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Abstract

This study applies Extreme Gradient Boosting (XGBoost) to examine how geological age clustering affects the predict-
ability of light rare earth elements (LREEs: La—Sm) and heavy rare earth elements (HREEs: Eu—Lu) in the northwestern
Iranian karst bauxites. Major oxides and weathering indices (CIA and CIW) were used as predictors, revealing contrast-
ing behaviors between the Paleozoic and Mesozoic deposits. LREEs exhibited high accuracy in the Mesozoic deposits,
whereas HREEs achieved the best predictability in the Paleozoic samples, reflecting distinct mineralogical controls. Vari-
ability in cerium, linked to paleoredox conditions, reduces LREEs model performance in the Paleozoic, while phosphate
phases strongly influence HREEs enrichment. Feature importance consistently identifies P,Os as the dominant predictor
for both LREEs and HREEs across all deposits, highlighting the key role of phosphate minerals in lanthanide incorpo-
ration, whereas major oxides contribute less. CIA and CIW further enhance predictive accuracy, indicating that subtle
variations in paleoweathering conditions affect lanthanide distribution and model performance. The LREEs and HREEs
prediction models demonstrate promising potential, and further cross-validation across global karst bauxite deposits could
improve understanding of the factors controlling REEs distribution, ultimately supporting more efficient and cost-effective
exploration strategies for these critical metals.
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Introduction

Rare earth elements (REEs), spanning atomic numbers 57
to 71 from lanthanum to lutetium, constitute a group of met-
als with remarkably similar chemical and physical prop-
erties. REEs are classified as critical raw materials in the
latest Study on Critical Raw Materials for the EU (Grohol
and Veeh 2023) and as critical minerals in both the 2022
U.S. Geological Survey report and the China’s 2023 Critical
Minerals List (Li et al. 2023). These elements play an essen-
tial role in advanced technologies and/or materials, includ-
ing metallurgical processes, permanent magnets for electric
motors and generators, lighting phosphors, catalysts, bat-
teries, fiber optics, optical amplifiers, lasers, glass, and
ceramics. China overwhelmingly dominates global REEs
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production, supplying 85% of light REEs (LREEs: La—Sm)
and 100% of heavy REEs (HREEs: Eu-Lu+Y) (Grohol and
Veeh 2023). The global REEs market is experiencing rapid
growth, with a market value reaching $7.29 billion in 2023
and a compound annual growth rate of 10.8%. Despite their
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relatively high total abundance in the Upper Continental
Crust (146.4 ppm, McLennan et al. 2006), REEs primar-
ily occur as substituent in common rock-forming minerals,
rather than forming their own distinct mineral phases (Kes-
ler et al. 2015). Economically significant REE-bearing min-
erals include bastndsite, xenotime, monazite, synchysite,
eudialyte, loparite, and parisite, along with ion-adsorption
clay deposits (Castor 2008; Yanfei et al. 2016; Wang et
al. 2017; Mongelli et al. 2018; Ahmadnejad and Mongelli
2022).

The growing demand for REEs and the geographi-
cally restricted production of these resources have spurred
heightened interest in evaluating their distribution and frac-
tionation models from alternative sources, such as sedimen-
tary deposits. Among these, karst bauxites are particularly
promising, due to their potential for concentrating metals
that are critical to modern technologies (e.g., Liu et al.
2016, 2020; Mongelli et al. 2016, 2017, 2021; Khosravi et
al. 2017, 2025; Gamaletsos et al. 2019; Salamab-Ellahi et al.
2019; Abedini et al. 2021, 2024; Ahmadnejad and Mongelli
2022; Sofis et al. 2025).

Over the past decade, extensive research has been con-
ducted on the distribution and geochemical fractionation
processes that influence critical metals, particularly REEs,
in the Iranian karst bauxites (Khosravi et al. 2017, 2025;
Salamab-Ellahi et al. 2019; Abedini et al. 2020a, b, 2021,
2022a, b, 2024; Ahmadnejad and Mongelli 2022). These
deposits are part of the Irano—Himalayan karst bauxite belt
and exhibit similarities to the Mediterranean-type deposits.
The karst bauxite deposits in northwestern Iran primarily
formed through long-term weathering of a mafic protolith
and are predominantly composed of diaspore and/or boehm-
ite, with no gibbsite occurrence (Khosravi et al. 2017; Abe-
dini and Khosravi 2020; Abedini et al. 2020b, 2021, 2022b,
2024).

