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ABSTRACT

The significant resource potential of lacustrine shale oil has spurred interest in understanding organic
matter enrichment mechanisms. However, conventional analytical methods are often constrained by
multicollinearity and statistical limitations, hindering accurate identification of enrichment mecha-
nisms under complex depositional conditions. Interpretable machine learning models present a viable
alternative to address this issue. The 7th member of the Yanchang Formation (T3y7) is one of the key
targets for lacustrine shale oil exploration and development in China. Nevertheless, the role of volcanic
activity in organic matter accumulation within this unit remains controversial, hindering a compre-
hensive understanding of organic enrichment mechanisms in lacustrine systems. To address this
challenge, this study integrates geochemical data from YYa borehole in the southern Ordos Basin and
previously published datasets to reconstruct the paleoenvironmental settings of various lithofacies
assemblages in the T3y7 shale. By leveraging published literature and new experimental data, this study
develops an interpretable machine learning model based on random forest (RF), extreme gradient
boosting (XGBoost), and support vector machine (SVM) to quantitatively determine the dominant
controls on organic matter accumulation. Using the T3y shale as a case study, the influence mecha-
nisms of both volcanic and hydrothermal activities on organic enrichment in lacustrine shale systems
are further explored. Two distinct lithofacies assemblages were identified in the T3y7 shale: laminated
black shale and massive dark-gray mudstone. These assemblages are characterized by significant dif-
ferences in paleoclimate, salinity, redox conditions, primary productivity, terrigenous influx, and the
intensity of volcanic and hydrothermal activities. Results from the interpretable machine learning
model indicate that organic matter enrichment in the T3y shale is primarily governed by the coupling of
high primary productivity and favorable preservation conditions, and decoupling of volcanic and hy-
drothermal activities was a significant factor in the development of different lithofacies in the Tsy-.
Importantly, the influence of volcanic activity on organic matter enrichment in lacustrine systems is
nonlinear: while moderate volcanic activity promotes organic accumulation, intense volcanic activity
tends to exert a detrimental effect. In contrast, hydrothermal activity appears to play a more consis-
tently positive role in the formation of organic-rich shale in the Tsy;. These findings highlight the need
to distinguish between volcanic and hydrothermal processes in future studies in order to more objec-
tively evaluate their respective impacts on organic-rich shale development in lacustrine settings. This
study provides a robust framework for understanding the mechanisms of organic matter enrichment in
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shale deposited under complex geological conditions, and deepens our insight into the formation of
organic-rich shale in lacustrine sedimentary systems influenced by volcanic and hydrothermal activity.
© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This

is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Organic-rich shales have garnered increasing attention from
geologists due to their immense hydrocarbon resource poten-
tial. For instance, in 2023, shale (tight) oil production in North
America accounted for 64% of total oil output, with a production
of approximately 3.04 billion barrels (EIA, 2024). In China,
annual production of lacustrine shale oil exceeded 4 million
tons in 2023 (National Energy Administration of China, 2024).
The considerable economic value of shale oil has driven inten-
sive academic interest in the mechanisms governing the for-
mation of organic-rich shales. Extensive research has been
conducted to investigate the enrichment of organic matter (OM)
in shales, with high primary productivity and favorable pres-
ervation conditions widely recognized as the two dominant
mechanisms (Pedersen, 1990; Algeo and Li, 2020). However, the
formation of organic-rich shales is inherently the result of
complex interactions and coupling among multiple geological
factors. Unfortunately, most current studies rely on traditional
univariate statistical methods to examine the relationship be-
tween paleoenvironmental proxies and total organic carbon
(TOC) content (Wang and Shi, 2019; Guan et al., 2021; Wu et al.,
2021; Burnaz et al., 2022; Feng et al., 2023). While these ap-
proaches may yield valid insights under relatively simple
geological settings, they face significant limitations when
applied to complex systems influenced by multiple coexisting
geological controls or major geological events. In such scenarios,
univariate analyses often fail to identify the key drivers of OM
enrichment, potentially leading to misinterpretations of the
underlying mechanisms. As a result, a more refined and quan-
titative approach is urgently needed to clarify the controlling
factors behind OM accumulation in shales deposited under
complex sedimentary conditions.

In China, shale oil exploration currently focuses primarily on
lacustrine sedimentary systems. Compared to marine environ-
ments, lacustrine systems are more sensitive to paleoenvir-
onmental fluctuations (Katz and Lin, 2014; Guo et al., 2025) and
generally exhibit faster sedimentation rates. Recent studies have
demonstrated that lacustrine systems possess high-resolution
records of episodic geological events, such as large igneous prov-
ince (LIP) activity and oceanic anoxic events (OAEs) (Liu et al.,
2021, 2022, 2024; Wang et al., 2023a). These short-term geolog-
ical perturbations can exert a significant influence on the forma-
tion of organic-rich shales. Throughout history of the Earth,
volcanic and hydrothermal activities have had profound impacts
on paleoenvironmental conditions. Volcanic eruptions can affect
the paleoclimate through the emission of gases and volcanic ash,
which in turn can alter primary productivity and the redox state of
the water column (O'Dowd et al., 2004; Duggen et al., 2007; Jones
and Gislason, 2008; Madonia et al., 2013). Likewise, hydrothermal
fluids are enriched in nutrients such as Si, N, P, and Fe; once
introduced into lacustrine water columns, they can significantly
modify the conditions for OM accumulation (Korzhinsky et al.,
1994). Despite these insights, the quantitative coupling between
episodic geological events, particularly volcanic and hydrothermal
activities, and the formation of organic-rich shales in lacustrine
systems remains poorly constrained.
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The Ordos Basin is one of the most important regions for
lacustrine shale oil exploration and development in China.
Numerous studies have been conducted on paleoenvironmental
reconstructions and OM enrichment mechanisms within the
Triassic Yanchang Formation. However, two key issues remain
unresolved. First, most existing research relies on univariate
analytical approaches to interpret OM enrichment mechanisms
(Wang et al., 2017; Yang et al., 2022; Li et al., 2024). Given that the
Yanchang Formation was significantly influenced by volcanic and
hydrothermal activities during its deposition (Qiu et al., 2015; He
et al., 2016; Zhang et al., 2017, 2020), such simplified methods
may not accurately reveal the dominant factors controlling OM
accumulation under complex geological conditions. Second, while
many scholars have emphasized the positive role of volcanic ac-
tivity in promoting OM enrichment in the Yanchang Formation
(Wang et al., 2017; Liu et al., 2022; Li et al., 2024), Zhang et al.
(2020) argued that volcanic events could induce climate changes
that are detrimental to OM accumulation. This discrepancy raises a
critical scientific question: what accounts for the divergence in
these interpretations? Moreover, although volcanic and hydro-
thermal activities often occur concurrently, whether they exert
similar influences on OM accumulation within the Yanchang For-
mation remains unclear. Specifically, what are the respective roles
of volcanic and hydrothermal processes in shaping OM enrich-
ment? Therefore, a more refined investigation is required to
disentangle the controlling factors of OM accumulation in the
Triassic Yanchang Formation of the Ordos Basin and to differen-
tiate and clarify the distinct impacts of volcanic and hydrothermal
activities on the formation of organic-rich shales.

The integration of machine learning (ML) into geoscientific and
petroleum engineering research has revolutionized analytical
methodologies due to its powerful pattern recognition capabilities.
Unlike traditional linear regression models constrained by pre-
defined mathematical relationships, ML algorithms can autono-
mously capture complex, nonlinear interactions between predictor
variables and target responses. This adaptive modeling paradigm
has demonstrated superior predictive performance in handling
high-dimensional, multivariate datasets in geoscience contexts
(Zhu et al., 2020; Lee et al., 2022). Recent research emphasizes the
importance of interpretable ML models to bridge the gap between
computational results and geological understanding (Wang et al.,
2025a). Interpretable ML enables the explicit revelation of both
linear and nonlinear relationships embedded in the model. This
unique capability not only compensates for the limitations of
traditional methods in handling complex multivariate correlations
but also provides novel insights for elucidating the intrinsic asso-
ciations among multiple complex geological factors (Liao et al.,
2023). Among various interpretability techniques, post-hoc
explanatory tools have gained traction across disciplines for their
ability to extract human-comprehensible insights from opaque
models (Zhang et al., 2021). Methods such as permutation feature
importance (PFI), shapley additive explanations (SHAP), and partial
dependence plots (PDP) have been widely applied across scientific
fields (Wang et al., 2025a). These tools enable geoscientists to
quantitatively evaluate the relative importance of paleoenvir-
onmental proxies in OM accumulation, particularly within sedi-
mentary systems governed by multiple synergistic controls.
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This study integrates new geochemical data from the YYa
borehole in the southern Ordos Basin with previously published
datasets (Wang et al., 2017; Zhang et al., 2017; Li et al., 2020; Yuan
etal., 2020; Shi et al., 2022; Zheng et al., 2022; Yang et al., 2022) to
reconstruct the paleoenvironmental conditions associated with
various lithofacies assemblages of the 7th member of the Yan-
chang Formation (T3y7). An interpretable machine learning model
is employed to identify the key factors controlling OM accumula-
tion in the T3y7 shale. Furthermore, the roles of volcanic and hy-
drothermal activities in influencing OM enrichment in lacustrine
shale systems are systematically evaluated using T3y7 as a repre-
sentative case. The findings provide a robust framework for deci-
phering OM enrichment mechanisms in shales deposited under
complex geological conditions and offer new insights into the
formation of organic-rich shales within lacustrine sedimentary
systems influenced by volcanic and hydrothermal processes.

