, kaolinite, and carbonate,
however these minerals are not uniformly distributed as a function of sub-depositional environment
or grain size (Griffiths et al., 2019a; Wooldridge et al., 2019a). Clay minerals (chlorite, illite, and
kaolinite) and carbonates are most abundant in finer-grained inner estuary environments (mud and
mixed flats), however it has been shown that clay minerals are also present within coarse lithic grains
that are found in the outer estuary. Quartz abundance increases with grain size in the estuary and
dominates sandy environments (Simon et al., 2021). These heterogeneities in mineralogy are also
reflected in sediment geochemistry; for example, aluminium and potassium have been reported to
be controlled by variations in illite abundance and calcium is strongly linked to the abundance of



calcium carbonate (calcite or aragonite) in shell fragments (Griffiths et al., 2019a; Muhammed et al.,
2022).

The Saltcoats tidal flat is the largest tidal flat in the Ravenglass Estuary (0.35 km2), on the northern
side of the River Irt channel as it enters the central basin (Fig. 1D, E). At the surface, all tidal flat sub-
depositional environments are present: mud flat (<50 % sand fraction), mixed flat (50-—90 % sand
fraction), and sand flat (>90 % sand fraction) (after Brockamp and Zuther, 2004; Wooldridge et al.,
2018). Clay coat coverage in the Saltcoats tidal flat ranges between 2.5 % in sand flats and 76 % in
mud flats, and has been shown to be strongly linked to sediment biofilms secreted by diatoms (
Wooldridge et al., 2018). Underlain by Holocene peat and glacial diamicton, the estuarine sediment
beneath Saltcoats is up to 3.4 m thick, and has been interpreted, by traditional facies analysis, to
represent only mixed and mud flat deposits by McGhee et al. (2022).

3. Methods and materials

3.1. Surface sediment sample dataset

In this study, we have used the same surface sample set (where surface sediment is defined as being
at <2 cm depth) as Simon et al. (2021), Muhammed et al. (2022), and Houghton et al. (2023)
supplemented with 11 additional samples from tidal bars, 18 additional samples from the tidal inlet,
and 18 additional samples from the pro-ebb delta. In total, the dataset used here, to train machine
learning models, consists of 458 surface sediment samples (Fig. 1, Table 1). Each sample was
assigned a sub-depositional environment upon collection and transported to the University of
Liverpool to obtain the particle size distribution using laser particle size analysis (LPSA), and the
elemental composition using portable X-ray fluorescence (XRF). Attributes derived from the particle
size distribution, obtained by LPSA, define the ‘textural’ component of the datasets, and the
concentration of elements obtained by XRF analysis defines the ‘geochemical’ component of the
datasets. These textural and geochemical data have been used to train a supervised machine
learning model to classify sub-depositional environment in intervals of subsurface sediment from
cores in the Ravenglass Estuary using equivalent data. The analytical and machine learning
approaches are described in the following sections.

3.2. Geotechnical core collection and sampling

Three geotechnical cores were recovered from the Ravenglass Estuary in 2016, through the full
thickness of the Holocene estuarine succession down to basal diamictons which have beenwere
previously interpreted to be glacial till (McGhee et al., 2022). Core retrieval took place in one-
metermetre segments using a Geotechnical ‘P60’ rotary rig, for use on harder sediment such as sand
flats, or a Geotechnical ‘Pioneer’ percussion rig for softer sediment such as mud flats. To obtain
textural data with LPSA, sediment samples (approximately 20 g) were extracted from the air-dried,
cut face of the core at five-centimetre intervals, ensuring that only one lithological type was sampled
for each interval. If a sampling interval fell on a sharp lithological boundary (e.g., a mud-sand
contact) a sample was taken from each side of the boundary. Forty two sediment samples were
taken from cores 18 and 19 each, and 22 taken from core 20, totalling 106 sediment samples for
analysis by LPSA, coincident with intervals for analysis by XRF.

3.3. Bulk sediment texture and geochemical analysis

Sediment samples collected from the surface (n = 458) and subsurface (n = 106) of the Ravenglass
Estuary were sieved at 2000 um (to remove coarse material that is too large to be analysed by the
LPSA instrument) and subjected to organic digestion with dilute hydrogen peroxide prior to grain size
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analysis. Treated samples were analysed using a Beckman-Coulter LS13-320 laser particle size
analyser and the raw data processed in GRADISTAT version 9.1 to obtain nineteen textural attributes (
Blott and Pye, 2001). In this study we have selected the particle size distribution-derived textural
attributes of mean grain size (um), sorting (um), primary modal grain size (um), skewness, kurtosis,
(after Folk and Ward, 1957) and volumetric proportions of very coarse sand, coarse sand, medium
sand, fine sand, very fine sand, very coarse silt, coarse silt, medium silt, fine silt, very fine silt, clay,
silt, sand, and mud as features for use in training textural machine learning models.

All sediment samples were analysed using an Olympus Vanta M-Series portable energy-dispersive
XRF spectrometer. The instrument has a Rh anode X-ray tube, with analyses undertaken using a dual
beam ‘Geochem(2) + CI' method involving a first beam scanning at 40 kV for 40 seconds and a
second beam scan at 10 kV for 90 seconds. Scan times for each beam were selected by carrying out
repeated scans on one part of the core, varying the scan time of each beam independently each
time, and examining the reported errors associated with each beam scan time to identify when no
significant improvement in error readings was achieved with increasing scan time (Supplementary
data 1). The ‘Geochem(2) + CI’ method is capable of reporting the concentrations and associated
error of 36 elements between Mg and U, in parts per million (ppm), including ‘Light Elements’ (LE) to
account for elements of lower atomic number than Mg that cannot be discriminated by the
spectrometer, such as O, C, and Na. The elements measured by the XRF instrument for inclusion in
training geochemical machine learning models are: LE, Mg, Al, Si, P, S, K, Ca, Ti, V, Cr, Mn, Fe, Co, Ni,
Cu, Zn, As, Se, Rb, Sr, Y, Zr, Nb, Mo, Ag, Cd, Sn, Sb, W, Hg, Pb, Bi, Th, and U. Loose surface sediment
samples were air-dried for at least 24 hours and placed in a 25 mm diameter plastic dish with
minimum 15 mm sample thickness for XRF analysis. Core sediment was analysed ‘in-situ’ on the
dried cut surface of the geotechnical core in five-centimetre intervals, coincident with samples taken
for textural analysis. In order to prevent contamination of the analysis window by the loose sediment
but still allow full contact, surface samples and cores were scanned with an X-ray transparent 6 um
prolene film covering the sample/interval.

3.4. Adapted machine learning workflow
3.4.1. Workflow outline

This study employs the supervised decision tree-based Extreme Gradient Boosting (XGBoost)
algorithm in RStudio (Chen and Guestrin, 2016; R Core Team, 2020) available through the ‘xgboost’
package and optimisation tools within the ‘tidymodels’ package (Kuhn and Wickham, 2020; Chen et
al., 2022). The workflow employed to train models has been adapted from Houghton et al. (2023)
who predicted sub-depositional environment (herein referred to as Model 1), and estuarine zone
(herein referred to as Model 2) in the Ravenglass Estuary using sediment texture alone. The
workflow has been adapted here to use transformed geochemical data, as well as textural data, as
predictors for sub-depositional environment and estuarine zone. Outlined in Fig. 2, the machine
learning workflow consists of four main sections (which correspond to code sections in
Supplementary data 5, 6):

1. Importing and pre-processing of surface textural and geochemical data with sub-depositional
environment labels.

2. Bayesian optimisation of XGBoost hyperparameters.
3. Training and testing classification models based on surface data with 4-fold partitioning.

