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Abstract

Accurate water saturation estimation in deep shale reservoirs is complicated by clay-related
additional conductivity and coupled pore, organic-matter, and structural effects. This study
develops a feature-level physics-guided machine-learning framework, termed PhysML-Hy-
brid. Five mechanism-derived descriptor groups representing clay—water interfacial behav-
ior, low-resistivity correction, pore connectivity, organic-pore development, and structural
stress were integrated with conventional reservoir variables in a validation-weighted en-
semble of random forest, XGBoost, and Bayesian neural network models. The framework
was evaluated using 153 depth-matched samples from five wells in the Dingshan area of
the Sichuan Basin. The data were divided into 107 training, 16 validation, and 30 independ-
ent test samples, and target-stratified five-fold cross-validation was conducted exclusively
within the training set. Mean cross-validation R?, MAE, and RMSE were 0.907 + 0.009,
1.69% =+ 0.10%, and 2.25% =+ 0.14%, respectively. On the independent test set, the corre-
sponding values were 0.902, 1.77%, and 2.34%. PhysML-Hybrid outperformed Archie,
SVM, ML-only, and Phy-XGB. SHAP and statistical analyses identified clay content, the cur-
vature—clay interaction, TOC, pore connectivity, and structural descriptors as influential
variables; candidate transitions were interpreted as dataset-specific rather than universal
thresholds or causal relationships. Three blind-well cases provided supplementary evidence
of cross-well applicability, although larger independent multi-basin datasets are required to
assess transferability.

Keywords: deep shale gas; water saturation; physics-guided machine learning; ensemble
learning; non-Archie conductivity; SHAP; Sichuan Basin

1. Introduction

The deep Silurian shale gas reservoirs of the Sichuan Basin (burial depth > 3500 m)
constitute a critical domain for reserve growth and production enhancement, yet their high
water saturation (typically >40%) significantly constrains effective gas deliverability.
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Accurate prediction of water saturation remains challenging because of the coexistence of
low-resistivity effects and complex pore-scale water occurrence. Pyrite enrichment and or-
ganic-matter graphitization can markedly reduce formation resistivity, leading to system-
atic overestimation of water saturation by more than 20% using conventional Archie-based
models [1]. At the pore scale, strong surface forces govern the distribution and thickness of
water films in nanopores, while clay mineral transformations and surface hydration further
complicate the distinction between bound and movable water [2]. In structurally deformed
zones, fracture development further enhances water mobility, especially in high-curvature
regions [3]. Recent studies of coal-bearing unconventional reservoirs have further demon-
strated that fluid occurrence is closely coupled with surface wettability and mechanical re-
sponse: Al2Os nanofluids under different pH conditions and acidic SiOz nanofluids can alter
solid-water contact angles, interfacial adsorption layers, mineral-surface reactions, and mi-
cromechanical properties [4,5]. At a larger scale, high-voltage electrical-pulse treatment has
been shown to expand bottleneck pores, promote the transformation of closed pores into
semi-open and open pores, generate connected fractures, and thereby enhance permeability
and cross-scale gas transport [6]. Although coal and shale differ in mineral composition,
organic-matter structure, and mechanical properties, these studies collectively indicate that
wettability, pore-scale fluid occurrence, mechanical deformation, pore—fracture connectiv-
ity, permeability evolution, and gas migration are strongly coupled in unconventional res-
ervoirs. These coupled effects render water saturation prediction in deep shale reservoirs a
persistent challenge [7,8].