Machine learning (ML) algorithms have been applied
in geosciences since the 1950s (Dramsch 2020). In recent
decades, ML applications have made significant advance-
ments, surpassing traditional methods in their ability to
handle multiple geological variables, and thus model com-
plex nonlinear interactions among geological parameters
(e.g., Cracknell and Reading 2014; Saporetti et al. 2018;
Dumakor-Dupey and Arya 2021; Zuo et al. 2021). Iron
(Zhang et al. 2023), copper (Esmaeiloghli et al. 2023),
and gold (Silva dos Santos et al. 2022) deposits are among
the most frequently analyzed ore deposits using ML tech-
niques. Recently, Buccione et al. (2024) successfully pre-
dicted the distribution of HREEs (Eu—Lu) in the Cretaceous
Mediterranean-type karst bauxite deposits of southern Italy.
They used Al,0O;, Fe,05, TiO,, and SiO, as input variables
with an Extreme Gradient Boosting (XGBoost) model,
achieving high accuracy in predicting HREEs (R?~0.830,

@ Springer

RMSE~7.299, MAE ~5.091). Additionally, feature impor-
tance inputs were interpreted.

Although a broad range of supervised ML algorithms are
available, recent studies suggest that the most accurate and
successful algorithms used in geochemical investigations
are XGBoost and random forest (RF) (Parsa 2021; Zhang et
al. 2021, 2023; Ibrahim et al. 2022, 2023; Chen et al. 2023;
Ye et al. 2023; Buccione et al. 2024). In this study, XGBoost
models were employed to improve the estimation of REEs
distribution in the northwestern Iranian karst bauxites.
Unlike previous research on lithology (e.g., Buccione et
al. 2024), which utilized all major elements to predict only
HREEs, the present investigation explores the impact of
clustering data based on geological age to examine changes
in performance for both LREEs (La—Sm) and HREEs (Eu—
Lu) through XGBoost. This study aims to provide insights
into the factors influencing REEs distribution. Furthermore,
the inclusion of additional parameters, such as the Chemical
Index of Alteration (CIA) and the Chemical Index of Weath-
ering (CIW), is assessed.

Geology of the deposits

The Iranian bauxite deposits belong to the Irano—Himala-
yan karst bauxite belt, exhibiting genetic similarities to the
Mediterranean-type bauxites (Khosravi et al. 2021, 2025).
These deposits are distributed across four major structural
zones: the Northwestern Iran (NWI), the Alborz Mountain
Chain (AMC), the Zagros Fold and Thrust Belt (ZFTB), and
the Central Iranian Plateau (CIP). Their formation spans a
wide temporal range, from the Middle-Upper Permian to
the Upper Cretaceous. In the NWI, bauxite deposits occur
across multiple stratigraphic intervals, including the Mid-
dle—Upper Permian, the Permo—Triassic, the Middle—Upper
Triassic, and the Upper Triassic—Lower Jurassic (Abedini et
al. 2021, 2022a, b; Khosravi et al. 2021). Notably, the pres-
ence of Ce-rich, Ti-rich, and high-field-strength elements
(HFSEs) bauxite ores is a distinguishing feature of these
deposits (Khosravi et al. 2017; Abedini et al. 2020b, 2024).

The Middle-Upper Permian NWI deposits

The Zagros orogenic belt of Iran, as part of the Alpine—
Himalayan orogenic system, comprises three parallel NW-
trending structural units: the Urumieh—Dokhtar Magmatic
Belt (UDMB), the Sanandaj—Sirjan Zone (SaSZ), and
the Zagros Fold and Thrust Belt (ZFTB) (Stocklin 1968;
Khosravi et al. 2019) (Fig. 1). The Middle-Upper Perm-
ian bauxite deposits within the SaSZ include the Shahin-
dezh, Kanigorgeh, Darzi-Vali, Sheikh-Marut, and Badamlu
deposits. These deposits formed within karstic depressions
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Fig. 1 Simplified tectonic map of Iran (Stocklin 1968), showing the
main tectonic domains and major strike-slip fault systems. The loca-
tions of the studied bauxite deposits in northwestern Iran are indicated

and sinkholes developed in the carbonate bedrock of the
Middle-Upper Permian Ruteh and Nessen Formations
(Figs. 2 and 3), occurring as irregular lenses and pockets of
variable thickness. Based on carbonate facies stratigraphy
and field observations, the relative chronological order of
these deposits from the oldest to the youngest is as follows:
Shahindezh, Kanigorgeh, Darzi-Vali, Sheikh-Marut, and
Badamlu (Abedini et al. 2020b).