4. Application of surface-calibrated classification models to classify sediment core intervals.
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Fig. 2. A) Workflow of recursive feature elimination of geochemical elements to be completed before
further model creation. At the end of this process the element combination with the highest mean
overall accuracy is selected to be used in further geochemical models; B) overall machine learning
workflow employed in this study to produce surface-calibrated classification models (adapted after
Sun et al., 2020; Houghton et al., 2023). Bayesian optimisation (code section 2) must be completed
before training and testing (code section 3). Numbers in square brackets refer to code section where
the step occurs. Grey rhomboids indicate input data and yellow rhomboids indicate data generated
internally by the workflow.

Hyperparameters control how a machine learning model is built, such as setting the maximum depth
allowed in a decision tree. Default hyperparameter values are not suitable for all datasets or
classification problems, and, if untuned, can lead to poor model performance, so it is necessary to
find the optimum values suitable for each model. Here we use Bayesian optimisation (BO) and 4-fold
cross-validation to select the optimum hyperparameter values (after Sun et al., 2020; Houghton et
al., 2023). The BO process involves evaluating models made using different combinations of
hyperparameters from within a search range set by the user. We have employed the search ranges of
Houghton et al. (2023) but the upper limit of ‘max_depth’ and ‘colsample_bytree’ search ranges
have been increased to account for additional input variables (i.e., the geochemical data) and
increased model complexity (Table 2).

Model Search range (min, No. input Nrounds  Max_ Min_child_ Gamma Era Colsample_bytree Subsample  Owverall Accuracy
name max) variablos depth weight (%)
10, 4,30 1, 20 01,3 0,001, 0.1 2, no. input 0., 1
1060 variables
Model 1-T 19 957 10 1 0.875903 0.003026 14 0.955686  67.05 (2.900
Model 2-T 19 a5y 5 1 0.123283 0.011088 17 0.902921 83.43 (2.95)
Model 1=G 23 997 14 9 0.233562 0091172 5 0920026 57,90 (3.24)
Model 2=l 23 701 i) 2 2253253 0082448 2 0.631333  B2.98 (1.78)
Model 1= 42 654 17 4 0.213684  0.007H4 32 0.619511 7250 (2.22)
TG
Mode 2-TG 42 519 20 & 0.572432 0036395 6 0.8007B3 85,73 (1.91)




Table 2. Metrics used to evaluate models presented in this study. Each metric can vary between 0 and
1, where O is the ‘worst’ score, and 1 is the ‘best’ score. For ‘Balanced Accuracy’, a score of 1 indicates
perfect agreement of classifications, a score of 0 indicates a perfect disagreement of classifications,
and a score of 0.5 indicates a model performs as well as random chance. TN = ‘True Negative’, FN =
‘False Negative’, TP = ‘True Positive’, FP = ‘False Positive’.

In order to evaluate the performance of individual classes within the machine learning models, we
have employed the evaluation metrics: specificity, recall, precision, F1 score, and balanced accuracy,
each designed to provide information about different aspects of model performance (Sokolova and
Lapalme, 2009; Tharwat, 2020), these are summarised in Table 3. In addition, when discussing the
overall performance of models, when considering all sub-depositional environments, we have used
‘Overall Accuracy’.

Metric Equation Drescription

Specificity ™ The effectiveness of & classifier at
identifying true negative labels versus
flse positives

Precision T The proportion of positive predictions
that are true positives versus false
positives

Recall i The rate at which a classifier identifies
. trug positive labels versus to false
negativies

F1 score | A measure of accuracy combining

© precision and recall which does nor
teke into account true negatives
The mean of specificity and recall,
accuracy ? balancing the rate of true positives
and true negatives
Owerall effectiveness of a classifier at
identifying true labels, where " is the
number of elasses

Balanced

Orverall
aveuracy

Table 3 Metrics used to evaluate models presented in this study. Each metric can vary between 0 and
1, where 0 is the ‘worst’ score, and 1 is the ‘best’ score. For ‘Balanced Accuracy’, a score of 1 indicates
perfect agreement of classifications, a score of 0 indicates a perfect disagreement of classifications,
and a score of 0.5 indicates a model performs as well as random chance. TN = ‘True Negative’, FN =
‘False Negative’, TP = ‘True Positive’, FP = ‘False Positive’.

3.4.2. Compositional data analysis considerations

Geochemical data are compositional in nature and form closed datasets (i.e., they have a constant
sum such as 1,000,000 ppm or 100 %), a property which may produce spurious results when carrying
out statistical analyses on unprocessed data (Aitchison, 1982). In order to remove the effects of the
closed dataset, data should be transformed using log-ratios of the components, which is particularly
important when training machine learning models (Tolosana-Delgado et al., 2019). Thus, prior to
using geochemical data to train machine learning models, raw elemental data (in ppm) were
transformed using the centred log-ratio (clr) to remove the effects of a closed dataset (Eq. (1)) (
Aitchison, 1982). This was achieved using the ‘clr()’ function in the Rstudio package ‘compositions’;
when using this function missing values are set to 0 (van den Boogaart and Tolosana-Delgado, 2021).

. ¥ (1)
_ | ]
cir (x) log g_fﬂ .. log g_[rj

Where: x = a sample of compositional data

xD = value of a single component in a sample
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g(x) = geometric mean of all components in sample x.

3.4.3. Selecting geochemical input features: Recursive feature elimination

Although the XRF instrument is capable of reporting the abundance of 36 elements, some of these
elements are not present above detection limits in the Ravenglass sediments for a large proportion
of the samples analysed (e.g., Cd, Hg, U) (Supplementary data 2). If all of the elements detected by
the instrument were included in training data, then 37 % of the dataset would contain missing values
(i.e., below the limit of detection), that might adversely affect model performance by diluting more
informative features. In order to determine the most informative geochemical elements to include in
modelling, we have employed a ‘recursive feature elimination’ (RFE) process to allow us to eliminate
elements that are either not used by the model or decrease model accuracy (Fig. 2A) (Chen and
Jeong, 2007; Wang et al., 2020).

RFE was achieved by first training an XGBoost model on clr-transformed geochemical data of all 36
detectable elements to predict sub-depositional environments (i.e., Model 1) (code in
Supplementary data 3). For this model the hyperparameter ‘colsample_bytree’ is set to a value 1,
which makes all variables (geochemical elements) available for the model to use at all times,
providing the maximum opportunity for the model to use any given element. All other
hyperparameters are allowed to be optimised as normal. Then, the importance of each variable is
guantified and ranked for the optimised model. This approach initially eliminates some variables
(elements) which are never used by the model. Then, the least important element is removed, and a
new model is created and evaluated using 4-fold partitioning, and the importance of variables within
that model are assessed. This process is iterative, removing the least important elements one by one,
re-assessing the least important variable between each successive model. Iterations continue until
only one feature is left (Fig. 2A). The element combination which has the highest mean overall
accuracy has been selected as the optimum features when training models with geochemical data.