Traditional water saturation evaluation methods, centered on resistivity-based models,
are fundamentally limited in such complex systems. The Archie equation assumes a homo-
geneous pore structure and neglects additional conductive pathways, restricting its applica-
bility in clay-rich and organic-rich shales [9]. Extensions such as the Waxman—Smits model
[10] and the dual-water model [11] partially account for clay conductivity and bound water
effects, yet still rely on uncertain parameters and simplified assumptions. Even recent im-
provements, including modified Archie formulations [12] and J-function-based spatial mod-
eling [13], fail to fully capture the coupled impacts of nanopore structure, fracture systems,
and organic-matter evolution. Although advanced petrophysical techniques such as NMR
provide direct insight into fluid occurrence and significantly improve saturation estimates
[14-19], their high cost and limited field applicability restrict large-scale deployment. Con-
sequently, no single method currently achieves both high accuracy and broad applicability
in shale reservoirs [20,21].

Machine learning (ML) offers a promising alternative by leveraging multi-source data
to model complex nonlinear relationships. Applications using well logs, core data, and seis-
mic attributes have demonstrated substantial improvements in prediction accuracy over
empirical models [22-24]. For example, ML-based approaches reduce prediction error with-
out reliance on extensive core measurements [25] and perform well in low-resistivity, het-
erogeneous formations such as the Bakken [26] and tight sandstones [27]. However, purely
data-driven models remain limited by their “black-box” nature, weak physical interpreta-
bility, and poor generalization in data-scarce environments. Hybrid approaches that inte-
grate physical constraints with ML have therefore emerged, incorporating mechanisms such
as DLVO-based water-film thickness or embedding governing equations via physics-in-
formed neural networks [28,29]. Yet these approaches often remain “gray-box” models,
with insufficient coupling between physical mechanisms and data-driven components. De-
spite this progress, four important gaps remain in current water saturation modeling. First,
most machine-learning studies rely on raw well-log or empirically selected attributes, such
that physical knowledge is invoked mainly for post hoc interpretation rather than being
encoded in the model input. Second, existing hybrid approaches generally focus on a single
mechanism, such as DLVO-controlled water-film thickness or governing-equation
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regularization, and do not jointly address clay-related non-Archie conductivity and the oc-
currence state of pore water. Third, few models explicitly distinguish the controls on clay-
bound water, organic-pore water, and fracture-connected movable water through comput-
able descriptors coupling interfacial chemistry, pore connectivity, organic matter, and tec-
tonic stress. Fourth, model performance is commonly assessed using random sample parti-
tions within a single reservoir or region, leaving transfer across wells or blocks with different
mineral compositions, salinities, and structural settings insufficiently tested. A unified
framework is therefore required to embed multiple physical mechanisms before model
learning, retain nonlinear predictive capability, and evaluate whether the learned relation-
ships remain physically consistent and spatially transferable.

Accordingly, this study makes four main contributions. First, rather than treating water
saturation as a direct function of resistivity or raw logging variables, we construct five
groups of physics-derived descriptors representing water-film thickness, clay-related low-
resistivity correction, pore connectivity, organic-pore contribution, and structural-stress ef-
fects. These descriptors provide a feature-level representation of the mechanisms control-
ling bound- and movable-water occurrence. Second, the physics-derived descriptors are in-
tegrated within a weighted RE-XGB-BNN ensemble that combines the robustness of ran-
dom forests, the nonlinear learning capability of gradient boosting, and the flexible repre-
sentation capability of the neural network component. The heterogeneous ensemble enables
complementary prediction patterns from the three learners to be integrated without attrib-
uting the final performance to any single model architecture. Third, SHAP analysis is em-
ployed not merely to rank input variables, but to examine whether the effects and interac-
tions learned by the model agree with expected geological and petrophysical mechanisms.
Fourth, the framework is evaluated using multi-source data from several shale gas areas
and independent blind wells to assess its spatial transferability. Together, these develop-
ments distinguish the proposed framework from conventional Archie-type models, purely
data-driven machine learning, and single-mechanism physics-machine learning hybrids.