The Permo-Triassic Arbanos deposit

The oldest rock units in the Arbanos area belong to the
Lalun Formation (Cambrian), composed of shale and
sandstone, and the Mila Formation (Cambro-Ordovician),
consisting of dolomite and quartzite. These units are uncon-
formably overlain by the shale and sandstone of the Dorud
Formation (Lower Permian) and limestone and dolomite
with intercalations of shale of the Ruteh Formation (Upper
Permian). The bauxite ores in this deposit occur as layers
and lens-shaped pockets along the contact between the car-
bonate rocks intercalated with shales of the Ruteh Forma-
tion and the dolomite of the Elika Formation (Fig. 2). They
exhibit a range of colors, including brownish-red, red, and

by filled circles and include: (1) Amir-Abad, (2) Sheikh-Marut, (3)
Badamlu, (4) Arbanos, (5) Kanigorgeh, (6) Shahindezh, (7) Darzi-Vali,
(8) Soleiman Kandi, and (9) Kani Zarrineh

greenish-cream. Two primary morphological types of baux-
ite ores are observed: stratified and massive. The massive
ores predominantly developed in close proximity to the
carbonate bedrock, whereas the stratified ores are more dis-
persed within the sequence.

The middle Triassic Kani Zarrineh deposit

The stratigraphic succession in the Kani Zarrineh area con-
sists of, from the oldest to the youngest, the Lower Pre-
cambrian rhyolite, gneiss, schist, slate, phyllite, shale, and
sandstone, followed by the Lower Precambrian shale and
sandstone of the Kahar Formation, and the Upper Precam-
brian dolomite of the Soltanieh Formation (Fig. 2). The
bauxite ores formed within karstic depressions and sink-
holes in the Lower Triassic carbonate units of the Elika
Formation (Fig. 3) and occur as layer-shaped and lenticular
bodies, ranging in thickness from 4 to 22 m and extending
approximately 2 km along a dominant N-S trend. The baux-
ite samples primarily exhibit earthy and massive textures,
with rare occurrences of ooidic and pisolitic forms, display-
ing a brownish-red to red coloration towards the upper part
of the succession.
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Fig. 2 Simplified geological map of the studied bauxite deposits in northwestern Iran. Locations correspond to those shown in Fig. 1 (modified

after Abedini et al. 2022)
The Triassic-Jurassic Amir-Abad deposit

In the Amir-Abad area, the oldest exposed rock units belong
to the Triassic dolomitic limestone of the Elika Formation
and the Lower Jurassic sandstone, siltstone, shale, and coal
of the Shemshak Formation. These units are overlain by the
Middle Jurassic marly limestones of the Dalichay Forma-
tion, the Upper Jurassic limestones and dolomitic limestones
of the Lar Formation, and the Cretaceous limestone of the
Tizkuh Formation. The bauxite ores occur as layer-shaped
and lenticular pockets at the contact between the dolomitic
limestone of the Elika Formation and the sandstone, shale,
and coal of the Shemshak Formation (Fig. 3). The depo-
sition of bauxite ores within depressions of the carbonate
footwall, the presence of karstified bedrock, and the sharp
lithological contact between the bauxite layers and the dolo-
mitic limestone bedrock of the Elika Formation are key geo-
logical features of this deposit.

The lower Jurassic Soleiman Kandi deposit

Bauxite ores in the Soleiman Kandi area can be classified
into two categories based on their stratigraphic position:
bauxites developed on a Permian substrate and those formed
on a Lower Jurassic substrate. The bauxites associated with
the Permian substrate occur as lenticular pockets, ranging
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in thickness from 4 to 25 m, within karstic depressions and
sinkholes in the carbonate footwall of the Ruteh Forma-
tion. These bauxite layers exhibit a NW-SE trend, extend
approximately 2.5 km in length, and display a range of col-
ors from reddish-brown to grey, dark green, and cream. The
bauxites developed on the Lower Jurassic substrate extend
over 4 km with a thickness of 6-25 m. They formed within
a synclinal depositional system at the contact between the
underlying dolomite of the Elika Formation and the overly-
ing sandstone, siltstone, and shale of the Shemshak Forma-
tion (Fig. 3).

Compiled dataset description and analysis
Data source

A comprehensive statistical summary of the whole dataset
(i.e., Paleozoic and Mesozoic), which includes 200 samples
(Khosravi et al. 2017; Abedini et al. 2019, 2020b, 2021,
2022b; Abedini and Khosravi 2020), is presented in Table 1.
The geochemical data reveal significant compositional vari-
ability. SiO, has a mean concentration of 25.94 wt% with
a standard deviation of 11.85 wt%, indicating substan-
tial heterogeneity among the samples. Al,O; and Fe,O,
exhibit mean concentrations of 37.92 wt% and 18.87 wt%,
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Fig. 3 Stratigraphic columns of the Paleozoic—-Mesozoic bauxite deposits in northwestern Iran, with the positions of the analyzed samples indi-

cated by filled circles

Table 1 Statistical summary of the entire dataset. The number of samples is 200. Data source: (Khosravi et al. 2017; Abedini et al. 2019, 2020b,
2021, 2022b; Abedini and Khosravi 2020)