4. Results

4.1. Geochemical feature selection

Assessing the importance of features in the first geochemical model that utilised all 36 elements
showed that U, Sb, Sn, Cd, Ag, Se, and Cl are never used by the model. Therefore, these elements
were not included in the following recursive feature elimination (RFE), or any further geochemical
models, because their removal would have no effect on model performance. The results of the RFE
on the remaining 29 geochemical elements are shown in Fig. 3, where the x-axis represents the
model accuracy of training data from Si up to, and including, that element (from left to right), e.g.,
the ‘Mn’ position on the x-axis represents a model trained using all elements inclusive from Si to Mn.
The optimum number of elements (highest mean overall accuracy) is 23, after the removal of Th, W,
Hg, Mo, P, and Co, with an overall accuracy of 62.52 % (1sd = 8.12 %). The average accuracy of
models remains above 60 % until there are only 9 elements remaining in the model (Si, Pb, Al, Ca,
Mg, Zn, Sr, Min, and S) suggesting that, even with limited geochemical data, reliable predictions can
still be made. Removing elements Sr, Zn, and Mg has a small effect, remaining at approximately 55 %
overall accuracy; however, beyond this, accuracy decreases rapidly with elemental removal until only
Siis left as a predictor, which gives a mean overall accuracy of 38 %. The standard deviation
decreases as more elements are removed from the model with values of approximately 8-—9 % when
more than >20 elements are used by the model (see Y), decreasing to 4-—5 % below 16 elements (see
Fe). Using elements up to and including Nb on Fig. 3 gave the highest mean overall accuracy, and so
these elements have been selected to be taken forward into further geochemical models.
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Fig. 3. Results of recursive feature elimination (RFE) for geochemical models showing the mean
accuracy (black points) plus/minus one standard deviation of ten repeats of four folds (grey bars)
versus each element added to the training dataset. Starting at Si, where a model is only trained on Si
values with 38 % accuracy, moving to the right on the x-axis shows each element included in the
training dataset. The highest mean accuracy is achieved with the inclusion of all elements between Si
and Nb (inclusive) - these elements have been selected to be used in further geochemical models. U,
Sb, Sn, Cd, Ag, Se, and Cl are not shown on this graph as they are never used by the initial model with
all elements available, so their removal would have no impact on model performance. Regions of
qualitative ‘informativeness’ are highlighted.

Chemical elements on Fig. 3 have been qualitatively labelled based on their informativeness, where
‘uninformative’ features (elements) have been removed from the modelling process as they decrease
model accuracy, ‘informative’ features are elements included in training data but do not show
significant improvement (<1.5 % increase) in model performance when they are included, and ‘very
informative’ features show a significant improvement (>1.5 % increase) when they are included in
training data.

4.2. Texture and geochemistry as predictors for sub-depositional environment in machine
learning models

Six predictive models have been created using the outlined workflow (Fig. 4; Table 2; Section 3.4).
‘Model 1’ attempts to predict all eight discrete sub-depositional environments in the Ravenglass
Estuary which cannot be visually discriminated (i.e., excluding gravel bed or saltmarsh as they can be
visually discriminated; Table 1). ‘Model 2’ merges coarse-grained inner estuary environments (sand
flat; De4, and tidal bars; De5), and outer estuary environments (tidal inlet; De6, northern foreshore;
N-De8, southern foreshore; S-De8, and pro-ebb delta; De9) to produce four estuarine ‘zones’: mud
flat (De2), mixed flat (De3), inner coarse (De4 + De5), and outer (De6 + N-De8 + S-De8 + De9) (Table 1
). Models have been trained using 19 textural attributes obtained by LPSA and GRADISTAT processing
(after Houghton et al., 2023) and clr-transformed geochemical data for 23 elements selected by
recursive feature elimination (Fig. 3). The data used to train each model are indicated with a suffix,
where -T’ is used to indicate models created using only textural data, ‘-G’ is used to indicate models
created using only geochemical data, and ‘-TG’ indicates models created using combined texture and
geochemistry. For example, ‘Model 1-TG’ refers to a model without merging of sub-depositional
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environments trained on textural and geochemical data (Table 2). The results presented here use the
same training/testing sets for model evaluation to eliminate potential sampling bias.
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Fig. 4. Confusion matrices for six predictive XGBoost models for Model 1 (A—C, with no environment
merging) and Model 2 (D—F, with environment merging). Model name suffix indicates training data,
where: -T’ = textural, -G’ = geochemical, and -TG’ = combined textural and geochemical training
data. Models in A and B were trained using 19 textural attributes (after Houghton et al., 2023), C and
D show models made using clr-transformed geochemical data for 23 RFE-selected elements, and E
and F contain models trained using both textural attributes and clr-transformed geochemical data.
Matrices displayed for Models 1 and Model 2 represent the same respective training/testing sets.
De2 = Mud flat; De3 = Mixed flat; De4 = Sand flat; De5 = Tidal bar; De6 = Tidal inlet; N-De8 =
Northern foreshore; S-De8 = Southern Foreshore; De9 = Proebb delta.

4.2.1. Textural classification models (Model 1-T and Model 2-T)

The overall accuracy of Model 1-T is 67.05 % (1sd = 2.90 %), whilestand Model 2-T has an overall
accuracy of 83.43 % (1sd = 2.95 %) (Fig. 4A, B). This is in contrast to the models made by Houghton et
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al. (2023) who achieved an overall accuracy of 72.48 % and 85.32 % for Model 1 and 2 respectively.
Model 1-T in this study shows improved recall scores for tidal bar (De5) and tidal inlet (De6) sub-
environments compared to the equivalent model of Houghton et al. (2023) which indicates that,
whilestalthough overall Model 1-T may have lower accuracy, it is more reliable for discriminating
sandy sub-environments. Model 2-T in this study has a lower accuracy for the inner coarse zone as
there are now two points of confusion with the mixed flat (De3) environment which was not
observed by Houghton et al. (2023).

4.2.2. Geochemical classification models (Model 1-G and Model 2-G)

Geochemical models presented here were produced using only clr-transformed geochemical data of
23 RFE-selected elements (Figs. 3, 4C, D). Model 1-G has an overall accuracy of 58.07 % (1sd = 4.15
%) and Model 2-G has an overall accuracy of 82.98 % (1sd = 1.78 %). Compared to Model 1-T, mud
flat (De2), mixed flat (De3), tidal bars (De5) and southern foreshore (S-De8) environments have lower
recall scores whereas sand flat (De4), tidal inlet (De6) and northern foreshore (N-De8) have the same
or greater recall scores (Fig. 4A, C). It is worth noting, however, that despite low recall scores of S-
DeS8, it now has a very high specificity (0.991) meaning the model is highly unlikely to incorrectly
classify samples from other environments as S-De8. Compared to Model 2-T, Model 2-G has lower
recall scores for mud flat (De2) and mixed fat (De3) however there is small improvement in the inner
coarse and outer estuary zones: from 0.822 to 0.867, and 0.844 to 0.875, reducing confusion with all
other estuarine zones.

4.2.3. Integrated textural and geochemical classification models (Model 1-TG and Model 2-TG)

The overall accuracy for Model 1-TG is 72.50 % (1sd = 2.22 %) and for Model 2-TG is 89.73 % (1sd =
1.91 %). These accuracies show improvements over Models 1-T and 2-T by 5.45 % and 6.30 %
respectively. Compared to Models 1-G and 2-G, overall accuracies are improved by 14.60 % and 6.75
% respectively. Comparing this model to separate textural and geochemical models shows improved,
or the same, recall scores in all environments except S-De8 for Model 1 and improved or the same
recall scores in all zones except for De2 in Model 2 (Fig. 4). Thus, a combination of textural and
transformed geochemical data offers the best and most accurate option for classification of unknown
samples. Models 1-TG and 2-TG have been taken forward for application to sediment cores as they
offer the highest accuracy for their respective classification objectives; a summary of evaluation
metrics for Model 1-TG is presented in Table 4 and for Model 2-TG in Table 5.