2. Materials and Methods

The overall framework of the proposed physics-guided machine-learning model is il-
lustrated in Figure 1 and comprises two integrated components: a physics-based constraint
module and a machine-learning prediction module. The physics module ingests multi-
source data—including conventional well logs, core measurements, and seismic attrib-
utes—and transforms them into physically interpretable descriptors through submodules
such as water-film thickness estimation, low-resistivity correction, and pore connectivity
quantification. These features explicitly encode the underlying geological and petrophysical
mechanisms. The machine-learning module then fuses the physics-derived descriptors with
the original input features and performs feature engineering to construct an enriched fea-
ture space. The resulting feature set is subsequently fed into a weighted ensemble model
that integrates random forest (RF), XGBoost (XGB), and a Bayesian neural network (BNN),
as shown in Figure 1. This ensemble framework enables robust learning of complex nonlin-
ear relationships, and its output is used as the final prediction of water saturation.

https://doi.org/10.3390/pr14152474



Processes 2026, 14, 2474

4 of 23

Hybrid Model

Input Data

! Original Data } [

| Clay-organic matter |

| Clay content | i 1 , o
' Y i thickness ! H interaction

B %Sy
4
Final Saturation
Bras X Suxan ‘ Prediction
+

By XS,mn

i . istivity ! | Salinity ;
| Total organic ! L Sis H : ity perature |
H carbon N correction factor H ' interaction

L g iy (Ep|  TOC-salinity
Structural :»: Pore connectivity “:

; interaction
curvature Index

! Porosity-structural

Organic pore ! curvature interaction |

Porosity ! i contribution ratio |

| Water film thickness— |

| {1 Structuralstress | | corrected resistivity !
4 K \ factor ; \ interaction

XGBoost Model

OO
DD
D

VoVATNATS

BNN Model

Figure 1. Architecture of the physics-guided machine-learning framework.

2.1. Physical Model

Building on the systematic analysis in Section 1 of the mechanisms controlling water
saturation in deep shale gas reservoirs, this study extracts and constructs five core physics-
based information modules from the key physical processes of interfacial chemistry, electri-
cal response, pore structure, organic-matter evolution, and tectonic stress. These modules
comprise a modified water-film thickness calculation model based on DLVO theory, a low-
resistivity correction factor reflecting the conductive effect of organic-matter graphitization,
a pore connectivity index characterizing the effective flow capacity of the pore network, an
organic-pore contribution ratio quantifying the contribution of organic pores to reservoir
storage space, and a tectonic-stress factor describing the intensity of structural deformation.
This modular system explicitly represents multiple physical mechanisms in a computable
form, enabling the embedding of physical constraints into the subsequent machine-learning
framework and thereby improving the physical consistency and generalization capability
of water saturation predictions.

It should be clarified that the five derived descriptors introduced below are semi-em-
pirical formulations rather than strictly derived first-principles constitutive equations. Their
functional forms were established according to the known qualitative relationships among
interfacial chemistry, electrical conductivity, pore structure, organic-matter occurrence,
structural deformation, and water saturation. The associated coefficients were empirically
specified on the basis of domain knowledge, previously reported trends, and the parameter
ranges represented by the present dataset. These coefficients were fixed before machine-
learning training and were not optimized using the validation or test targets. Therefore, they
should be interpreted as study-area-specific empirical parameters rather than universal
physical constants. All input variables were entered using the units defined below, and the
empirical coefficients implicitly contain the corresponding conversion dimensions required
by each formulation. The applicability of these descriptors is limited to the geological con-
ditions and parameter ranges covered by the studied samples; application to other reser-
voirs may require recalibration.