Si0, (Wt%) Mean Std Min 25% 50% 75% Max
25.94 11.85 1.30 15.86 24.20 32.55 59.95

Al,O4 37.92 10.69 9.81 30.08 39.12 46.38 56.60
Fe,04 18.87 14.29 0.28 6.10 18.06 25.28 69.40
CaO 0.17 0.21 0.01 0.03 0.13 0.21 1.61
MgO 0.34 0.28 0.02 0.15 0.25 0.49 2.18
Na,O 0.12 0.14 0.01 0.03 0.07 0.12 0.79
K,0 0.47 0.46 0.01 0.13 0.27 0.77 2.65
TiO, 4.75 1.76 1.57 3.54 4.62 5.56 10.32
P,0; 0.25 0.20 0.02 0.09 0.23 0.32 0.99
LOI (wt%) 10.60 2.41 6.53 8.90 10.23 11.82 20.22
CIA (%) 98.12 1.43 90.47 97.28 98.27 99.34 99.89
CIW (%) 99.46 0.62 94.35 99.24 99.70 99.88 99.97
LREEs (La—Sm) (ppm) 349.43 403.40 1.16 76.76 214.82 425.80 2304.24
HREEs (Eu-Lu) (ppm) 39.45 31.16 0.23 14.53 32.50 55.33 157.48
(REEs+Y) (ppm) 433.77 451.07 18.71 104.91 316.56 534.21 2389.51

CIA (%)= 100 x [(ALO,)/(Al,O; + CaO* + Na,0+K,0)] (Nesbitt and Young 1982); CIW (%)= 100 x [(AL,O,)/(Al,0; + CaO* + Na,0)] (Harnois

1988)

respectively, reflecting the Al- and Fe-rich nature of the = weathering conditions. The concentrations of LREEs and
deposits. The loss on ignition (LOI), representing volatile ~ (REEs+Y) exhibit high variability, with mean values of
content, has a mean value of 10.60 wt%. The CIA and CIW  349.43 ppm and 433.77 ppm, respectively, and standard
both have mean values close to 100%, suggesting intense  deviations of 403.40 ppm and 451.07 ppm. These variations
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Table 2 Statistical summary of the Paleozoic dataset. The number of samples is 95. Data source: (Abedini et al. 2020b)

Si0, (wt%) Mean Std Min 25% 50% 75% Max

32.24 11.16 1.30 23.90 31.50 40.65 59.95

Al,O4 35.60 12.86 9.81 22.69 38.00 46.56 56.60
Fe,04 14.59 15.41 0.28 1.79 9.74 22.01 69.40
CaO 0.18 0.20 0.01 0.02 0.13 0.23 0.64
MgO 0.29 0.23 0.02 0.16 0.21 0.37 1.70
Na,O 0.18 0.17 0.02 0.07 0.11 0.20 0.79
K,0 0.32 0.29 0.01 0.14 0.26 0.40 1.46
TiO, 4.82 2.32 1.57 291 4.19 6.55 10.32
P,04 0.28 0.17 0.02 0.19 0.26 0.32 0.97
LOI (wt%) 10.95 2.66 6.99 8.87 10.70 11.88 18.59
CIA (%) 98.05 1.45 90.47 97.49 98.24 99.11 99.78
CIW (%) 99.15 0.72 94.35 98.78 99.32 99.67 99.92
LREEs (La—Sm) (ppm) 422.84 518.31 7.78 58.48 204.58 571.06 2304.24
HREEs (Eu-Lu) (ppm) 40.60 35.69 1.13 13.87 25.51 56.07 157.40
(REEs+Y) (ppm) 508.24 579.26 18.71 91.71 249.84 721.18 2389.51

Table 3 Statistical summary of the Mesozoic dataset. The number of samples is 105. Data source: (Abedini et al. 2019, 2021, 2022b; Abedini and

Khosravi 2020)
Si0, (Wt%) Mean Std Min 25% 50% 75% Max
20.24 9.31 3.37 14.02 18.01 25.61 45.82