2. Geological setting

The Ordos Basin, located in northwestern China, is one of the
most significant petroliferous basins in China, covering an area of
approximately 320,000 km. The basin is subdivided into six first-
order tectonic units: the Yimeng Uplift, the Western Thrust Belt,
the Tianhuan Sag, the Jinxi Fold Belt, the Weibei Uplift, and the
Yishan Slope (Fig. 1(a); Niu et al., 2025). The lacustrine sedimen-
tary succession within the Ordos Basin comprises a series of for-
mations ranging in age from the Middle-Upper Triassic to the
Quaternary (Zheng et al., 2022). During the Late Triassic deposition
of the Yanchang Formation, the basin evolved into a large intra-
continental lake basin, characterized by the accumulation of a
thick (1000-1500 m) clastic succession representing fluvial,
deltaic, and lacustrine facies (Fu et al., 2018). Stratigraphically, the
Yanchang Formation is divided into ten members from top to
bottom (Deng et al., 2018). Among them, the T3y; represents the
peak phase of lake development, during which the basin reached
its greatest paleowater depth (Fig. 1(b); Wang et al., 2023b; Wang
et al., 2024) and is characterized by widespread deposition of fine-
grained sediments. It is noteworthy that the Tsy;—currently in the
peak hydrocarbon generation stage—also holds significant po-
tential for future resource addition and production enhancement
(Niu et al., 2025). This study therefore focuses on the T3y as the
primary target of investigation.

3. Data and methods
3.1. Samples, experiments, and data

Samples were collected from the Tsy; in the YYa borehole,
located in the southern Ordos Basin (sampling location shown in
Fig. 1(a), 39 samples). Geochemical analyses included X-ray
diffraction (XRD), total organic carbon (TOC), X-ray fluorescence
(XRF), and inductively coupled plasma mass spectrometry (ICP-
MS). XRD and TOC analyses were conducted at the SINOPEC Wuxi
Institute of Petroleum Geology, while XRF and ICP-MS analyses
were carried out at the Lanzhou Oil and Gas Resources Research
Key Laboratory, Institute of Geology and Geophysics, Chinese
Academy of Sciences. Every collected sample underwent all the
experimental tests mentioned above, generating a total of 156
groups of data. For XRD analysis, an Ultima IV diffractometer was
operated at 40 kV and 40 mA. Rock chips were crushed and ground
to fine powders (<75 pm, 200 mesh), and the powders were
mounted on glass slides for measurement. Diffraction patterns
were recorded over a 20 range of 5° to 45°. Notably, the traditional
peak intensity comparison method was employed, not the Rietveld
refinement method. Prior to TOC analysis, samples were also

3039

Petroleum Science 23 (2026) 3037-3058

ground to 200 mesh, treated with hydrochloric acid to remove
carbonates, rinsed with deionized water, and dried in a thermo-
static oven at 80 °C for 4 h. TOC content was then measured using a
Leco CS230 carbon/sulfur analyzer.

All samples were examined under a microscope before
geochemical analysis to assess potential diagenetic alterations,
mineralization, or secondary weathering. Samples were then
ground using a contamination-free crusher, sieved to 200 mesh,
and oven-dried at 80 °C for 3 h to remove moisture. Major element
concentrations were measured using a 3080E3X X-ray fluores-
cence spectrometer (RIGAKU, Japan). For trace element analysis,
samples were digested using a mixture of HF and HNO3, followed
by quantification via ICP-MS.

To ensure a sufficient sample size for developing interpretable
machine learning models with robust performance and general-
izable conclusions, we integrated our newly analyzed samples
with 261 additional samples (in 20 boreholes and 4 outcrops, lo-
cations are shown in Fig. 1) from eight published studies on
lacustrine shale systems in the T3y; of the Ordos Basin. These
studies provided datasets containing both TOC content and key
major and trace element concentrations (Wang et al., 2017; Zhang
et al., 2017; Li et al., 2020; Yuan et al., 2020; Pan et al., 2022; Shi
et al.,, 2022; Zheng et al., 2022; Yang et al., 2022).

3.2. Paleoenvironment proxies

Based on our dataset, a total of 26 elemental geochemical
proxies were selected to reconstruct the paleoenvironmental
conditions. Because of volcanic activity can alter the distribution
patterns and concentrations of rare earth elements in sediments
(Hulya, 2016; Zhang et al., 2020). Therefore, the sum of rare earth
elements (>_REE), (La/Yb)n, 6Cen, and sEun (N is normalized to the
upper continental crust (UCC), Bau and Dulski, 1996; Ballard et al.,
2002) were used to indicate volcanic activity (Hulya, 2016; Zhang
et al, 2020). Hydrothermal activity was inferred using Al/
(Al + Fe + Mn), (Fe + Mn)/Ti, and the cerium anomaly
(sCe* = 2Cep/(Lay + Pry), n is the PAAS standardization), which
have been widely employed as hydrothermal indicators (Bostrom
and Peterson, 1969; Adachi et al., 1986; Bau et al., 2014; He et al,,
2016; Zhang et al., 2019).

Paleoclimatic and weathering conditions were assessed using
the C-value, chemical index of alteration (CIA), and Sr/Cu ratio
(Minyuk et al., 2007; Moradi et al., 2016; Wu et al., 2021; Lv et al.,
2022). To reflect primary productivity, we utilized element/Al ra-
tios including P/Al, Ba/Al, Cu/Al, Ni/Al, and Zn/Al (Tribovillard et al.,
2006; Algeo and Ingall, 2007). Redox conditions were character-
ized using multiple proxies, including ratios of redox-sensitive
elements (e.g., V/Cr, V/(V + Ni), Ni/Co, and U/Th; Jones and
Manning, 1994; Wignall and Twitchett, 1996; Tribovillard et al.,
2006), enrichment factors of redox-sensitive elements (Mogg and
Ugg; Algeo and Li, 2020), and other indicators such as the Corg/P
ratio (Algeo and Ingall, 2007). Since Al and Ti are relatively
immobile during sedimentary processes and resistant to diage-
netic alteration, their concentrations, along with the Ti/Al ratio,
were also employed (Wedepohl, 1971; Tribovillard et al., 2006).
Additionally, due to the differential solubility of barite (BaSO4) and
celestite (SrSO4) under varying salinity conditions, the Sr/Ba ratio
was used as a salinity proxy (Wei and Algeo, 2020).

3.3. Data processing and machine learning model

3.3.1. Data processing

The data preprocessing and model development workflow
proposed in this study is illustrated in Fig. 2. Prior to dataset
construction, raw data were systematically preprocessed.
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the Erdos Basin (Modified from Qiao et al., 2021).