2.1.1. Water-Film Thickness

Clay content, formation-water salinity, temperature, and pressure jointly influence the
occurrence of bound water on shale mineral surfaces. To represent their combined effects, a
semi-empirical water-film descriptor was constructed using a DLVO-inspired functional
form. This descriptor was developed for physics-guided feature engineering and was not
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intended to provide a direct first-principles calculation or experimental measurement of ab-
solute water-film thickness. It is expressed as follows:

A
5= M)
”K pw

45, =12x107" +2x107 ¢, +5x107'g, * @
o = £,€,kT _0.304 3
2N e’1 Js ©)
1 .
I = EZ ¢z 4)

where § denotes the dimensionless semi-empirical water-film development coefficient,
which characterizes the relative tendency of water-film formation on clay mineral surfaces
rather than the absolute physical film thickness. A;3, is an effective empirical surface-interac-
tion term for the clay-water-mineral three-phase system and characterizes the relative mag-
nitude of interfacial van der Waals interactions (dimensionless). x is the inverse Debye length
(m), whereas k™' represents the characteristic thickness of the diffuse electrical double layer
(m). p,, is the water density (kg/m=), and ¢,y is the dimensionless clay volume fraction ex-
pressed on a 01 scale. &, is the relative permittivity of water (dimensionless); &, is the vac-
uum permittivity, 8.854 x 107*% C2 N m% kg is the Boltzmann constant, 1.38 x 1072
J/K; T is the absolute temperature (K); N, is Avogadro’s constant, 6.022 x 1023 mol; and
e is the elementary charge, approximately 1.602 x 107*° C. I is the ionic strength in
mol/m?; c; is the molar concentration of ionic species i in mol/m3; and z; is its valence (di-
mensionless). When the measured ionic concentrations are reported in mol/L, they are con-
verted to mol m-before calculating k. S denotes formation-water salinity (g/L), reflecting the
total concentration of dissolved salts in the pore water, and P denotes reservoir pressure
(MPa). The quadratic clay-content term is introduced to represent the nonlinear influence of
clay minerals on surface interactions and water-film development. The final water-film rela-
tionship is used as a unit-specific semi-empirical numerical-value equation, and its fitted co-
efficients incorporate the necessary unit normalization. Consequently, § is reported as a di-
mensionless descriptor and is not interpreted as an absolute film thickness. The calculated
descriptor was standardized together with the other predictors, and only its relative variation
among samples was used in the machine-learning model. The adopted applicability range for
this descriptor comprises a clay volume fraction of 0.15-0.45 (15-45%), formation-water salin-
ity of 10-50 g/L, NaCl-equivalent ionic strength of approximately 0.17-0.86 mol/L (170-860
mol/m?3), and temperature of 353.15425.15 K (80-152 °C).

2.1.2. Low-Resistivity Correction Factor

Clay minerals exhibit significant additional conductivity, mainly arising from ionic
conduction pathways formed by exchangeable cations on their surfaces, which causes the
formation resistivity (R,) obtained from well logs to be systematically lower than the true
resistivity —an effect that is particularly pronounced under conditions of high clay content
or low salinity. To correct for this bias, this study constructs a semi-empirical correction fac-
tor inspired by the Waxman-Smits model to represent the influence of clay cation exchange
capacity (CEC) on resistivity. The corrected resistivity can be expressed as:

R’=R x(1.2+0.15CEC~0.003S +0.002- ¢, - CEC) ©)

where R, denotes the corrected formation resistivity ((Q-m), and R, is the original for-
mation resistivity obtained from well logs ({2‘m). The term in parentheses represents the
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dimensionless low-resistivity correction factor. Equation (5) is a unit-specific empirical nu-
merical-value equation. In this equation, CEC, S, and ¢,, denote the numerical values of
the clay cation exchange capacity expressed in meq/100 g, formation-water salinity ex-
pressed in g/L, and clay content expressed in %, respectively. For example, a clay content of
30% is entered as 30 rather than 0.30. Before calculation, all input variables were converted
to these prescribed units. Consequently, the numerical constants 1.2, 0.15, 0.003, and 0.002
are treated as dimensionless empirical coefficients, and every term inside the parentheses is
dimensionless. The corrected resistivity R, therefore retains the same unit as R, namely
Qm. The empirical relationship is applicable only when the input variables are expressed
using the prescribed units.