Al,O4 40.01 7.67 21.64 34.29 39.75 4591 52.66
Fe,04 22.74 11.94 0.57 16.32 20.45 28.06 62.65
CaO 0.17 0.22 0.01 0.06 0.12 0.18 1.61
MgO 0.39 0.31 0.02 0.12 0.42 0.53 2.18
Na,O 0.06 0.07 0.01 0.02 0.04 0.07 0.60
K,0 0.60 0.54 0.01 0.13 0.42 1.02 2.65
TiO, 4.68 1.01 2.16 3.87 4.78 5.21 7.05
P,05 0.23 0.22 0.02 0.05 0.15 0.33 0.99
LOI (wt%) 10.29 2.13 6.53 9.12 10.01 11.55 20.22
CIA (%) 98.18 1.41 94.18 97.26 98.46 99.46 99.89
CIW (%) 99.75 0.28 98.04 99.71 99.84 99.92 99.97
LREEs (La—Sm) (ppm) 283.01 241.05 1.16 80.11 237.54 398.71 1298.55
HREEs (Eu-Lu) (ppm) 38.40 26.36 0.23 14.79 37.51 53.65 157.48
(REEs+Y) (ppm) 366.40 278.47 38.89 109.11 336.35 500.67 1486.23

highlight significant differences in REEs concentrations
across the dataset.

Table 2 summarizes the geochemical characteristics of
only the 95 Paleozoic samples from the total dataset of 200
samples. Compared to the entire dataset, these samples
exhibit a higher mean SiO, concentration (32.24 wt%), sug-
gesting silica enrichment in older deposits. The mean con-
centrations of Al,O; (35.60 wt%) and Fe,O5 (14.59 wt%)
are slightly lower than those observed in the whole data-
set, with relatively higher standard deviations, indicating
greater compositional variability. The CIA and CIW indices
remain high, supporting the interpretation of intense weath-
ering processes. The LREEs and (REEs+Y) concentrations
in the Paleozoic samples have higher mean values (422.84
ppm and 508.24 ppm, respectively), with greater variability,
which may be attributed to prolonged geochemical evolu-
tion over time.

@ Springer

Table 3 presents the statistical summary of only the 105
Mesozoic samples from the total dataset of 200 samples.
In contrast to the Paleozoic data, SiO, exhibits a lower
mean concentration (20.24 wt%), indicating reduced silica
content in younger deposits. Conversely, Al,O; and Fe,04
show higher mean concentrations of 40.01 wt% and 22.74
wt%, respectively, suggesting increased Al and Fe enrich-
ment. The LOI remains relatively stable, with a mean value
of 10.29 wt%. The CIA and CIW indices continue to dis-
play high values, but with slightly lower variability than
in the Paleozoic dataset, implying consistent weathering
conditions. The LREEs and (REEs+Y) concentrations are
lower in the Mesozoic samples, with mean values of 283.01
ppm and 366.40 ppm, respectively, exhibiting reduced
variability. These differences between the Paleozoic and
Mesozoic bauxites may reflect variations in source material
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and/or paleoenvironmental conditions during bauxitization
processes.

ML model

Various ML algorithms have been employed for geo-
chemical modelling; however, recent findings suggest that
XGBoost and RF are among the most accurate and effective
methods in geochemical investigations (e.g., Parsa 2021;
Ibrahim et al. 2022, 2023; Chen et al. 2023; Ye et al. 2023;
Zhang et al. 2023; Buccione et al. 2024; Tahar-Belkacem et
al. 2024). The geochemical data presented in Tables 1, 2 and
3 were utilized to develop the ML model, with a primary
focus on predicting LREEs and HREEs under different sce-
narios. The XGBoost algorithm was selected for this task,
due to its demonstrated superiority in regression problems,
particularly in subsurface datasets, including both physical
(Ouladmansour et al. 2023) and, more recently, geochemi-
cal data (Buccione et al. 2024; Tahar-Belkacem et al. 2024).

The performance of ML models, including XGBoost, is
highly sensitive to hyperparameter selection (Schratz et al.
2019). In this study, hyperparameter tuning was performed
using grid search, a widely employed technique known for
its mathematical simplicity and robustness (Bergstra and
Bengio 2012). Although computationally intensive, grid
search systematically explores various hyperparameter
combinations to optimize model performance. The tuning
process included adjustments to key parameters, such as a
base score of 0.9, a learning rate between 0.001 and 0.2,
a number of estimators ranging from 40 to 300, maximum
depths between 5 and 30, a minimum split loss of 0, a sub-
sample rate of 0.9, and a column sampling ratio per tree of
0.8 (Table 4). This systematic approach ensured the identifi-
cation of optimal hyperparameter combinations to enhance
predictive accuracy.