Sub=depositional Specificity  Precision  Recall Fl Balanced
environment ACCUTHCY
Mud flar (De2) 0.992 0,955 0.939 0.944 0.966
(M = 16) (0,008} (0.045) (0.074)  (0.036)  [0.035)
Mixed fat (Ded) 0.958 0870 0.957 0908 0.958
y 23 {0.034) (0.082Z) [0.029) (0.039) (0.010)
Sand flat (Ded) 0.900 0.757 0.864 0.805 0.882
Ny, = 31) {0,029} (0.041) (0.064) (0.028) (0.026)
Tidal bar (De5) 0.964 0,705 0468 0,550 0.716
{0.021) (0.011) (0.078)  (0.036)  (0.031)
L 0,943 0,466 0.41% 0.423 0,681
My = 7) {0.029) (0.193) (0.020) (0102 (0,023
Proebb deta (De) 0.995 0.750 0.392 0.505 0,694
(e = 30 {0.005) [0.250) (0.180) (0.205) (0.032)
Morthern foreshore 0,934 0,488 0.524 0,464 0,729
(N-Ded) (n,., = 14) (0.019) (0.129) [0.191) (0.142) (0.093)
Southern foreshore 0.984 0.538 0.629 0.508 0.807
(S=ed) (n, = 8) (0,007} (0.1735) [0.266) (0107 {131)

Table 4. Mean evaluation metrics of Model 1-TG for classification of sub-depositional environment
using combined textural and geochemical data across 4-folds of testing data (1 standard deviation in
parentheses).
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Estuarine zone Specificiey Precision  Heeall Il Balanced
accuracy

Mud fat (De2) 1.995 0,961 0926 1.943 0,960
(n,_, = 14) [0.005) (0.039) (0.054)  (0L044)  (0.029)

Mixed fat (Ded) 0564 0.875 0,947 0,909 0,955
I_r:m r 24) (0012} (D,033) (0.015) (D.014) (0.7

Inner coarse 0.946 0.914 0851 0.8580 0.898
(Ded + DeS) [0.027]) (0.037) (0.043)  (026)  (0.022)
(i, = 43]

Chiter 0.948 0.882 0914 .94 0.931
(De6 + Def 4+ De9) [0.034) (0.065) (0607 (0026)  (0.021)
(n,_ = 32)

Table 5 Mean evaluation metrics of Model 2-TG for classification of estuarine zone using combined
textural and geochemical data across 4-folds of testing data (1 standard deviation in parentheses).

4.3. Sub-depositional environment classification of core sediment

Three geotechnical cores taken from the Saltcoats tidal flat in the Ravenglass Estuary (Fig. 1) have
been analysed for their texture and geochemistry to produce data equivalent to the surface samples
that were used to train machine learning models (Supplementary data 4). This allows for the
classification of each five-centimetre interval in core using the machine learning models. Here we
have applied Model 1-TG and Model 2-TG, trained with textural and clr-transformed geochemical
data (Fig. 4E, F, Tables 4, 5), to classify all core intervals; the predictions for cores are presented in
Figs. 5, 6, 7 alongside a graphic lithology, and manual facies interpretation and radiocarbon dates
(14C) from McGhee et al. (2022). Fig. 8 shows a correlation panel between cores 18, 19, and 20,
influenced by the machine learning classifications to investigate the distribution of sub-depositional
environments in the subsurface of the Saltcoats tidal flat.
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Fig. 5. Core 18 drilled through the mud flat (De2) of the Saltcoats tidal flat (see Fig. 1): A) graphic
lithology log with facies interpretation of McGhee et al. (2022), and logs of classification probability
and highest probability classification when using: B) Model 1-TG and C) Model 2-TG (14C dates from
McGhee et al., 2022).
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Fig. 6. Core 19 drilled through mixed flats (De3) of Saltcoats tidal flat (see Fig. 1): A) graphic lithology
log with facies interpretation of McGhee et al. (2022), and logs of classification probability and
highest probability classification when using: B) Model 1-TG and C) Model 2-TG (14C dates from
McGhee et al., 2022).
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Fig. 7. Core 20 drilled through the sand flat (De4) of the Saltcoats tidal flat (Fig. 1): A) graphic
lithology log with facies interpretation of McGhee et al. (2022), and logs of classification probability
and highest probability classification when using: B) Model 1-TG and C) Model 2-TG (14C dates from
McGhee et al., 2022).
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Fig. 8. A) Saltcoats tidal flat correlation panel between cores 18, 19, and 20 (see Figs. 5, 6, 7 for
details). Shown on the panel are simplified graphic logs of each core and stick log of the most likely
environment classified by Model 1-TG. Correlations have been informed by machine learning model
output, and visual discrimination of peat and glacial diamicton which underly the estuarine deposits.
The surface shown is the LiDAR topographic profile, allowing us to link subsurface correlation to
surface mapped environments; B) map showing core locations and sub-depositional environment
boundaries.

4.3.1. Core 18

Core 18 represents 3.4 m of estuarine deposition which is underlain by a thin layer (5 cm) of grey
faintly laminated diamicton and peat (**C 8,094 yrs BP) (McGhee et al., 2022). The first estuarine
sediments in core 18, between 300 and 250 cm depth, are massive medium sand, classified by Model
1-TG as tidal bar (De5) and sand flat (De4), with two intervals of tidal inlet (De6), and by Model 2-TG
as inner coarse with two intervals of outer estuary at 265 and 255 cm depth. Between 200 and 170
cm depth, sediment fines upwards with some planar laminations and is classified as mixed flat (De3)
with one sand-rich interval highlighted as sand flat (De4). This De3 package fines upwards into mud
flat (De2), that is 55 cm thick between 165 and 110 cm depth, which hosts some bioturbation-
induced mottling. The top of this package is defined by a sharp lithological change from silt to very
fine sand that is picked out in the graphic lithology at 110 cm depth. From 110 cm depth upwards,
sediment is classified as mixed flat (De3). There is no consistent grading of grain size in this package
but texture does vary internally, which defines 10 cm-scale beds represented in the graphic lithology.
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4.3.2. Core 19

There is 2.95 m of estuarine sediment in core 19, underlain by grey diamicton containing root
material and peat (dated at 9,309 C yrs BP). The base of the estuarine succession (295-—275 c¢cm) is
classified as gravel bed (Del) as it predominantly contains material with a grain size greater than
>2000 pum. Clasts in this section are up to pebble size (<45 mm) and sub-rounded, with
predominantly andesite lithologies in a coarse sand and granule matrix. Above this, well sorted,
medium sand fines upwards with 10 cm classified as tidal inlet (De6) by Model 1-TG and 15 cm of
outer estuary by Model 2-TG. The fining upward trend continues above this package but its
classification changes to inner estuary sand flat (De4). However, there is some disagreement with
Model 2-TG which suggests that there is outer estuary sediment up to 250 cm depth, with only one
interval of inner estuary coarse sediment. A lithological change occurs at 237 cm which cannot be
picked out visually but is marked by transition from De4 to De3 classification. Above 237 cm,
classification between Model 1-TG and 2-TG agree completely; sediment is predominantly classified
as mixed flat (De3) with a mud flat (De2) package between 130 and 170 cm. Visually, sediment
between 200 and 130 cm has a roughly uniform silty texture, however Model 1-TG and 2-TG pick out
detail in differentiating intervals of mixed flat and mud flat. A sharp boundary at 115 cm depth marks
the beginning of a fining upwards sequence containing two packages, distinguished by a surface
separating a silt-rich upper layer from a silt-poor lower package. Despite visual differences in
sediment composition here, all of these intervals from 120 to the top of the core are classified as
mixed flat (De3).