By introducing the clay cation exchange capacity, Equation (5) enhances the ability to
characterize the additional conductivity associated with clay minerals. The interaction term
between clay content and clay cation exchange capacity further describes the conductive
contribution arising from the combined effects of clay type and content. The salinity term
reflects the controlling effect of high-salinity fluids on the increase in electrical conductivity;
that is, the higher the salinity, the stronger the solution conductivity, the lower the measured
R;, and the stronger the correction required. The adopted applicability range for this correc-
tion factor is an original formation resistivity of 1-30 Q-m, clay cation exchange capacity of
5-25 meq/100 g, formation-water salinity of 10-50 g/L, and clay content of 15-45%.

2.1.3. Pore Connectivity Index

To represent the relative tendency of pore—fracture connectivity of the shale pore—frac-
ture system, this study constructs a pore connectivity index that jointly accounts for the pro-
moting effect of structural curvature on microfracture development and the suppressing
effect of clay minerals on pore-throat blockage. The pore connectivity index can be ex-
pressed as:

CI =[0.5xsigmoid(K,)+0.3]x(1-¢,,,) ©6)

where CI denotes the dimensionless pore connectivity index. Equation (6) is a unit-specific
semi-empirical numerical-value equation. In this equation, K, denotes the numerical value
of structural curvature expressed in km-. For example, a structural curvature of 0.08 km™
is entered as 0.8. Therefore, K, is treated as a dimensionless numerical input within the
sigmoid function. ¢,, denotes the dimensionless clay volume fraction expressed on a 0-
1 scale; for example, a clay content of 30% is entered as 0.30. Accordingly, the clay fraction
used in Equation (6) can be obtained from the percentage clay content as ¢y =
Celay%/100. Before calculation, structural curvature and clay content were converted to
these prescribed forms.

The sigmoid function is defined as:
! 7
I+e™ @
where x is a dimensionless numerical input. In Equation (6), x corresponds to the numerical
value of the structural curvature expressed in km. Consequently, the exponent —x is dimen-
sionless. The constants 0.5 and 0.3 are also dimensionless empirical coefficients, and both
sigmoid(K,) and 1 — ¢,, aredimensionless. Therefore, the resulting CI is dimensionless.

sigmoid(x) =

The sigmoid function maps the prescribed curvature value to the interval between 0
and 1 and represents a smooth nonlinear increase in the relative contribution of curvature-
induced fractures. The term 1 — ¢,, describes the suppressive influence of clay enrich-
ment on pore connectivity. Higher clay content generally increases pore-throat filling and
blockage, thereby restricting the effective pathways available for movable fluids. In contrast,
increasing structural curvature is associated with a greater tendency for microfracture de-
velopment and enhanced pore—fracture connectivity. Because the coefficients were
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empirically specified, CI represents a relative connectivity descriptor rather than a direct
measurement of absolute pore-network connectivity. Its interpretation and application are
limited to the structural-curvature and clay-content ranges represented by the calibration
dataset. The adopted applicability range for this index is a structural curvature of 0.01-0.10
km™ and a clay content of 15-45%, with the clay content entered into Equation (6) as a di-
mensionless volume fraction of 0.15-0.45.

2.1.4. Formulation of the Organic-Pore Contribution Ratio

To represent the relative contribution tendency of organic matter to the effective stor-
age space under different mineralogical backgrounds, this study develops an organic-pore
contribution ratio model. This model comprehensively accounts for the coupled relation-
ships among total organic carbon content, total porosity, and clay mineral content, and is
expressed as:

_ 0.25xTOCx ¢
“1+0.1xg,,

where ¢, denotes the dimensionless semi-empirical organic-pore contribution index ra-
ther than a directly measured organic-pore volume fraction. TOC, ¢, and ¢,y denote the

9, ®)

dimensionless total organic carbon fraction, total porosity, and clay fraction, respectively,
and are entered on a 0-1 scale. For example, a TOC content of 4%, a total porosity of 5%, and
a clay content of 30% are entered as 0.04, 0.05, and 0.30, respectively. Before calculation, all
percentage measurements are divided by 100 and converted to dimensionless fractions.