XGBoost is a gradient-boosting algorithm specifically
designed for decision-tree ensembles, initially introduced
by Chen and Guestrin (2016). It enhances predictive per-
formance by iteratively refining decision trees to mini-
mize errors from previous iterations. The primary goal
of XGBoost is to optimize its objective function, which

Table 4 Hyperparameter settings applied to the configured ML model

Algorithm Hyperparameter Optimum value selected
Base score 0.9
Colsample bytree 0.8
XGB n_estimators 300
Max_depth 30
Learning rate 0.2
Min_split_loss () 0
Reg_lambda (\) 1
Subsample 0.9

balances the model’s predictive performance and complex-
ity through regularization. The core objective function in
XGBoost in the g-th round is defined by Eq. (1):

n ,(g—1) T
L(g) — Z 1:11 (.Yi’yi =+ Fg (Xi)) + Z k:lQ (Fk) (1)

where 1 (yi, 3//1) represents the loss function, quantifying the

difference between the predicted ( }/;i) and actual ( y;) values.

Fg (xi) denotes the prediction generated by the new tree
added in the g-th iteration, Q (Fy) =y T+ A Y _ w ?
is the regularization term, which penalizes model complex-
ity by controlling the number of leaves (T) and the magni-
tude of leaf weights (w ;), and v and A are regularization
parameters that mitigate overfitting.

Model performance was evaluated using standard regres-
sion metrics: Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), and Coefficient of Determination
(R?). These metrics, defined in Eqgs. (2)—(4), quantify the
predictive accuracy of the model by comparing predicted
and observed values:

1
RMSE = N(XI—YI)Q,(OS RMSE < +00)  (2)
MAE = =5 YT - XI|, (0 < MAE 3

—NE _, IYI=XI[, (0 < <+o0)  (3)

LN, (x1) (XT)

V(X1 =X1)%/(v1-¥1

R? =

)2] ,(0<R?* < +1) 4)

where N is the number of observations, XI represents the
actual values, YI represents the predicted values, and X1
and Y1 are the mean of the observed X and Y.

Figure 4 shows a flowchart illustrating the ML meth-
odology prediction using XGBoost in the studied bauxite
deposits.

Results and discussion
Predictive performances for LREEs and HREEs

The predictive performance of the model for LREEs was
assessed across different geological periods, including the
Paleozoic and Mesozoic eras, with the incorporation of
geochemical indices, such as CIW and CIA (Tables 5 and
6; Figs. 5, 6, 7 and 8). The results, presented in Table 5;
Fig. 5, indicate strong predictive capability in Meso-
zoic, particularly for the Permo-Triassic, middle Triassic,
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Fig. 4 Workflow for ML predic-
tion using XGBoost in the north-
western Iranian karst bauxite
deposits

@ Springer

Data Preprocessing

(Data cleaning, and standardizing)

ra

Feature sclection

- (input variables: Oxides, CIW,

CTA)

- Age clustering

g

4
Apply ML

(XGBoost to predict LREEs ,

HREEs)

N\

La|Ce|Pr |Nd[Pm|Sm|Eu|Gd|Tb|Dy|Ho|Er |[Tm|Yb|Lu

if satisfactory

Interpret results

Model evaluation
(R?, RMSE. MAE)

if not satisfactory

Redesign expirement




Earth Science Informatics (2026) 19:30

Page90of17 30

Table 5 LREEs prediction error for the XGB algorithm (bold values
indicate the highest-performing combinations)

Era Combinations R? RMSE MAE

Paleozoic  Oxides 0.853 173.040 118.294
Oxides+CIW 0.783 210.56069 138.148
Oxides+CIA 0.8238  188.481 118.588
Oxides+CIW+CIA  0.8297 186.338 121.621

Mesozoic  Oxides 0.934 51.415 40.059
Oxides+CIW 0.951 51.876 40.888
Oxides+CIA 0.9096 69.832 53.568
Oxides+CIW+CIA  0.9099 69.708 53.454

Table 6 HREEs prediction error for the XGB algorithm applied to the
entire dataset (bold values indicate the highest-performing combina-

Triassic—Jurassic, and early Jurassic intervals. Notably, the
inclusion of the CIW index marginally improved model per-
formance, with values reaching up to 0.951, meaning that
the model explains 95.1% of the variance in LREEs predic-
tions. Additionally, the model exhibited low RMSE (51.876)
and MAE (40.888) values, further supporting its predictive
reliability. Conversely, the model demonstrated relatively
weaker performance for the Paleozoic era, particularly the
Middle—Upper Permian, where values ranged from 0.783
to 0.853. Furthermore, the inclusion of geochemical indi-
ces did not enhance predictive accuracy in these cases; for
instance, incorporating both CIA and CIW indices led to a
slight decrease in the value from 0.853 (using only major