Specifically, the dataset comprising 300 samples was divided into
features and the target variable. The features included the 26
elemental geochemical proxies described previously, while the
target variable was TOC content. Outliers within the feature set
were identified using the interquartile range (IQR) method and
subsequently treated as missing values.
To address these missing values, the MissForest algorithm
proposed by Stekhoven and Biithlmann (2012) was employed.
MissForest is an iterative imputation method based on random
forest models. Unlike conventional imputation techniques, it
captures complex interactions and nonlinear relationships among
variables. Initially, missing values are imputed using a simple
heuristic. In each iteration, a random forest regressor is trained
using observed values and previously imputed estimates as pre-
dictors. The trained model is then used to update the missing
values of the target variable. This process is repeated until a
convergence criterion is met—typically, either a predefined
maximum number of iterations or the stabilization of imputed
values (Stekhoven and Biihlmann, 2012; Wang et al., 2025a). The
generalization performance of the imputation model, specifically
its ability to accurately predict missing values, was evaluated using
the out-of-bag (OOB) score and the coefficient of determination
from five-fold cross-validation (R?w,), both of which can be

Fig. 1. Comprehensive geological map of the study area. (a) The location of three borehole of this study (From Chen et al., 2017); (b) Strata column of the Yanchang Formation in

calculated without the need for an external test set (Liao et al.,
2023). Proxies with excessively low OOB and RZC\, values indicate
that the imputation of missing data was unsatisfactory. Such
proxies will be excluded from subsequent analysis. The initial
imputation settings and iteration termination criteria in this study
followed the framework proposed by Liao et al. (2023) and were
implemented in Python (version 3.10). The features were initially
sorted by the number of missing values, and then the mean value
was used for imputation. Next, for each feature, MissForest fits a RF
on the observed part and apply the fitted model to predict and
replace the missing part. y is the stopping criterion and is calcu-
lated as the quotient of the square of the difference between the
data before and after iteration and the data after iteration, the
iteration process is stopped as soon as y increases for the first time.
Following the preprocessing procedures, a clean and complete
dataset was obtained for subsequent model development.

3.3.2. Model development and evaluation
Prior to model development, the dataset was randomly parti-

tioned into training and testing subsets. The training set,
comprising 80% of the data, was used to develop ML models, while
the remaining 20% was reserved as a test set to evaluate the
generalization performance of the final model. To mitigate the
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impact of scale differences among features on model performance,
Z-score normalization was applied to the training set after the data
split. The mean and standard deviation calculated from the
training data were then used to normalize the test set, thereby
avoiding data leakage during model training (James et al., 2023;
Wang et al., 2025a).

To identify the optimal predictive model for TOC content,
three widely adopted ML algorithms were implemented and
compared: random forest (RF), extreme gradient boosting
(XGBoost), and support vector machine (SVM). These three al-
gorithms (RF, XGBoost, SVM) were selected primarily due to
their proven robustness in handling non-linear data and
reducing overfitting, which are critical characteristics for the
complex feature relationships present in the dataset of this
study. The detailed hyperparameter settings for each model are
summarized in Table 1. All model training and evaluation pro-
cedures were conducted using the “scikit-learn” library in
Python.

3.3.2.1. Machine learning models. RF is a robust ensemble learning
technique based on the bagging algorithm, which is widely
applicable to both regression and classification tasks. It constructs
an ensemble of decision trees and aggregates their predictions to
generate a final output. RF employs bootstrap sampling, whereby
both features and samples are randomly selected with replace-
ment (Breiman, 2001). This randomness helps mitigate overfitting
and enhances the capability of the model to handle relatively small
datasets effectively (Fan et al., 2022; Palansooriya et al., 2022;

Table 1
Hyperparameter setting information during model development.

Target model Hyperparameter setting

ML model RF n_estimators (100-300), max_depth(3-50)
XGBoost n_estimators (100-300),
max_depth(3-50), learning_rate(0.05-0.5)
SVM C(0.1-10), gamma(0.1-10)
Optimization DE size_pop(40), max_iter(50)

method
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Zhong et al., 2022). XGBoost, a highly efficient and scalable
implementation of gradient boosting decision trees, has been
widely adopted in various domains (Chen et al., 2019; Liu et al.,
2023). Unlike RF, which builds trees independently, XGBoost em-
ploys a sequential boosting strategy, where each new tree is
trained to correct the errors of the previous ones. It modifies the
sample weights at each iteration, assigning greater emphasis to
those instances with higher prediction errors, thereby improving
model performance on difficult cases (Chen and Guestrin, 2016;
Otchere et al.,, 2021). SVM is a non-probabilistic, binary linear
classifier designed to assign new data points to one of two cate-
gories (Cortes and Vapnik, 1995). It maps data into a high-
dimensional space and identifies the optimal hyperplane that
maximizes the margin between classes. In regression tasks, SVM
seeks to construct a hyperplane that fits the data while maxi-
mizing the distance (margin) between the predicted and actual
values, especially focusing on minimizing deviations beyond a
predefined threshold (Drucker et al., 1996).

To optimize the hyperparameters of these ML models, we
adopted the differential evolution (DE) algorithm, a population-
based global optimization strategy (Bilal et al., 2020). DE itera-
tively generates new candidate solutions through differential
mutation and crossover operations. It is particularly well-suited
for continuous parameter spaces and is recognized for its
simplicity, strong global search capability, and consistent perfor-
mance across various optimization problems. Compared to more
conventional hyperparameter tuning methods, DE avoids
exhaustive parameter evaluation, significantly improving effi-
ciency in high-dimensional search spaces. It also reduces the risk
of local optima via stochastic mechanisms, a limitation that often
affects conventional methods and compromises geoscience ML
model performance.

3.3.2.2. Model evaluation. During model development and evalu-
ation, standard regression metrics were employed, specifically the
coefficient of determination (R?, Eq. (1)) and root mean squared
error (RMSE, Eq. (2)). These metrics are formally defined as
follows.
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where y; are the predicted data, y; are the actual values, ¥ is the
actual data mean, n is the number of points for each dataset.

In addition, a 5-fold cross-validation strategy was applied to the
training dataset to enhance the generalization capability of the
models (Gjelsvik et al., 2023; Wang et al., 2023c). By systematically
evaluating the average predictive performance, expressed as
cross-validated R? (R?cy) and RMSE (RMSEcy), across the five folds,
we were able to incorporate optimization algorithms into the
model selection process. This approach facilitated the compre-
hensive exploration of model configurations and enabled the
robust identification of the optimal model for the given regression
task.

3.3.3. Model interpretation

3.3.3.1. Mann-Whitney U test. The non-parametric
Mann-Whitney U test was employed to rigorously assess differ-
ences in specific proxies between lithofacies groups. This statisti-
cal method was chosen for its appropriateness in comparing two
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independent samples without the assumption of normal data
distribution. A significance level (a) of 0.05 was adopted, indi-
cating a 5% probability of incorrectly concluding that a statistically
significant difference exists when, in fact, it does not. This
threshold is widely accepted across scientific disciplines as a
benchmark for statistical significance, ensuring the robustness and
reliability of analytical conclusions (Lu et al., 2025). All statistical
tests were conducted using the Scipy.stats package Python 3.10.

3.3.3.2. Shapley additive explanations method. To interpret the
contributions of individual features to model predictions, the
shapley additive explanations (SHAP) method was utilized. As a
game-theoretic approach, SHAP quantifies the marginal contri-
bution of each input feature to a model's output by calculating the
mean absolute SHAP value across all training instances (Shapley,
1952; Lundberg and Lee, 2017). A positive (or negative) SHAP
value for a given feature in an instance indicates that the feature
contributes positively (or negatively) to the predicted output. The
magnitude of the SHAP value reflects the strength of this contri-
bution (Mangalathu et al., 2022; Nazar et al., 2023; Nadege et al.,
2024). SHAP provides a global interpretation of model behavior
by aggregating local feature attributions while maintaining fidelity
to the original model at the instance level (Lundberg et al., 2020;
Tamoto et al., 2023). The SHAP value can be formally defined as
follows:

Fig. 3. Sedimentary textures of the Mbr 7 of the Yanchang Formation in YYa borehole. (a) 211.80 m, dark-gray, massive texture; (b) 211.06 m, dark-gray mudstone, massive texture;
(€) 229.60 m, black shale, laminated texture; (d) 228.44 m, black shale, lenticular quartz; (e) 229.50 m, black shale, laminated texture; (f) 229.60 m, black shale, laminated texture.

Note: S: siliceous minerals; C: clay minerals.

Table 2

Mineral composition, TOC content, sedimentary texture of black shale and dark-gray mudstone of the T3y shale from YYa borehole of the Ordos Basin.

Lithofacies  Clay mineral, % Quartz, % Potassium Plagioclase, % Calcite, % Dolomite, %  Pyrite, % TOC content, % Sedimentary

assemblages feldspar, % texture

Black shale  28.8-57.3 (40.6) 13.7-29.1 (21.8) 0.4-5.0 (1.8) 1.4-11.5(3.8) 0.7-13.1(3.5) 0.2-7.2(2.3) 13.1-38.3 (20.6) 5.87-25.25(13.44) Laminated

Dark-gray  15.3-59.3 (41.0) 25.8-61.7 (34.9) 0.1-16.8 (2.1) 0.3-13.2(5.9) 0.3-25.6 (3.7) 0.4-16.0 (4.4) 0.3-8.7 (3.5) 0.44-429 (1.76)  Massive
mudstone

Note: Minimum-maximum (average).