4.3.3. Core 20

The estuarine sediment in core 20 is 1.5 m thick and is underlain by silty grey diamicton and peat
(dated 8,416 *C yrs BP), similar to that seen in cores 18 and 19. The base of the estuarine sediment,
between 150 and 130 cms, is classified as gravel bed (Del) and hosts disarticulated bivalve shells and
angular clasts of andesite up to 30 mm in diametre. The top of the gravel bed is defined by a sharp
lithological change at 127 cm depth, where sediment above is finer and more rounded. Fine sand
deposits, between 130 and 105 cm depth, are classified by models 1-TG and 2-TG as foreshore (De8)
and outer estuary respectively. Above 95 cm, however, classifications become less well-defined and
inconsistent between models 1-TG and 2-TG. Model 1-TG classifies four of thirteen intervals as pro-
ebb delta (De9) with all others as sand flat (De4), suggesting inner estuary deposition dominated.
However, Model 2-TG classified seven of thirteen intervals as outer estuary and others as inner
coarse, pointing towards a more balanced inner-outer deposition with a slight preference of outer
estuary. There are no sedimentary structures present in this core to aid in the interpretation of these
deposits.

4.3.4. Environmental correlation of the Saltcoats tidal flat subsurface

The three cores previously presented have been arranged into a scaled panel facing east to facilitate
environmental correlations based on machine learning classifications; correlations are displayed with
simplified graphic lithology and Model 1-TG classifications for each core (Fig. 8). Correlations
between cores have been made based on Model 1-TG and 2-TG classifications connecting equivalent
sub-depositional environments.

Figure 8 shows that diamicton and peat underly the whole Saltcoats tidal flat at approximately --1 m
elevation in cores 18 and 19, rising to 0 m elevation in core 20. Sand-dominated environments or a
gravel bed, which typically fine upwards into the mud and mixed flats present at the surface sit,
above the diamicton in each core. A thin correlatable package of mixed inner coarse and outer
estuary sediment is interpreted to be present between cores 19 and core 20 with inner coarse above
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this. In cores 18 and 19, the sequence of sand flat — mixed flat — mud flat — mixed flat is interpreted
to be correlatable, forming horizontal bedding surfaces which terminate before reaching core 20,
here illustrated by an interfingering morphology. Core 18 was recovered from the mud flat (De2) sub-
depositional environment but this appears to be a thin veneer as it is not present in the top of the
core, which begins at 30 cm depth. To remain consistent between surface and subsurface
environments, a thin package of mud flat is indicated on the tidal flat surface which terminates about
half-way between cores 18 and 19. The tidal bar (De5) package present at the base of core 18 is not
considered to be correlatable with other cores, and is shown to interfinger with the overlying and
adjacent inner estuary sand flat (De4) because, at the surface, tidal bars are seen to be exclusively
adjacent to inner estuary environments, rather than interfingering with the outer estuary intervals at
the base of core 19. It is noteworthy that this machine learning-led reinterpretation of the cores,
based on a combined geochemical- and textural-informed model, has revealed a rich image of the
depositional evolution of this apparently simple area over the last ~ 9,000 years.

5. Discussion

5.1. Geological links between geochemical elements and feature importance

Recursive feature elimination revealed that of 29 elements used by the model, just five elements
account for 22.2 % of the 24.5 % overall increase in accuracy from Si (the most important element);
these are highlighted as ‘very informative’ (green) on Fig. 3; these five elements are Pb, Al, Ca, Mn,
and S. Si, Al, and Ca are major mineral-forming elements, with Si and Al present in the Ravenglass
estuary as quartz, feldspars, and clay minerals (i.e., chlorite, kaolinite, and illite) (Griffiths et al.,
2019a). Considering this, it is possible that Si and Al may be used to distinguish Si-rich/Al-poor
sediments of coarse -grained environments from Si-poor/Al-rich fine -grained environments which
host a greater proportion of Al-bearing clay minerals (Van Hoang et al., 2010; Muhammed et al.,
2022). Lead, perhaps surprisingly, is shown to be the second most important element used by the
XGBoost model to distinguish sub-depositional environments, leading to a 9.18 % increase in overall
accuracy when included with Si (Fig. 3). Lead mineralisation (as galena, PbS) has been widely
reported across Cumbria, present in mineral veins also associated with pyrite and other sulphide
minerals containing Cu, Zn, and As, elements which are also shown to be ‘informative’ after recursive
feature elimination (Cameron et al., 1993) (Fig. 3). Calcium (3.91 % increase from Al) is mainly
present in the estuary in carbonate minerals as detrital grains (i.e., dolomite derived from the nearby
Lower Triassic Sherwood Sandstone) and shell material (Griffiths et al., 2019a). Muhammed et al.
(2022) reported that Ca concentration was highest in mud flat, mixed flat, and southern foreshore
environments, reflecting the distribution of carbonate minerals reported by Griffiths et al. (2019a).
The simple RPART classification model of Muhammed et al. (2022) used the index K/(K + Ca) to
partition samples of northern foreshore from sand flat and tidal bar, and the index Ca/(Ca + Fe) to
partition samples of southern foreshore from pro-ebb delta. Mn (3.46 % increase from Sr) is not a
major constituent of any common minerals in the estuary, but instead may be present as a trace
element in detrital lithic grains containing chlorite or biotite, possibly substituting for Fe due to
similarities in geochemical properties. Sulphur is also shown to have a significant impact on model
performance (1.74 % increase from Mn), and is interpreted to be present in the sediment mainly as
iron sulphide, with pyrite (FeS2) as the main identified sulphide mineral present in the estuary (
Griffiths et al., 2018). Pyrite in the estuary surface is restricted to mud and mixed flat environments
as framboids which may be embedded in clay grain coats, interpreted to form by bacterial sulphate
reduction of marine aqueous sulphate (Berner, 1980; Griffiths et al., 2018).
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In the broadest sense, the bulk sediment input into an estuary reflects its hinterland geology and
local weathering processes, ultimately affecting the mineralogy and geochemistry of sediment within
the estuary (Garzanti et al., 2009; Caracciolo, 2020). The results of geochemical modelling therefore
reflect not just hydrodynamic processes, and the resulting organisation of sub-depositional
environments (which are intrinsic processes in marginal marine systems), but also aspects of the
specific system that are extrinsic, i.e.e.g., sediment provenance. The prominence of lead (Pb) in
geochemical modelling here highlights the issue of hinterland-specific provenance as lead
occurrence is likely to be due to the presence of lead mineralisation in the hinterland (Cameron et
al., 1993). Without lead mineralisation in the hinterland, it is possible that lead levels in the sediment
would be below detection and therefore not useful for the classification models. The interaction of
physical grains and estuarine hydrodynamic processes results in the observed heterogeneity in
sediment texture; consequently, the observed heterogeneity in geochemistry is largely a function of
how extrinsic factors affect how mineralogy changes with grain size rather than directly influencing
hydrodynamic interaction (Boyd et al., 2006; Garzanti et al., 2009; Ainsworth et al., 2011). Therefore,
it is suggested that applying geochemical classification models developed for one hydrodynamic
basin to another is probably inappropriate and likely to be less accurate than applying textural
models as sediment texture reflects processes which are intrinsic, whereas geochemistry is strongly
controlled by provenance, possibly introducing informative system-specific elements into models, as
is seen in the Ravenglass Estuary.