tions)
Era Phase* R? RMSE  MAE elersr?en.tls) lto 1)1'1829' del’ dicti » for HREE
Paleozoic _ Oxides 0.922 8771 6.928 1miriary, te model s precictive periofmance 1or His LS
Oxides + CTW 0.897 0835 7367 was evaluated across different geological periods and with
Oxides+CIA 0.9367 7892 6.2425 the inclusion of CIA and CIW indices. The results, summa-
Oxides+CIW+CIA  0.955 6.642  5.5065 rized in Table 6; Figs. 7 and 8, indicate a lower correlation
Mesozoic  Oxides 0.778 12.034  8.908 compared to LREEs, yet lower error values were observed in
Oxides+CIW 0.620 13.595  9.582 the Paleozoic samples, particularly when the CIA and CIW
Oxides+CIA 0.600 13.926  9.841 index were included. The values for HREEs predictions
Oxides+CIW +CIA 0.666 12.631 9.249
Fig.5 Measured LREEs versus Oxides .
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reached a maximum of 0.955, suggesting that the model
explains 95.5% of the variance in HREEs concentrations.

Evaluation and interpretation of XGBoost
predictions

The application of ML in geochemical predictions has been
widely explored in recent studies (e.g., Zuo et al. 2019, 2021;
Nassif et al. 2021; Huang et al. 2022; Xu and Zuo 2024).
For instance, Tahar-Belkacem et al. (2024) demonstrated
that XGBoost consistently outperforms RF in predicting
REESs concentrations. Data clustering based on geochemical
fingerprints further enhances prediction accuracy. Addition-
ally, studies on bauxites (Buccione et al. 2024) showed that
XGBoost effectively models the distribution of HREEs in
the Cretaceous Mediterranean-type karst bauxite deposits
of southern Italy, yielding high predictive performance. In
the present study, our developed models extend these capa-
bilities to predict LREEs as well. A comparison of predicted
versus actual LREEs and HREEs values (Fig. 9) illustrates
the strong predictive power of XGBoost when using major
oxides in combination with the CIA and CIW. Furthermore,

@ Springer

the feature importance analysis provides insights into the
most influential variables in the predictions. Previous geo-
chemical studies have successfully employed feature impor-
tance scores to interpret variable significance in ML models
(e.g., Sun et al. 2023; Buccione et al. 2024; Zhang et al.
2024). Interestingly, in our case, feature importance scores
reveal that P,Oj is consistently the most influential predictor
across all age-constrained datasets (Fig. 10). This finding
underscores the critical role of P,Os in REEs distribution
modelling and highlights the strength of XGBoost in geo-
chemical analysis.

Constraints in LREEs prediction

The results of LREEs prediction reveal significant differ-
ences in model performance between the Paleozoic and
Mesozoic clusters. XGBoost captures approximately 95%
of the total variance in LREEs within the Mesozoic deposits
when using oxides as predictor inputs (R>=0.951). How-
ever, its performance decreases in the Paleozoic deposits
(R?=0.853), which can be attributed to differences in the
underlying data structure. Notably, the standard deviation
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Fig. 7 Measured HREEs versus
predicted HREEs for the XGB
algorithm in the Mesozoic
datasets
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of LREEs is higher in the Paleozoic deposits compared to
the Mesozoic ones, with mean values of 422.84+518.31
ppm and 283.01+240.05 ppm, respectively. In particular,
the high variability of Ce concentrations in the Paleozoic
samples (Fig. 11) appears to have a significant impact on
LREEs content, especially in the Upper Permian samples,
contributing to the model’s lower predictive accuracy. Due
to its unique redox chemistry, Ce behaves differently from
other LREEs. In addition to Ce*", it can also exist as Ce4+,
which may precipitate as cerianite (CeO,) under slightly
acidic conditions (0.38-0.61 V redox potential) during
bauxitization and intense weathering (Ahmadnejad and
Mongelli 2022). Cerianite, along with Ce-rich phosphates,
such as florencite and monazite, has been observed in the
northwestern Iranian karst bauxites (Abedini et al. 2020a,
2021, 2022a, b, 2024). Changes in paleoredox conditions
can either promote the formation of cerianite or favor Ce-
rich phosphate minerals.