The coefficients 0.25 and 0.1 are dimensionless empirical coefficients. Therefore, the
numerator 0.25 X TOC X ¢ is dimensionless, and the denominator 1 + 0.1 X @,y is also
dimensionless. Consequently, the resulting ¢, is dimensionless, and Equation (8) is di-
mensionally consistent.

The numerator represents the combined positive influence of organic-matter abun-
dance and total pore volume on the relative development of organic pores. The denominator
introduces an empirical clay-adjustment term to account for the suppressive influence of
clay enrichment on the effective contribution of organic pores. Clay minerals may occupy
pore space, increase surface adsorption and capillary confinement, and reduce the effective
connectivity of organic pores. Accordingly, increasing TOC and porosity increases the in-
dex, whereas increasing clay content decreases it.

Because the coefficient values were empirically specified, ¢,y should be interpreted
as a relative organic-pore contribution descriptor rather than an absolute organic-pore vol-
ume fraction. The calculated descriptor was standardized together with the other predictors
before model training, and only its relative variation among samples was used by the ma-
chine-learning model. Its application should therefore be restricted to the variable ranges
represented by the calibration dataset. The adopted applicability range for this index is a
TOC content of 1.5-6.5%, total porosity of 3-12%, and clay content of 15-45%; all percentage
variables are divided by 100 and entered into Equation (8) as dimensionless fractions.

2.1.5. Formulation of the Structural-Stress Factor

Structural deformation can affect the preservation, compaction, and connectivity of
shale pore systems, particularly in deep reservoirs where pore structures are sensitive to
regional bending and deformation. To describe the relative structural condition of the res-
ervoir, this study constructs a semi-empirical structural-stress proxy based on structural
curvature:

©)

2
5 o] 03 £=016)

0.02
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where Sy denotes the dimensionless structural-stress factor. Equation (9) is a unit-specific
semi-empirical numerical-value equation. In this equation, K. represents the numerical
value of structural curvature expressed in km. For example, a structural curvature of 0.06
km is entered as 0.06. Before calculation, all curvature measurements were converted to
this prescribed unit. The values 0.06 and 0.02 represent, respectively, the empirical reference
curvature and the characteristic response width in the prescribed curvature unit, while 0.5
is a dimensionless empirical coefficient. Therefore, (K. — 0.06)/0.02 is dimensionless, the
exponent is dimensionless, and the resulting Sy is also dimensionless.

The Gaussian-type response reaches its maximum value of 1 when K, = 0.06 km™!
and decreases as the curvature deviates from this reference value. The reference value of
0.06 km™ represents an empirically selected central structural condition within the calibra-
tion dataset, whereas 0.02 km™ controls the sensitivity of Sy to curvature deviation. These
values are empirical calibration parameters rather than universal mechanical thresholds.

This formulation represents the assumption that moderate structural deformation may
favor the preservation and effective connectivity of the pore—fracture system, whereas ex-
cessively weak or strong deformation may be associated with insufficient fracture develop-
ment, pore compression, structural damage, or reduced connectivity. Because S is derived
solely from structural curvature, it should be interpreted as a relative structural-stress proxy
rather than a direct measurement of in situ stress magnitude. The calculated factor was
standardized together with the other predictors before model training, and only its relative
variation among samples was used by the machine-learning model. Its application should
therefore be restricted to the curvature range represented by the calibration dataset. The
adopted applicability range for this factor is a structural curvature of 0.01-0.10 km™, with
the strongest response concentrated near 0.04-0.08 km™.