3042



E. Wang, X. Ma, M. Li et al. Petroleum Science 23 (2026) 3037-3058

SI'(p — IS[ = 1!

: (val(Su (j)) — val(s))
SS{1,...p1\{j} P

pj(val) =

(3)

where S is a subset of the features utilized in the model, x is the
vector of feature values for the instance being explained and p is
the number of features. val(S) is the prediction for feature values in
set S, marginalized over the features not included in set S:

Ba/Al
0.0019-0.1186 0.0043-0.0177
(0.0080)
0.0031-0.0142
(0.0065)

P/Al

(0.0258)
0.0013-0.0571
(0.0092)

Sr/Ba

(0.3545)
(0.506)

valy(S) = / F(%1. . %p) dPygs — Ex(F(X) ) (4)

0.0129-0.0536 0.0498-0.6213

(0.0385)
0.0102-0.0796 0.267-1.110

0.47-32.69
(0.0449)

Sr/Cu
(6.70)
3.06-90.23
(16.03)
Ti/Al

According to Lundberg and Lee (2017), SHAP values are an ad-
ditive feature attribution method. SHAP specifies the explanation
as:

82) = do+ 30 7, (5)

0.18-3.72 (1.25)
0.27-1.07 (0.52)
1111.55-4061.31

C-value

Ti (ppm)
(2951.40)
(3812.99)

where g is the explanation model, Z € {0,1} is the coalition
vector, M is the maximum coalition size and ¢; € R is the feature
attribution for a feature j, the SHAP values.

In addition to main effects, SHAP also accounts for pairwise
interaction effects between variables through SHAP interaction
values (Kim and Lee, 2023). These interaction values are computed
by integrating contributions from feature pairs and help uncover
complex dependencies in the model (Xiao et al., 2021). The SHAP
interaction index is formally defined as follows:

S[ip — 15|~ 2)
5= 2oy 2p- 11 00 ©

70.20-96.53 (79.41)
64.78-82.21 (74.67)

Al (ppm)
(80056.40)
(85621.09)

CIA
16.93-1096.97 30335.29-105293.34 792.27-5096.34

2226-2401.47 41029.41-110647.06
(128.38)

0.85-0.94
(597.28)

(0.89)
0.72-1.03
(0.90)
Corg/P

(Fe + Mn)/Ti  sCe*
5.32-54.77

(20.49)

6.43-36.45

(11.10)
1.15-61.44

UEF
(19.56)
0.49-13.35
(2.09)

8i(s) = f(SU{i.j}) —fF(SU{i}) —F(SU{i}) +f(S) (7)

where ¢;; represents the SHAP interaction value between feature i
and feature j, f(SU{i,j}) represents the model results with both
feature i and j. In this study, we applied the TreeExplainer in SHAP
package (Python 3.10) to calculate both SHAP values and SHAP
interaction values (Kim and Lee, 2023).

Al/(Al +
Fe + Mn)
(0.60)
(0.70)
Mokgr
(59.34)
0.27-6.59 0.18-59.89

(5.38)

0.39-0.62 0.26-0.93
(2.30)

SEuy

(0.49)

0.11-0.57 0.26-0.87
(0.45)

Ni/Co

(1.35)

4. Results

0.27-12.62 0.21-2.42 0.45-207.03

(4.35)
0.19-3.46

0.42-0.46
(0.44)
0.36-0.51
(0.44)
U/Th
(0.47)

4.1. Lithofacies and paleoenvironment proxies

Lithofacies represent the fundamental units for describing the
geological characteristics of sedimentary deposits, and distinct
lithofacies often reflect contrasting depositional environments.
Coupled with variations in hydrocarbon generation and diagenetic
conditions, each lithofacies exhibits unique geological attributes
and resource potential (Dapples et al., 1948; Ma et al., 2022). For
the Yanchang Formation in the Ordos Basin, previous studies have
identified two dominant lithofacies assemblages, commonly
referred to as dark-gray mudstone and black shale. These two
lithofacies assemblages differ significantly in terms of mineral
composition, TOC content, kerogen type, and sedimentary texture
(Zhao et al., 2020; Wang et al., 2025b).

Specifically, compared to dark-gray mudstone, black shale is
generally characterized by higher contents of brittle minerals and
TOC content, along with superior kerogen quality. Their sedi-
mentary textures also differ considerably (Zhao et al., 2020; Wang
et al,, 2025b). In the YYa borehole of the study area, the observed
distribution of lithofacies assemblages is consistent with previous
findings (Zhao et al., 2020), with both dark-gray mudstone and
black shale being clearly identifiable. Their geological character-
istics are illustrated in Fig. 3 and summarized in Table 2. A
consistent pattern in sedimentary textures is observed: samples

0.69-0.92
(0.84)
0.55-0.94

(La/Yb)n
0.78-6.06
(1.59)
V/(V + Ni)
(0.77)

(1.01)

116.49-247.67 0.07-2.18

112.71-200.41
(176.76)

(155.82)
1.61-5.63
(3.43)
(1.74)

XREE
V/Cr

Zn/Al
(0.00101)
(0.000922)

TOC content, %
5.87-25.25 (13.44)
0.44-4.29 (1.76)
(0.000332)
(0.000295)

Ni/Al

mudstone
(0.000345)

black shale
Cu/Al

Massive
dark-gray

(0.00106)
0.000037-0.00114 0.000040-0.000776 0.000447-0.00148 0.86-4.51

0.000012-0.00356 0.000033-0.000716 0.000441-0.00207

Lithofacies
Laminated

The TOC content and paleoenvironment proxies of the laminated black shale and massive dark-gray mudstone of the Ty shale from YYa borehole of the Ordos Basin.
sCen

Note: Minimum-maximum (average).

Table 3

3043



E. Wang, X. Ma, M. Li et al.

Petroleum Science 23 (2026) 3037-3058

Table 4
Imputation performance after the MissForest process.
Evaluation parameters *REE  (La/Yb)y &Cen SEuy  Al/(Al + Fe + Mn)  (Fe + Mn)/Ti  sCe* CIA C-value Sr/Cu P/Al  Ba/Al Cu/Al
thrain 0.94 0.92 1.00 0.97 0.99 0.99 1.00 0.94 0.97 0.95 0.96 0.92 0.99
R2cv 0.50 0.48 0.98 0.74 0.93 0.93 099 0.55 0.76 0.63 0.71 0.38 0.89
OOB score 0.58 0.47 0.98 0.79 0.94 0.93 099 0.57 0.80 0.66 0.72 0.45 0.91
Ni/Al Zn/Al  V/Cr V(V+Ni) U/Th Ni/Co Mogr Ugr Corg/P Al Ti Ti/Al  Sr/Ba
0.97 0.97 0.98 0.96 0.99 0.95 0.99 099 095 0.98 0.99 0.96 0.94
0.83 0.80 0.86 0.70 0.90 0.49 0.86 0.93 0.66 0.84 0.91 0.65 0.53
0.82 0.77 0.87 0.73 0.92 0.57 0.89 094 0.65 0.84 0.92 0.70 0.54
classified as black shale predominantly exhibit laminated textures, higher than that of dark-gray mudstone (31.0%-63.3%, average