The Ce/Ce* ratio, exceeding 20 in few Upper Permian
samples, indicates significant paleoredox fluctuations over
geological time (Abedini et al. 2020a). Furthermore, since
the northwestern Iranian karst bauxite deposits studied

here—including both the Paleozoic and Mesozoic depos-
its, with the exception of the Arbanos deposit— primarily
originate from a mafic protolith (Khosravi et al. 2017; Abe-
dini and Khosravi 2020; Abedini et al. 2020b, 2021, 2022b),
variations in paleoredox conditions have likely influenced
Ce behavior within and across these deposits. These geo-
chemical differences contribute to the lower predictive accu-
racy for LREEs in the Paleozoic samples. Conversely, the
superior model performance in the Mesozoic deposits likely
reflects their more homogeneous geochemical characteris-
tics, including minor fluctuations in the Ce/Ce* ratio, which
remains close to unity. This stability may have favored the
formation of LREE-rich phosphate minerals, leading to
improved predictability. Additionally, the stronger CIA fea-
ture importance score for the Mesozoic samples suggests
that paleoweathering also plays a role in LREEs distribution
and prediction. More intense weathering conditions likely
enhanced the breakdown of LREE-bearing detrital miner-
als, subsequently promoting the formation of authigenic
LREE-rich phosphates. These findings highlight the neces-
sity of considering both geological age and key geochemi-
cal factors—such as Ce variability, redox conditions, and
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paleoweathering—when applying ML techniques to predict
LREE:s distribution in karst bauxites.

Constraints in HREEs prediction

The results of HREEs prediction reveal a significant dif-
ference between the Paleozoic and Mesozoic samples.
Using oxides as predictor variables, the XGBoost model
demonstrates lower performance in the Mesozoic dataset
(R*=0.778) compared to the Paleozoic dataset (R2=0.955).
This discrepancy suggests that major oxide-hosted minerals,
particularly phosphates, play a more effective role in accom-
modating HREEs within the Paleozoic samples. Notably, the
feature importance score of P,Oys is substantially higher for
the Paleozoic samples than for the Mesozoic ones, reinforc-
ing the idea that phosphate minerals are the primary hosts of
HREE:s in these deposits. In the northwestern Iranian karst
bauxites, the only HREE-enriched minerals are phosphates,
such as churchite and xenotime (Abedini et al. 2020a,
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2021). The formation of authigenic HREE-rich phosphates
typically occurs under acidic conditions (Li et al. 2013) and
is likely associated with HREE-enriched percolating solu-
tions that develop after the precipitation of LREE-rich fluo-
rocarbonates. In contrast, detrital phosphates tend to persist
as resistant minerals over geological timescales. However,
recent studies suggest that bio-weathering mechanisms may
significantly enhance REEs solubilization from minerals,
such as xenotime (He et al. 2024). For the Mesozoic data-
set, the CIW—a modification of the CIA index that excludes
K,0 to eliminate diagenetic or aeolian influences (Martinez
et al. 2007)—exhibits the highest feature importance score
after P,0s. This finding suggests that variations in weather-
ing intensity, as captured by the CIW index, influence the
occurrence and distribution of HREE-rich phosphate miner-
als in the Mesozoic samples.

Fig.9 Violin plot comparisons between measured and predicted values }

(in ppm) for the XGBoost models
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Conclusions

This study on the age-constrained northwestern Iranian karst
bauxite deposits, employing the XGBoost machine learning
model, provides several key insights into the predictive per-
formance of REEs distribution models:

1. Influence of paleoenvironmental factors

The distribution of LREEs and HREEs is strongly con-
trolled by paleoenvironmental conditions, resulting in con-
trasting predictive outcomes across different geological age
clusters.

2. Predictive performance of LREEs vs. HREEs

For LREEs, the model shows high accuracy during the
Mesozoic era (R?=0.951, RMSE=51.876, MAE=40.888).

Predictive accuracy decreases in the Paleozoic samples,
due to higher geochemical variability, particularly the fluc-
tuating redox state of Ce and the formation of cerianite and
Ce-rich phosphate phases, as indicated by the Ce/Ce* ratio.

In contrast, HREEs achieve the highest predictive accu-
racy in the Paleozoic dataset (R?=0.955), reflecting the
strong role of phosphate minerals in hosting these elements.

3. Feature importance and mineralogical controls

The P,0; feature emerges as the most significant predictor
for both LREEs and HREESs, emphasizing the role of phos-
phate minerals in lanthanide hosting during bauxitization.

Other oxides (Al,O;, Fe,0;, and TiO,) are abundant but
relatively uniform, contributing less to predictive accuracy.

Weathering indices (CIA and CIW) also show substantial
importance, indicating that subtle variations in paleoweath-
ering conditions can significantly influence lanthanide
distribution.

4. Implications for predictive modelling and resource
assessment

The dependency of REEs distribution on geological age and
paleoenvironmental factors highlights the need for tailored
predictive models.

The LREEs and HREEs prediction models developed
here demonstrate promising performance and can inform
future resource assessment strategies.

Further cross-validation in other karst bauxite provinces
is recommended to refine predictive accuracy and reduce
the cost and time of future REEs exploration.
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