5.2. Classification model performance

In this study we have employed the general workflow of Houghton et al. (2023) and adapted it to
semi-automatically select informative geochemical elements for inclusion in training data in the
same sedimentary system, the Ravenglass Estuary, to predict sub-depositional environment using
combined sediment texture and geochemistry. Simple recursive partition classification schemes
attempts were also developed by Simon et al. (2021) and Muhammed et al. (2022). Therefore, we
can make direct comparisons to these models, and discuss where and why the performance of
textural and geochemical models may differ.

Model 1-T presented here, compared to the results of Houghton et al. (2023), has improved recall
scores for Tidal bars (De5; 0.468 vs 0.214) and Tidal inlet (De6; 0.524 vs 0.0). The difference between
these two models is the addition of new datapoints sampled from De5 and De6, and slight expansion
of hyperparameter search ranges. With additional training/testing data, these two previously poorly
predicted classes may have passed a threshold to become defined enough within the machine
learning model so that their accuracy has increased. However, one effect of this additional sampling
has also been to decrease the specificity scores of both De5 and De6 environments, meaning that
these classes are now more susceptible to false positives (Fig. 4A).

Model 1-G and Model 2-G have mean overall accuracies of 57.90 % and 82.98 % respectively.
Muhammed et al. (2022) were able to achieve overall accuracies 72.3 % and 87.0 % for equivalent
models using the decision tree-based (but not gradient boosted) Recursive Partitioning and
Regression Trees (RPART) algorithm trained using indices of selected geochemical elements. The
decreased accuracies presented here for Model 1-G and 2-G in comparison may be because XGBoost
has reduced overfitting, and is sensitive to outliers, however the RPART model may be overfitted,
producing a model that is more accurate but less representative. Additionally, in this study we have
supplemented the original dataset with samples from sub-depositional environments which have
been shown to perform poorly in classification models (e.g., pro-ebb delta, tidal bars, and tidal inlet)
in order to achieve a more balanced dataset, resulting in the models appearing to perform worse
overall purely as a result of additional sampling (Simon et al., 2021; Houghton et al., 2023).
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Muhammed et al. (2022) selected their geochemical element indices used for model training by
analysis of variance (ANOVA) and honestly significant difference (HSD) tests, which provided the
justification for splitting of sub-depositional environments based on geochemistry. We have built on
this approach by allowing potentially all of the geochemical data to be used, rather than a limited
number of indices which may not capture all informative features and demonstrated a semi-
automated approach for element selection by recursive feature elimination that improves model
performance by removing uninformative features.

Combining textural and geochemical data to train models improves classification accuracy when
compared with independent datasets (Fig. 4). With both data types available in the training process,
the most informative features can be exploited further in more dimensions. This means it is possible
that the model can use the pre-defined textural differences between tidal flat sub-depositional
environments (Table 1) whilest simultaneously being able to recognise the sand-dominated sub-
depositional environments, such as De4, De6, and N-De8, which are better distinguished using
geochemistry in Model 1-TG (Fig. 4A, C & E) and reducing confusion between inner coarse and outer
zones in Model 2-TG (Fig. 4B, D, F). However, this effect is not seen in all sub-depositional
environments; in Model 1-T, five of eight S-De8 samples are correctly classified, yet this is not carried
forward into Model 2-TG where only two samples are correctly classified (Fig. 4F). This may be
because, despite an apparent strong distinction when using texture, there is a contradicting
geochemical signal which introduces uncertainty which that cannot be resolved by the modelling
process.

5.3. The history of deposition in the Saltcoats tidal flat

Estuarine sediment in the Saltcoats tidal flat is underlain by diamicton, which is in turn underlain by
peat. The grey diamicton, described at the base of the estuarine sediments were was interpreted by
McGhee et al. (2022) to be part of the Ravenglass Till Member (RVT). The RVT was described by
Merritt and Auton (2000) as a massive brown subglacial diamicton with metre-scale thickness
deposited during the Late Devensian, approximately 20,000 yrs BP. The diamicton observed beneath
Saltcoats, at approximately 3 m depth, is grey and locally contains laminations and/or organic
material. The peat that immediately underlies the diamicton was dated reported by McGhee et al.
(2022) to sit between 8,094 and 9,309 14C yrs BP in core thereby constraining the age of the
diamicton. These features and dates are not consistent with the description or timing of the RVT. It is
instead suggested that the thin diamicton deposit here is more likely to represent post-glacial
lacustrine clay-peat deposits, similar to those reported by Smith et al. (2022) and Coleman et al.
(2021) in other parts of west Cumbria.

The machine learning classification output (from Model 1-TG and Model 2-TG) provides an unbiased
interpretation of the subsurface estuarine deposits in the Saltcoats tidal flat as an alternative to
qualitative core description presented by McGhee et al. (2022). Across the three cores, all eight sub-
depositional environments are classified by Model 1-TG (Figs. 5, 6, 7). However, intervals classified as
pro-ebb delta or southern foreshore (as in core 20; Fig. 7B) are unlikely to actually represent
deposition in these specific sub-environments due to confusion with other sand-dominated
environments based on surface training/testing data (Fig. 4E). However, tThe classification of outer
estuary sediment in these same intervals by Model 2-TG (Fig. 7C) is a more reliable classification than
specific sub-depositional environment classifications made by Model 1-TG, as indicated by the
minimal confusion with inner coarse samples and very high evaluation metrics (Fig. 4E; Table 5).

Significantly, outer estuary intervals are classified at the base of the estuarine sediments in the
present inner estuary (e.g., cores 19 and 20; Figs. 5, 6, 7). This suggests that the shoreline was set
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back (further east) by up to 1.4 km relative to its current position and the site has since transitioned
to the inner estuary. This interpretation is consistent with the Holocene transgression and marine
incursion which occurred prior to the formation of the central basin. Subsequent coastal
progradation during gradual sea level fall sheltered the area from the high energy, wave-dominated
environment of the outer estuary by the formation of the Drigg Spit (Lloyd et al., 2013; McGhee et
al., 2022). Upon transition to a relatively quiescent, inner estuary environment, conditions appear to
have remained similar to those found at the present time such as to allow the deposition of mud and
mixed flat seen across the present day Saltcoats surface. This points towards tidal processes and
deposition from suspension dominating across the Saltcoats tidal flat since the transition to inner
estuary.