whereas those assigned to dark-gray mudstone display massive 43.6%). Notably, the elevated framework grain content in black
textures (Fig. 3). Additionally, the TOC content of black shale shale is primarily attributed to its higher pyrite content
ranges from 5.87% to 25.25%, with an average of 13.44%, while that (13.1%-38.3%, average 20.6%), rather than to quartz or feldspar
of dark-gray mudstone spans from 0.44% to 4.29%, averaging 1.76%. abundance. Based on these geological characteristics, two distinct
From the perspective of mineral composition, the framework grain lithofacies assemblages, laminated black shale and massive dark-
content of black shale (35.3%-60.9%, average 47.9%) is generally gray mudstone, can be identified in the YYa borehole. The
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Fig. 4. Comparison of data distribution between the raw dataset and the data after the MissForest process.
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distributions of paleoenvironmental proxies for laminated black o _
shale and massive dark-gray mudstone are presented in Table 3. § E a
The marked differences in proxy values between the two lith- SRR
ofacies assemblages further indicate distinct depositional envi- 2 o g 3
ronments during the time of sedimentation. A detailed = g é = gﬁ §
paleoenvironmental reconstruction based on these proxies is e 5 22 3
provided in Section 5.1. . o ©
S 8 S
y 5 o o
4.2. Establishment of the interpretable model for organic matter fra} @u’gp ® it gi =
enrichment mechanism z § gg gg% gé é
4.2.1. Data preprocessing result g a . 8
As noted in Section 3.3, to systematically investigate the = T g 2
organic matter enrichment mechanisms in the T3y7 of the Ordos ﬁ ¥ g4 2n g
Basin, we performed data interpolation on previously published gld ¢ B: g %
datasets based on the database established in this study. The R*cv e
and OOB scores for the interpolated proxies are summarized in s o § g
Table 4. The results indicate that, except for the BajAl ratio, = & g _z_
which exhibited poor interpolation performance, the interpolation g E '§ £ g 2‘ §
for the remaining proxies was generally reliable. Most proxies Tl o 3% S ég
achieved OOB scores greater than 0.7, suggesting that the impu- vls S TLAZ
tation results are trustworthy. To ensure the robustness of subse- LR § -
quent interpretations, the Ba/Al ratio was excluded from further & QQS ~. 3 gE .
discussion. The distribution patterns of the raw and interpolated < g E § § ?ﬁ E ﬁ =
data are presented in Fig. 4. Overall, the distributions remained R S
largely consistent after interpolation, confirming that the pro- =z 9 § §
cedure did not significantly distort the underlying data charac- . i §: 5.0 33 g
teristics (Table 5). 21555532834
[} ™
4.2.2. Evaluation of the model performance E g 2 5 8
Following the development and tuning of machine learning S 2808 1803
models, the optimal hyperparameter configurations for each al- £IR83cs3835E
gorithm were determined, as listed in Table 6 along with their =
corresponding performance metrics. Among the evaluated E
models, the RF-based model demonstrated superior performance. €lo o N o®
The performance indicators of the optimal RF model are shown in ; Selasislia
Fig. 5. For this model, the coefficient of determination (R?) for the HEEEEERERN
training and testing sets reached 0.97 and 0.82, respectively, while % =
the corresponding RMSE values were 0.81 and 3.58. These results 3 . )
highlight the RF model's strong predictive capability and gener- § § E E
alization performance. HERE gl
< | o c25c20
4.3. Model interpretation result T @ 3 @
s 8 _S g
To interpret the optimal TOC prediction model, SHAP analysis § g = g’ g’
was conducted to evaluate the contribution of each feature to the gla &8 2% 17
predictions of model. As shown in Fig. 6, the SHAP summary plot B DR
illustrates both the magnitude and direction of each geochemical =z|8 2 § @
proxy's impact on TOC content. Features are ranked along the y- % E §§ 25 E g; 3
axis in descending order of their overall SHAP importance. For a |=|eses=>stec
specific sample, a positive (or negative) SHAP value of a proxy 5 2 a8 8
indicates that the proxy has a positive (or negative) contribution to E; ol & g a 2 Sgte
TOC. The magnitude of the SHAP value reflects the strength of this SlE|s8a2s 8-5¢e
contribution. The top ten most influential proxies are V/Cr, Cu/Al, E —~ .
U/Th, Corg/P, Ugr, Mogg, Ba/Al, V/(V + Ni), Sr/Cu, and (Fe + Mn)/Ti. Elxlg & & ¢ |&
Among these, all but Sr/Cu exhibit relatively clear positive con- TIEE 2 & 5 |¢
tributions to TOC content. From a paleoenvironmental perspective, =18 § ? _= F ‘g
redox-sensitive indicators are the most influential in predicting 8187 8 §§ g E
TOC content, accounting for 64.4% of the total model contribution. g o H
Most redox-related proxies display a positive association, sug- = 2 > s £
gesting that more reducing conditions are generally favorable for ! ) E 'gn: E
TOC accumulation. In addition, productivity-related proxies § ¢ g E E g = E
contribute 19.3% to the overall prediction performance and also " % % - = ':I, ; s
show a positive relationship with TOC, indicating that higher pri- =8 = E, g E §§ 'g %
mary productivity tends to enhance organic matter enrichment. [ z
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Table 6
ML model evaluation results.
Models Parameters Performance
N_estimators Max_depth Learning_rate C Gamma R? RMSE
RF 124 15 / / / 0.82 3.45
XGBoost 153 4 0.24 / / 0.75 4.16
SVM / / / 9 0.13 0.78 3.95

Although the contributions of proxies representing paleoclimate,
hydrothermal activity, terrigenous input, and salinity are relatively
minor, proxies within each of these categories exhibit internally
consistent trends in their influence on TOC content. In contrast,
proxies reflecting volcanic activity show only negligible effects on
TOC content, with (La/Yb)y being the only one showing a weak
positive trend. This implies that volcanic activity may not be
conducive to TOC enrichment.

40
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35 4
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Fig. 5. Optimal model predictive performance of TOC content.
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Fig. 6. SHAP values of different proxies for the TOC content prediction model.
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Based on the SHAP summary plot results, partial dependence
analysis was conducted for representative proxies within each
category to further explore how paleoenvironmental factors in-
fluence TOC content patterns. The selection of representative
proxies was primarily guided by their SHAP-derived importance.
As shown in Fig. 7, V/Cr, Cu/Al, (Fe + Mn)/Ti, and (La/Yb)nx show
positive contributions to TOC content, while Al, Sr/Cu, and salinity
exert negative influences. Among these, V/Cr and Al demonstrate
approximately linear relationships with TOC content, whereas Sr/
Cu, Cu/Al, (Fe + Mn)/Ti, and (La/Yb)n exhibit nonlinear response
patterns. Specifically, the positive contribution of Sr/Cu diminishes
when values are below 2 and becomes negligible above that
threshold. Cu/Al shows an increasing positive effect on TOC when
values are below 20, stabilizing thereafter. The impact of
(Fe + Mn)/Ti on TOC is minor when values are below 30, but be-
comes significantly positive above this threshold. Similarly, (La/
Yb)y exhibits a minimal effect when below 1.5, yet begins to
positively influence TOC once it exceeds that value. These
nonlinear trends suggest complex relationships between paleo-
environmental conditions and organic matter accumulation.

5. Discussion

5.1. Differences of paleoenvironment proxies in laminated black
shale and massive dark-gray mudstone

As previously mentioned, both existing studies and our dataset
indicate the presence of two predominant lithofacies assemblages
within the T3y7 shale of the Ordos Basin: laminated black shale and
massive dark-gray mudstone (Zhao et al., 2020; Wang et al,
2025b). In most cases, these two lithofacies assemblages can be
effectively distinguished based on their TOC content. Accordingly,
this study adopts TOC content as the primary criterion for lith-
ofacies identification within previously published datasets. The
boundary value for distinguishing laminated black shale from
massive dark-gray mudstone typically ranges from 5% to 6% TOC,
as reported in the literature (Zhang et al., 2021; Liu et al., 2022;
Wang et al., 2025b). Based on our data and these prior studies, a
TOC threshold of 5% was selected in this study to delineate the two
lithofacies assemblages and facilitate consistent classification
across the integrated dataset. Following lithofacies identification,
we conducted a comprehensive statistical analysis of paleoenvir-
onmental proxies for the Tzy7 shale based on both our own and
previously published data (Table 3), providing a foundation for
paleoenvironmental reconstruction.

5.1.1. Paleoclimate and weathering

Given that different elements exhibit distinct accumulation
behaviors under varying climatic and weathering conditions, the
CIA, C-value, and Sr/Cu ratio are widely recognized as effective
proxies for assessing paleoclimate and chemical weathering in-
tensity (Minyuk et al., 2007; Moradi et al., 2016; Wu et al., 2021; Lv
et al., 2022). The distributions of CIA, C-value, and Sr/Cu ratio for
different lithofacies assemblages are illustrated in Fig. 8. Statistical
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Fig. 7. SHAP partial dependence of the typical proxies for the TOC content prediction model.

tests reveal that the probability values (P-values) for all three
proxies are below 0.001, indicating strong statistical significance.

The results show that laminated black shale exhibits markedly
higher CIA and C-value values (average CIA 77.4, average C-value
1.24) than massive dark-gray mudstone (average CIA 70.2, average
C-value 0.61). Conversely, the Sr/Cu ratio is significantly lower in
laminated black shale (average 1.97) than in massive dark-gray
mudstone (average 4.32). These findings suggest that the lami-
nated black shale was deposited under more humid climatic
conditions with stronger chemical weathering intensity compared
to the massive dark-gray mudstone. This conclusion is further
supported by the mineralogical composition of the samples. As
shown in Table 2, laminated black shale contains substantially
lower proportions of unstable minerals such as feldspar relative to
massive dark-gray mudstone, indirectly corroborating the inter-
pretation of a more humid and strongly weathered depositional
environment. Collectively, the CIA and C-value data indicate that
the laminated black shale was primarily deposited in a humid
climate with moderate to strong chemical weathering, whereas
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the massive dark-gray mudstone formed under semi-humid con-
ditions with moderate weathering intensity.

5.1.2. Redox condition and salinity

Due to the differing accumulation patterns of redox-sensitive
elements under varying redox conditions, this study employed
V/Cr, V/(V + Ni), Ni/Co, U/Th, Mogf, Ugf, and Corg/P as proxies for
redox conditions (Jones and Manning, 1994; Wignall and
Twitchett, 1996; Tribovillard et al., 2006). The distributions of
these proxies for different lithofacies assemblages within the T3y
shale are illustrated in Fig. 9. All seven proxies yielded P-values less
than 0.001, indicating strong statistical significance. Except for the
Ni/Co ratio, the proxy values in laminated black shale are signifi-
cantly higher than those in massive dark-gray mudstone, sug-
gesting that the depositional environment of laminated black
shale was more reducing. As emphasized by Algeo and Liu (2020),
redox studies should incorporate multiple geochemical proxies to
ensure robust interpretations. The relatively weak discrimination
power of the Ni/Co ratio in this context may suggest that this
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shale of the Ordos Basin.

particular proxy is not suitable for redox assessment in the study
area. Based on the combined interpretations of these redox proxies
and previously established criteria, we infer that the laminated
black shale was predominantly deposited under dysoxic to anoxic
conditions, while the massive dark-gray mudstone mainly accu-
mulated under oxic to dysoxic conditions.

Given the differential solubilities of BaSO4 and SrSO4 in waters
of varying salinity, the Sr/Ba ratio was employed as a proxy for
paleo-salinity (Wei and Algeo, 2020). The Sr/Ba ratio of the various
lithofacies assemblages in the T3y shale is shown in Fig. 9(h). The
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associated P-value is 0.044, which is below the 0.05 threshold,
indicating statistical significance. However, the results suggest no
substantial salinity differences between the laminated black shale
and the massive dark-gray mudstone. According to the Sr/Ba ratio,
both lithofacies assemblages were deposited in freshwater to
brackish environments. Volcanic and hydrothermal activity can
introduce significant quantities of metal complexes into the water
column through volcanic ash and hydrothermal fluids, thereby
potentially increasing water salinity (Censi et al., 2010; Ding et al.,
2019; Yang et al., 2019). Previous studies have proposed that such
volcanic and hydrothermal processes contributed positively to OM
enrichment in the T3y7 shale (Wang et al., 2017; Zhang et al., 2020;
Liuetal., 2022; Li et al., 2024). Based on this hypothesis, it could be
expected that the laminated black shale would have formed in a
more saline environment. However, our results indicate that there
was no significant salinity difference between the laminated black
shale and the massive dark-gray mudstone during deposition. This
apparent contradiction may be attributed to the more humid
climate prevailing during the deposition of the laminated black
shale, which could have diluted the salinity of the lake water
despite the influence of hydrothermal or volcanic input.

5.1.3. Primary productivity and terrigenous debris influx

Ni, Cu, and Zn can act as organometallic ligands and essential
micronutrients (Tribovillard et al., 2006), while elements such as P
play a crucial role in promoting plankton proliferation (Algeo and
Ingall, 2007; Feng et al., 2023). Consequently, these elements are
commonly used as geochemical proxies for primary productivity.
In contrast, Al is typically used to indicate terrigenous detrital
input, as it is rarely affected by diagenetic processes (Tribovillard
et al., 2006). Based on these considerations, this study employs
P/Al, Ba/Al, Cu/Al, Ni/Al, and Zn/Al ratios to evaluate primary
productivity in the water column (Tribovillard et al., 2006; Algeo
and Ingall, 2007). The distribution of these primary productivity-
related proxies is shown in Fig. 10. Due to the low OOB score
(<0.5) for the interpolated Ba/Al data, Ba/Al ratio was not
considered a reliable proxy in this study. The remaining four
proxies all yield P-values below 0.001, indicating statistically sig-
nificant differences. Overall, the laminated black shale exhibits
significantly higher values of productivity proxies compared to the
massive dark-gray mudstone, implying enhanced planktonic pro-
ductivity during the deposition of the laminated black shale. This
interpretation is further supported by previous findings, which
show that the kerogen type in laminated black shale is more
favorable for hydrocarbon generation than that in massive dark-
gray mudstone (Zhao et al., 2020), lending additional credence to
our conclusion.

As discussed earlier, Al and Ti contents, along with the Ti/Al
ratio, are commonly used to infer terrigenous input and sedi-
mentation rates. The distributions of these three proxies in
different lithofacies assemblages of the T3y shale are presented in
Fig. 11. All three proxies have P-values less than 0.01, indicating
strong statistical significance. The data reveal that both Al and Ti
concentrations are higher in the massive dark-gray mudstone than
in the laminated black shale, suggesting a higher influx of terrig-
enous material and a faster sedimentation rate in the former. This
conclusion is also corroborated by the sedimentary textures
observed in different lithofacies assemblages. Compared to
massive textures, laminated textures generally indicate weaker
hydrodynamic conditions during deposition. Therefore, the
dominance of laminated textures in laminated black shale sup-
ports the inference of lower terrigenous input and reduced sedi-
mentation rates relative to the massive dark-gray mudstone.
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Fig. 9. Redox condition and salinity proxies of various lithofacies assemblages in the Tsy; shale of the Ordos Basin.

5.1.4. Volcanic and hydrothermal activities

Volcanic and hydrothermal activities can be recorded and re-
flected by the elemental characteristics of sedimentary deposits
(Adachi et al., 1986; Hulya, 2016). For instance, volcanic activity
can lead to variations in > REE, (La/Yb)y, 6Cen, and 6Euy (Bau and
Dulski, 1996; Ballard et al., 2002), while hydrothermal activity is
commonly assessed using proxies such as Al/(Al + Fe + Mn),
(Fe + Mn)/Ti, and sCe* (Bostrom and Peterson, 1969; Adachi et al.,
1986; Bau et al., 2014; He et al., 2016; Zhang et al., 2019). The
distributions of these proxies in various lithofacies assemblages of
the T3y7 shale in the Ordos Basin are shown in Figs. 12 and 13.

Among the four proxies indicating volcanic activity, two ((La/
Yb)n and SEuy) exhibit notably high P-values, suggesting a lack of
statistical significance. The remaining two proxies, > REE and
8Cey, exhibit P-values below 0.05, indicating statistically signifi-
cant differences. Based on these proxies, both lithofacies assem-
blages experienced some degree of volcanic influence during
deposition; however, the intensity of volcanic activity appears to
have been slightly weaker during the formation of the laminated
black shale compared to the massive dark-gray mudstone.

In contrast, all three proxies of hydrothermal activity yield P-
values below 0.05, confirming statistical significance. These
proxies consistently suggest that the laminated black shale was

more strongly influenced by hydrothermal activity than the
massive dark-gray mudstone. Interestingly, our results present a
somewhat counterintuitive finding. Volcanic and hydrothermal
activities are generally considered closely associated (Zhang et al.,
2020); however, our dataset implies a decoupling between them.
Additionally, our results suggest that volcanic activity may have
exerted a negative impact on OM accumulation, a finding that
appears inconsistent with previous studies, which have empha-
sized the positive role of volcanic and hydrothermal processes in
OM enrichment (Wang et al., 2017; Liu et al., 2021, 2022). This
anomalous observation will be further examined and discussed in
detail in Section 5.3.