The basal estuarine sediments in core 18 (Figs. 5, 8) have been classified as tidal bar (De5), which
given the high specificity score of 0.964 (Table 4), suggests that this is a reliable classification. This
interpretation is supported by an inner coarse classification by Model 2-TG (Fig. 5). Presently in the
estuary, tidal bars form in a channel or immediately adjacent to a channel, suggesting that a river
channel once ran under the tidal flat at this location. The orientation of this channel cannot be
determined based on the available data; however, it may represent an early northeast-flowing
diversion of the Irt following the arcuate shape of the tidal flat saltmarsh margin, or a westward
flowing diversion of the Mite. Fig. 9 shows a possible spatial evolution of sub-depositional
environments over time in the Saltcoats tidal flat, based on the environmental interpretation of the
correlation panel by machine learning classification and knowledge of the previous highstand (~6,500
yrs BP) and subsequent gradual sea level fall within the estuary (Fig. 8) (McGhee et al., 2022).
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Fig. 9. Schematic diagram of possible local evolution of estuarine sedimentation in the Saltcoats tidal
flat. Four time steps are shown: A) post-glacial Holocene highstand (<6000 yrs BP; McGhee et al.,
2022) prior to spit development; B) partial spit development and sea level fall cause outer estuary to
retreat; C) advanced spit development and sheltering of Saltcoats from high energy wave action; D)
present-day environment (Rl = River Irt input; De2 = Mud flat; De3 = Mixed flat; De4 = Sand flat; De5
= Tidal bar).

5.4. Implications for Ppredicting estuarine sandstone reservoir quality

Conventionally, high reservoir quality can be found in well-sorted, quartz-rich, clay-poor sediments (
Beard and Weyl, 1973). In the Ravenglass Estuary, coarse inner estuary (sand flats and tidal bars) and
outer estuary environments are well sorted with the least clay-grade material (Wooldridge et al.,
2018; Griffiths et al., 2019a). Fine-grained inner estuary environments (mud and mixed flats) are
poorly sorted and contain more than >10 % mud-grade material by volume which is likely to lead to
conventionally poor reservoir quality, with mud flats experiencing enhanced ductile mechanical
compaction due to a greater abundance of ductile clay minerals (Worden and Utley, 2022).

With the onset of quartz cementation upon deeper burial (>2 km depth at > 70 °C), quartz-rich
sediments (such as coarse inner and outer estuary environments) may develop extensive quartz
cement, destroying porosity and permeability (Worden and Burley, 2003; Ajdukiewicz and Lander,
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2010). In finer-grained, inner estuary deposits, however, reservoir quality may be preserved due to
the development of diagenetic clay grain coats, acting to inhibit the development of quartz
cementation, and formed by the transformation of detrital clay coat precursors (Griffiths et al., 2019a
; Virolle et al., 2019a; Griffiths et al., 2021). It has been reported that a clay mineral volume between
3.5 and 13.0 % is sufficient to form continuous grain coats, termed the ‘Goldilocks zone’ by
Wooldridge et al. (2017b) because, in this range, there is enough clay material to effectively inhibit
guartz cementation but not so much as to block pore throats, which would negatively affect reservoir
quality. In the Ravenglass Estuary, the Goldilocks zone comprises central basin tidal flats, and upper
estuary tidal bars (Wooldridge et al., 2017b), where the equivalent environments in this study are
mud flat (De2), mixed flat (De3), and tidal bars (De5). Wooldridge et al. (2019a) reported mud flat
clay content varied from 8.7 to 17.8 % indicating, in some cases, that mud flats contained too much
clay to preserve reservoir quality. Conversely the clay content of tidal bars (vegetated and non-
vegetated) varied from 2.4 to 8.0 % indicating that some samples did not contain enough sufficient
clay to lie within the Goldilocks zone (Wooldridge et al., 2019a). In the case of mud flats, however,
clay content varied from 3.8 to 13.7 %, indicating that most samples sat within the Goldilocks zone,;
it is therefore suggested that mixed flats (De3) are the optimum target for reservoir quality-
preserving clay grain coats and will be the focus for further discussion. Using our combined approach
of textural and geochemical analysis with machine learning, we have shown that the environments
within the Goldilocks zone can be reliably classified by the models in the case of mud flats and mixed
flats, but is less reliable for tidal bars (Fig. 4E, F).

The traditional interpretations made by McGhee et al. (2022), suggested that these cores are
dominated by mixed flats with minor mud flats, an interpretation which might suggest it hosts grain
coats and thus has a high potential for enhanced reservoir quality upon deep burial. However, the
automated machine learning classification model presented here suggests that the deposits are
much more varied, containing coarse inner estuary sand flats and outer estuary sediment as well as
mud and mixed flats. For example, the basal package of each core presented here was interpreted to
be ‘mixed flats’ by McGhee et al. (2022), however, Model 2-TG labels them as coarse inner (in core
18; Fig. 5) or outer estuary sediment (in cores 19 and 20; Figs. 6, 7) using Model 2-TG, suggesting
limited potential of grain coat formation and high susceptibility to quartz cementation upon deep
burial (Griffiths et al., 2019a). Overall, the classification of Model 1-TG agrees with the interpretation
of McGhee et al. (2022) in 24/42 intervals in core 18 (Fig. 5), 25/42 intervals in core 19 (Fig. 6), and
0/22 intervals in core 20 (Fig. 7). Across all three cores, most disagreements occur in sand-rich
intervals, representing 41 of 57 disagreements, with remaining 16 out of 57 disagreements in the
definition of mud flat (De2) and mixed flat (De3) intervals. This outcome highlights how the
classifications made by Model 1-TG and Model 2-TG are able to discriminate packages of mixed flat
from inner estuary sand flat and outer estuary environments in the core with a direct link to surface
properties, where a standard facies approach would not be capable of this subtle differentiation. The
ability to distinguish sub-depositional environments in such a way in core has further implications on
understanding the sub-depositional environment-related variability of reservoir quality upon burial
and diagenesis (Griffiths et al., 2019a). Here we have found that mixed flats are abundant in the
subsurface of the Saltcoats tidal flat (Figs. 5, 6, 8), and constitute 43 % (18/42) of classified intervals
in core 18 (Fig. 5), and 48 % (20/42) of classified intervals of core 19 (Fig. 6). These proportions
suggest that sheltered tidal flats are a stable environment for the long-term accumulation and
preservation of Goldilocks zone mixed flat sediment as well as forming a really extensive deposits
which may host enhanced porosity and permeability upon deep burial due to the inhibition of quartz
cementation by clay grain coats (Fig. 1C). However, thicker mixed flat deposits may also be associated
with mud flat baffles, as seen in cores 18 and 19, potentially limiting connectivity of these deposits (

25



Fig. 8). The subsurface classifications using machine learning models can provide basic information
on grain coat potential by analogy to equivalent surface sub-depositional environments however
these links require confirmation by mineralogical and grain coat coverage analysis; here we provide a
framework to investigate these aspects in the subsurface.

Results presented here show that the inner estuary mixed flats (De3) have high evaluation metrics,
with a minimum of 0.786 across all metrics (Table 6). Values to highlight are specificity (Table 3),
which, across all models, has a minimum value of 0.948, indicating that samples which are not mixed
flat are rarely incorrectly labelled as mixed flat. For mixed flats, Models 1-T and 2-T perform highly
across all metrics, and this is expected due to the original texture-based definition of mixed flats
(between 50 and 90 % sand fraction) which are identified easily by the models and exploited. For
Models 1-G and 2-G, however, there are no pre-defined geochemical characteristics that can be used
to discriminate mixed flat from other environments. As such, performance metrics of geochemical
models are lower than the textural models but still remain high, with recall values (the rate of true
positive prediction versus false negatives) of 0.786 and 0.799, and mean F1 scores (a measure of
accuracy combining precision and recall which does not take into account true negatives) of 0.786 to
0.810, indicating that De3 samples are reliably identified, and that their accuracy is not inflated by an
imbalance of true negatives (Tables 3 & 6). Importantly, specificity values remain very high (0.948
and 0.956 for Models 1-G and 2-G respectively) and comparable to those of the textural models (
Table 6). These results suggest that geochemistry is a reliable predictor for the mixed flat
environment, and therefore potentially suitable for identifying sediments with a high likelihood of
containing reservoir quality-enhancing grain coats.