5.2. OM accumulation mechanisms and sedimentary models of
various lithofacies assemblages

In the previous sections, a comprehensive analysis of paleo-
environmental proxies across various lithofacies assemblages of
the Tsy; shale in the Ordos Basin was conducted. Herein, for
overcoming the drawbacks of traditional methods such as linear
regression in revealing the organic matter enrichment mecha-
nisms, we integrate these proxies with interpretable machine
learning models to quantitatively unravel the mechanisms

3049



E. Wang, X. Ma, M. Li et al.

(a) 650
600 ° P <0.001
o
550 - 8
500 §
450 8
400 8 .
350 -
< 300
o
250 8
200 A g
150
100 4
50
o
04 o
-50 T T
Laminated black shale Massive dark-gray mudstone
(c)
P <0.001
o
10 4
o
o
— 8
g s
=z
04

Laminated black shale Massive dark-gray mudstone

Petroleum Science 23 (2026) 3037-3058

(b) 60
P <0.001
40 A
<
=}
]
20 4
0 4 g
Laminated black shale Massive dark-gray mudstone
(d)
o P <0.001
20 4
8
:
15
<
c
N 40 4
o o
54 o
g °

Laminated black shale Massive dark-gray mudstone

Fig. 10. Primary productivity proxies of various lithofacies assemblages in the T3y7 shale of the Ordos Basin.

underlying OM enrichment in the T3y; shale and to construct
sedimentary models that explain the genesis of different lith-
ofacies assemblages.

The SHAP values derived from the interpretable machine
learning model are presented in Fig. 6. All proxies are ranked along
the y-axis in descending order of SHAP importance. Based on this
ranking, we focus on the top 20 proxies to investigate their in-
fluence on OM enrichment. The results indicate that the V/Cr ratio,
representing redox conditions, and the Cu/Al ratio, indicative of
primary productivity, are the two most influential factors. This
highlights that redox conditions and primary productivity are the
primary controls on OM accumulation in the T3y7 shale. Compared
to these two dominant factors, terrigenous debris influx, paleo-
climate, salinity, volcanic activity, and hydrothermal activity
exhibit significantly lower contributions to the model. Addition-
ally, the SHAP summary plots provide insights into how each
feature affects the model output. Among the redox proxies, all
except the Ni/Co ratio show positive contributions, indicating that
favorable preservation conditions under reducing environments
play a critical role in OM accumulation. Regarding primary pro-
ductivity, the Ba/Al ratio was excluded due to its low OOB score
after data interpolation. Among the remaining proxies, most
(except for Zn/Al ratio) contribute positively to the model, sug-
gesting that elevated primary productivity promotes OM
accumulation.

In contrast, Al and Ti contents demonstrate a clearly negative
impact on the model output. This suggests that increased influx of
terrigenous material, which typically accelerates sedimentation

3050

rates, may dilute the effect of primary productivity. While some
studies have suggested a positive relationship between terrige-
nous influx and primary productivity (Wang et al., 2022), such an
interpretation is not applicable in this case. The T3y; shale is
predominantly composed of Type Il and Type I kerogen, reflecting
the major contribution of planktonic organism (Zhao et al., 2020;
Wang et al,, 2025b). In contrast, enhanced terrigenous input
typically results in Type III kerogen, as seen in the Jurassic Ziliujing
Formation of the Sichuan Basin (Wang et al., 2023a). From the
perspective of paleoclimate, the C-value shows an ambiguous ef-
fect due to its relatively low SHAP importance. However, the CIA
exhibits a clearly positive impact, while the Sr/Cu ratio has a
negative influence. Both ranks relatively high among the proxies
(9th and 11th, respectively), suggesting that a humid climate and
intense chemical weathering are conducive to OM enrichment.
The Sr/Ba ratio exhibits a negative influence on the model,
implying a detrimental effect of salinity on TOC content. This
finding contrasts with many previous studies on lacustrine shales,
which have argued that increased salinity under freshwater con-
ditions can promote water column stratification due to density
differences, thereby facilitating the development of reducing
conditions at the bottom waters (Tang et al., 2020; Jiang et al.,
2022). However, since the Tsy; shale was mainly deposited un-
der freshwater to brackish conditions, variations in salinity were
unlikely to induce significant stratification. Additionally, under
humid climatic conditions, the paleo-water depth of the deposi-
tional system likely increased, which would have further
strengthen reducing environment of bottom water. This
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Fig. 11. Terrigenous debris influx proxies of various lithofacies assemblages in the
Tsy7 shale of the Ordos Basin.

interpretation is supported by the effects of CIA and Sr/Cu ratio
observed in the model. Therefore, salinity did not exert a positive
influence on TOC content in this study. Previous studies have
suggested that volcanic activity positively affected OM accumu-
lation in the T3y shale (Wang et al., 2017; Liu et al., 2022). Inter-
estingly, our model shows that >"REE exhibits a negative influence,
while (La/Yb)y presents a predominantly positive effect, both
indicating that volcanic activity may have had a negative impact
on OM enrichment. In contrast, SEuy shows ambiguous trends and
ranks low in SHAP importance. Taken together, these proxies
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suggest that volcanic activity was not favorable for OM accumu-
lation, a conclusion that diverges from some earlier studies (Wang
et al., 2017; Liu et al., 2022) but aligns with the findings of Zhang
et al. (2020). The discrepancies among these studies will be
further explored in Section 5.3. Finally, among the proxies for
hydrothermal activity, only the (Fe + Mn)/Ti ratio falls within the
range of relevant SHAP importance. This ratio exerts a positive
contribution to the model, suggesting that hydrothermal activity
may have played a facilitating role in OM accumulation. The con-
trasting roles of hydrothermal and volcanic activities in OM
enrichment will also be discussed in detail in Section 5.3.

In summary, by leveraging an interpretable machine learning
model, we quantitatively assessed the contributions of various
paleoenvironmental proxies to OM enrichment. This approach
overcomes the limitations of single-factor analysis by simulta-
neously considering all proxies as independent variables, thereby
yielding more objective and comprehensive results.

Based on the variations in paleoenvironmental proxies among
the various lithofacies assemblages, we reconstructed conceptual
models to illustrate their depositional processes (Fig. 14). By
integrating the controlling factors of OM enrichment, we further
analyzed the formation mechanisms of different lithofacies as-
semblages. The laminated black shale was deposited in a humid
climate characterized by moderate to strong chemical weathering.
Such humid conditions likely enhanced paleo-water depth.
Although these facies experienced some influence from volcanic
activity, the overall intensity of volcanism was relatively weak. In
contrast to the massive dark-gray mudstone, the laminated black
shale was associated with stronger hydrothermal activity. The
combination of relatively intense hydrothermal input and
increased paleo-water depth facilitated the establishment of
reducing conditions in the bottom waters of the lake (Zhang et al.,
2010). Moreover, hydrothermal fluids supplied abundant nutrient
elements, which promoted plankton proliferation and enhanced
the primary productivity of the water column (Korzhinsky et al.,
1994; McKibben et al., 1990; Dover, 2001). It is worth noting
that, due to the humid climate, hydrothermal activity did not
significantly affect the salinity of the water column. Compared to
the massive dark-gray mudstone, the laminated black shale also
experienced lower terrigenous debris influx, which favored the
development of its laminated texture. Collectively, these condi-
tions created an environment highly favorable for OM enrichment
and ultimately led to the formation of laminated black shale.

The massive dark-gray mudstone, on the other hand, was
deposited under semi-humid conditions with moderate weath-
ering intensity. The relatively arid paleoclimate likely resulted in
reduced paleo-water depth, making it difficult to develop a
persistent reducing environment at the lake bottom. As a result,
the depositional setting was predominantly oxic to dysoxic.
Compared to the laminated black shale, the influence of hydro-
thermal fluids was weaker, while volcanic activity was more
intense. However, elevated volcanic activity did not lead to
enhanced primary productivity in the water column. During the
deposition of the massive dark-gray mudstone, both terrigenous
debris influx and sedimentation rates were higher. The strong
influx of clastic material likely diluted the effects of primary pro-
ductivity, suppressed OM accumulation, and contributed to the
development of a massive texture.