Madel Specificity Precision Recall Fl-senre Balanced
name accuracy
Model 1= 0555 0969 0.939 0.951 L9067 (1.036)
T [0.005) (0.031) (0.074) (0.037)
Model 2= 0.561 0,867 0.937 0,858 0,949 (0.026)
{0.016) (0L045) (0L062) {0.028)
Muodel 1- 0948 0800 0.786 0.787 0,867 (0.054)
G [0.022) (0.048) (0.119) (0.063)
Model 2= 0556 0823 0.759 0810 LE78 (0.059)
G (0.017) (0071} (0.103) (0.08E)
Model 1-  0.958 0.870 0.957 0.908 0.958 (0.010)
TG ([0.034) (0L0B2) (0L029) 0.00E9)
Model 2= 0964 0.875 0.947 0.909 01.955 (0.007)
TG (0.012) (0.033) (0.019) (0.014)

Table 6 A comparison of mean evaluation metrics for the Mixed Flat (De3) sub-depositional
environment, most likely to host the optimum amount of clay minerals for grain coat generation,
across 4-folds of testing data (1 standard deviation in parentheses) for all six XGBoost classification
models presented (Fig. 4).

5.5. Machine learning as a tool for aiding reservoir quality prediction

Machine learning is being increasingly explored as a tool to aid reservoir quality prediction in oil and
gas fields, and can be utilised in any geological setting, with almost any data type (Saporetti et al.,
2019; Yasin et al., 2021; Hansen et al., 2023; Liu et al., 2023). Wireline log data have been used as
predictors for diagenetic facies or litho-facies due to the ubiquitous acquisition of wireline data and
its utility in distinguishing sediment attributes and reservoir properties even without machine
learning techniques (Dubois et al., 2007; Xie et al., 2018; Sun et al., 2020; Deng et al., 2021). In the
tidal flat-dominated Longtan Formation of the Sichuan Basin, Liu et al. (2023) reported that wireline
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data can be used to predict eight lithofacies classes with recall values ranging between 0.60 and 1.00
when using a Random Forest model, a supervised decision tree-based algorithm comparable to
XGBoost. The performance of Model 1-TG in this the present study has comparable recall scores for
mud flats, mixed flats, sand flats, and both foreshore environments (Table 4) whereas tidal bar, tidal
inlet, and pro-ebb delta have lower recall scores due to confusion with other sand-dominated
environments because of their textural and geochemical similarity (Fig. 4A, C, E).

Hansen et al. (2023) employed a supervised machine learning approach using wireline log data as
predictors for core plug helium porosity for regional prediction of reservoir quality in the Stg
Formation, SW Barents Sea. Based on petrographic evidence, illite grain coats were concluded to
have inhibited the growth of quartz cement and are considered to be the most important control on
reservoir quality in the formation (Hansen et al., 2017; Lgvstad et al., 2022). Previous studies of the
illite grain coats focused on thin section analysis and core plug helium porosity, however Hansen et
al. (2023) highlighted the need for core, and limited resolution and discontinuous nature of the data
as downsides of these techniques.

The approach outlined in this study has demonstrated that sub-depositional environments within the
‘Goldilocks zone’ of grain coat coverage can be reliably predicted using geochemistry and textural
data. Further work could attempt to translate sub-depositional environment-based near-surface
studies and machine learning approaches into subsurface deposits to predict facies that host
reservoir quality-enhancing grain coats. The workflow used in this study could be used as an
additional tool when conducting reservoir studies, for application to XRF data obtained from core, or
down-hole geochemical logging tools (Herron and Herron, 1990). Post-depositional diagenetic
processes may act to alter geochemical or textural attributes in lithified sediment which could affect
predictions of depositional facies and so these processes should be understood before attempting to
employ the approach we present (Morad et al., 2000). In this study we have chosen sub-depositional
environments as the classification labels, however this could be adapted to predict facies (if reservoir
quality is facies-controlled), or it may be adapted to a quantitative regression problem to predict clay
coat coverage or porosity. Such models would allow for high resolution and continuous interpolation
of reservoir core, providing information to improve reservoir models. This could include highlighting
intervals of high or low reservoir quality, or providing information on the distribution of grain coats in
a core (if they are present).

6. Conclusions

In this study, textural and geochemical data from the surface of a modern macro-tidal estuary (the
Ravenglass Estuary, northwest England) have been used as predictors for sub-depositional
environment and estuarine zone using an established machine learning (ML) workflow utilising the
Extreme Gradient Boosting algorithm in RStudio. Six surface-calibrated classification models have
been trained and evaluated to explore the effectiveness of different data types in creating machine
learning classification models. The most accurate models (integrated geochemistry and texture) were
used to classify sub-depositional environment for equivalent data obtained from five-centimetre
intervals of three cores drilled through a tidal flat in the Ravenglass Estuary as a framework to
investigate environmental evolution and point towards clay grain coat potential.

¢ Recursive feature elimination (RFE) of geochemical elements found that the five most important
elements are (in order of decreasing importance): Si, Pb, Al, Ca, and Mg. RFE also showed that some
elements provide no information for the machine learning models or decrease overall model
accuracy, and so have been removed from training data.
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* Sediment geochemistry can be used to predict sub-depositional environment (Model 1) and
estuarine zone (Model 2) in the Ravenglass Estuary using with an average overall accuracy of 57.90 %
and 82.98 % respectively.

¢ The most accurate sub-depositional environments in geochemical models are mud flat (85.36 %)
and mixed flat (78.62 %), likely due to differences in the abundance of mud-grade (<63 um)
sediment, linked with an increased proportion of clay minerals, and therefore varying geochemistry.

¢ Integrating geochemical and textural data to predict sub-depositional environment improves
performance in all but one class, and increases overall model accuracy by 5.86 % (compared to
texture-only models) and 15.7 % (compared to geochemistry-only models) to predict sub-
depositional environment (Model 1). Integration of the geochemical and textural data also results in
improvements of 3.23 % (compared to texture-only models) and 6.5 % (compared to geochemistry-
only models) to predict estuarine zone (Model 2).

¢ The machine learning models created here to predict sub-depositional environment have been
used to classify the palaeo-sub-depositional environment in three cores from a modern-day tidal flat
in the Ravenglass Estuary. The ML output suggests an environmental transition occurred, possibly
related to sea level change or spit development, which sheltered the central basin from wave action
and allowed deposition of clay from suspension.

¢ In contrast to traditional core description and facies analysis, we are able to interpret the sub-
depositional environment distribution in core with quantitative links to surface environments,
providing a scheme for further analysis to understand grain coat potential.

¢ The mixed flat sub-depositional environment in the Ravenglass Estuary has been linked to the
‘Goldilocks zone’ of optimum potential for reservoir quality-enhancing grain coats at the surface and;
this environment can be accurately predicted using a geochemistry-based machine learning model
(up to 83.3 % accuracy).

¢ Using this study as an analogue, it is here suggested that employing the machine learning method
outlined here on deeply buried clastic marginal marine systems to predict facies based on
geochemistry and/or texture could serve to improve subsurface characterisation models of
reservoirs. However, attention must be paid to understand how post-depositional diagenetic
processes may have altered geochemical and textural properties since deposition which could affect
classification models.
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