5.3. Reinterpretation of the influences of volcanic and
hydrothermal activities on OM accumulation

As discussed earlier, volcanic activity appears to have been
more intense during the deposition of the massive dark-gray
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Fig. 12. Volcanic activity proxies of various lithofacies assemblages in the T3y, shale of the Ordos Basin.

mudstone, whereas the laminated black shale was more notably
affected by hydrothermal alteration. This observation contrasts
with previous studies that emphasized a positive influence of
volcanic activity on OM enrichment in the Yanchang Formation
(Wang et al., 2017; Liu et al., 2021, 2022). In contrast, Zhang et al.
(2020) proposed that volcanic eruptions could induce climatic
shifts, toward drier and cooler conditions, which are unfavorable
for OM accumulation. The contrasting paleoclimatic conditions
reconstructed for the laminated black shale and the massive dark-
gray mudstone in this study support the conclusions of Zhang et al.
(2020), suggesting that intensified volcanic activity can indeed
lead to climatic deterioration. However, we argue that the influ-
ence of volcanic activity on the Tsy7 shale is multifaceted. First, we
acknowledge that volcanic activity may positively contribute to
OM enrichment in certain contexts. Previous studies have docu-
mented the presence of multiple tuff and volcanic ash interlayers
within the Tsy; (Zhang et al., 2020; Liu et al., 2021), and this
interpretation is also supported by geochemical proxies in our
dataset. These tuff and ash layers are largely the result of volcanic
eruptions that released fine ash into the depositional system.
Volcanic ash can introduce abundant nutrients that promote
plankton proliferation and, consequently, increase primary pro-
ductivity in the water column. However, it is important to note
that such productivity enhancement may occur with a hysteresis
period. In addition, volcanic ash can improve water column
reducibility by altering redox conditions (Liu et al., 2022). From
this perspective, the positive role of volcanic activity in promoting
OM enrichment, as highlighted in previous studies, is reasonable.
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Nevertheless, as Zhang et al. (2020) emphasized, the intensity of
volcanic activity must be considered when evaluating its impact
on OM accumulation. Beyond its climatic implications, volcanic
activity also plays a role in driving tectonic movements. Specif-
ically, intense eruptions are often accompanied by significant
tectonic reorganization, which can alter the tectonic framework of
the affected basin. Moreover, because volcanic ash can be trans-
ported across vast distances through the atmosphere, even erup-
tions occurring far from the depositional center may influence OM
accumulation in lacustrine environments.

Integrating these insights with our study results, we propose
a conceptual model to elucidate the dual impact of volcanic
activity on lacustrine shale systems. When volcanic activity is
weak or the lake is located far from the eruption center, the
basin is primarily influenced by airborne volcanic ash, while
tectonic activity remains relatively stable. Under these condi-
tions, the influx of volcanic ash can enhance primary produc-
tivity and promote a reducing environment in the water column,
thereby favoring OM enrichment. However, when volcanic ac-
tivity intensifies or the lake lies in close proximity to the erup-
tion center, both the paleoclimate and tectonic pattern may be
significantly disturbed. For instance, elevated terrigenous input
associated with stronger tectonic activity can dilute productivity
signals, while aridification may reduce paleo-water depth,
impeding the development of reducing environment of bottom
water. These combined effects may offset the positive contri-
butions of volcanic ash, ultimately creating conditions less
favorable for OM accumulation.
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Fig. 13. Hydrothermal activity proxies of various lithofacies assemblages in the Tsy7
shale of the Ordos Basin.

Taking the T3y7 shale as an example, volcanic activity exerted a
discernible influence during the deposition of the laminated black
shale; however, its intensity was significantly lower than that
associated with the massive dark-gray mudstone (Fig. 12). As a
result, the laminated facies are characterized by finely laminated
textures and elevated TOC content. The high abundance of pyrite
further suggests additional sulfate (SO~) input, likely sourced
from volcanic activity, in agreement with previous findings (Liu
et al., 2021). In contrast, during the deposition of the massive
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dark-gray mudstone, geochemical proxies indicative of volcanic
activity reflects either a higher eruption intensity or a shorter
distance from the volcanic center. Consequently, this interval is
associated with increased terrigenous debris influx, a drier pale-
oclimate, and massive sedimentary textures. These conditions
collectively led to substantially lower TOC contents in the massive
facies. Based on the above discussion, a key conclusion can be
drawn: the influence of volcanic activity on OM enrichment in
lacustrine shale systems is inherently complex. This influence
appears to be governed by both the intensity of volcanic activity
and the proximity of the basin to the eruption center. Moderate
volcanic activity may enhance OM accumulation by delivering
nutrients and promoting reducing conditions, whereas intense
volcanic events tend to exert a detrimental effect. SHAP interaction
values further reveal that increases in proxies representing vol-
canic activity tend to suppress the positive contributions of redox
conditions and primary productivity to OM enrichment (Fig. 15(a)
and (c)). Specifically, for samples with relatively intense volcanic
activity (characterized by red dot in the figure), paleoproductivity
and redox factors show a negative correlation with their corre-
sponding SHAP interaction values, respectively. This observation
provides additional support for our conclusion. However, it should
be noted that in addition to the intensity of volcanic activity, the
type of volcanism must also be considered. For example, a study of
the Cretaceous Shahezi Formation in the Songliao Basin found
distinct differences in how subaqueous and subaerial volcanic
activities influence organic matter enrichment (Xie et al., 2024).

In addition to volcanic activity, hydrothermal fluids can also
significantly influence the redox conditions and primary produc-
tivity within the water column (Korzhinsky et al., 1994; McKibben
et al, 1990; Dover, 2001). Although volcanic and hydrothermal
activities are often closely related, hydrothermal fluids can still
reach the lake environment through fault systems or other path-
ways, even in the absence of substantial volcanic activity. This
process does not necessarily require intense tectonic disturbances.
As shown in the spatial distribution of geochemical proxies
(Fig. 13), hydrothermal activity was more pronounced during the
deposition of the laminated black shale. Therefore, in addition to
moderate volcanic activity that contributed volcanic ash, hydro-
thermal fluids likely delivered abundant nutrients to the lake,
enhancing both primary productivity and the development of
reducing conditions.

In contrast, the massive dark-gray mudstone exhibits weaker
hydrothermal activity, despite stronger volcanic signals during its
deposition. This discrepancy suggests that the volcanic activity
during this period may not have directly affected the lake system
via magmatic input. Consistently, SHAP interaction values indicate
that an increase in the proxy representing hydrothermal activity
enhances the positive influence of redox and productivity-related
proxies on OM enrichment (Fig. 15(b) and (d)). For samples with
relatively intense hydrothermal activity (indicated by red dots in
Fig. 15), primary productivity and redox factors show a positive
correlation with their corresponding SHAP interaction values,
respectively. This finding further supports the interpretation that
OM enrichment was more favorable in the laminated black shale
facies.

In summary, volcanic activity of varying intensities and types
exerts differentiated effects on OM content in lacustrine shale
systems. Meanwhile, the role of hydrothermal activity in OM
accumulation should not be overlooked. Future studies should
consider volcanic and hydrothermal activities as distinct factors in
order to more objectively elucidate their respective impacts on the
development of organic-rich shale in lacustrine systems.
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Fig. 14. Conceptual diagram of organic matter enrichment in various lithofacies assemblages in the T3y, shale of the Ordos Basin.
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Fig. 15. Differential interaction effects for volcanic and hydrothermal proxies on primary productivity and redox conditions.

6. Conclusions

Based on newly obtained geochemical data from YYa borehole
in the southern Ordos Basin and previously published datasets,
this study reconstructs the paleoenvironmental conditions asso-
ciated with various lithofacies assemblages within the Tsy;. An
interpretable machine learning model was developed to identify
the dominant controls on OM accumulation, and the distinct in-
fluences of volcanic and hydrothermal activity on OM enrichment
were systematically examined using the T3y shale as a case study.

The major conclusions are as follows:

(1) Two lithofacies assemblages are identified in the Tsy7 shale:

laminated black shale and massive dark-gray mudstone.
These assemblages were deposited under markedly
different conditions, including variations in paleoclimate,
salinity, redox conditions, primary productivity, terrigenous
debris influx, and both volcanic and hydrothermal activities.
These environmental differences led to distinct mineral
compositions, sedimentary textures, and organic geochem-
ical characteristics in each lithofacies assemblage.

(2) The interpretable machine learning model enables quanti-

tative assessment of the influence of multiple paleoenvir-
onmental proxies on OM enrichment. This approach
overcomes the limitations of single-factor analyses by
considering all proxies simultaneously as input variables,
resulting in more objective and robust conclusions. The

model suggests that OM accumulation in the T3y7 shale is
primarily controlled by the coupling of high primary pro-
ductivity and effective preservation conditions. Addition-
ally, a humid paleoclimate, moderate volcanic activity,
active hydrothermal input, and relatively low terrigenous
influx and sedimentation rates are all favorable for OM
enrichment.

(3) The influence of volcanic activity on OM accumulation in

lacustrine shale systems is non-linear. The decoupling of
volcanic and hydrothermal activities significantly influ-
enced the formation of the distinct lithofacies within the
T3y;. While moderate volcanic activity promotes OM
enrichment, intense volcanic activity tends to have a detri-
mental effect. Moreover, hydrothermal activity plays a sig-
nificant and independent role in facilitating OM
accumulation and should be considered separately from
volcanic activity in future research. This distinction is crucial
for accurately understanding the mechanisms governing
organic matter enrichment in lacustrine shale systems.
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