2.2. Machine-Learning Model
2.2.1. Feature-Engineering Module

To enhance the model’s ability to characterize the complex reservoir mechanisms of
deep shale gas, this study constructs interaction features with clear physical meaning on the
basis of the five categories of physical factors, so as to capture the coupled relationships
among key geological parameters. For example, the synergistic effect between clay and or-
ganic matter is represented by ¢,, X TOC/100, which reflects the competing and promot-
ing effects between clay adsorption properties and organic-pore development; the coupling
between salinity and temperature is described by S X T/1000, capturing the role of ele-
vated temperature in enhancing ionic activity and thus modifying the aqueous geochemical
environment; the interaction term TOC X §/100 between organic matter and salinity is
used to characterize the joint control of organic-pore adsorption capacity and formation-
water salinity; the response of porosity to structural curvature is expressed quantitatively
as ¢ X K, x 100, thereby making explicit the impact of structural-stress perturbations on
pore connectivity; and the coupled feature & X R;/100 between water-film thickness and
corrected resistivity reveals the linkages among water-film control and bound-water pro-
portion, conductive pathways, and resistivity response. In addition, to strengthen the
model’s capability to identify higher-order nonlinear coupling relationships, the feature
space is further expanded using a second-order polynomial scheme, enabling a more com-
prehensive representation of the complex interactions among structure, mineralogy, aque-
ous geochemistry, and pore structure.

2.2.2. Model Architecture and Training

The final prediction was generated using a weighted ensemble of random forest (RF),
XGBoost (XGB), and a Bayesian neural network (BNN). All continuous predictors were stand-
ardized using the means and standard deviations calculated exclusively from the training set,
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and the same transformation parameters were subsequently applied to the validation and test
sets. Model hyperparameters were determined by five-fold cross-validation within the train-
ing set, using the mean absolute error (MAE) as the optimization criterion. The independent
validation set was used to determine the ensemble weights and perform early stopping,
whereas the test and blind-well datasets were excluded from model selection.

The RF model consisted of 300 regression trees, with a maximum tree depth of 8, a
minimum of 5 samples required for internal-node splitting, and a minimum leaf size of 1.
Bootstrap sampling and the squared-error criterion were used. The XGB model consisted of
300 boosting trees, with a maximum depth of 6, a learning rate of 0.01, a subsampling ratio
of 0.8, and a column-sampling ratio of 1.0. The regression squared-error objective was
adopted. The random seed was fixed at 42 for all models.

The BNN contained three fully connected hidden layers with 128, 64, and 32 neurons,
respectively, followed by a single linear regression-output node. Rectified linear unit func-
tions were used in the hidden layers. Independent standard Gaussian priors,

p(0)=N(0,1), (10)

were assigned to the network weights and biases. A mean-field Gaussian distribution was
adopted as the variational posterior:

q(0)=N (u,0%), 1)

where u and o were optimized using the reparameterization method. Variational infer-
ence was performed by minimizing the negative evidence lower bound, which combines
the expected negative log-likelihood and the Kullback-Leibler divergence between the var-
iational posterior and the prior. The BNN was trained using the Adam optimizer, with an
initial learning rate of 1 x 1073, a batch size of 32, and a maximum of 500 epochs. Training
was terminated early when the validation MAE did not improve for 25 consecutive epochs.

The validation MAEs of RF, XGB, and BNN were 4.9%, 4.6%, and 4.8%, respectively.
These validation errors were first converted into normalized performance scores using the
reciprocal-MAE relationship:

. MAE;'

" S MAE 12
j=1

where m represents RF, XGB, or BNN. The resulting initial weights were 0.324, 0.345, and

0.331, respectively. Because the optimal ensemble weights also depended on the comple-

mentarity and correlation among the residuals of the three models, these initial weights

were further refined on the validation set. Non-negative weight combinations centered on

the initial values were evaluated at an interval of 0.05 under the constraint
Wi T Wop T Wi =1 (13)

The optimal combination was determined by minimizing the validation-set ensemble
MAE:

N,
% * * _ . l v A
(Weps Wxgp» Wenn ) = argmin Z Yi= 2. WnYim (14)
val i=1 m

The weight combination of 0.35:0.35:0.30 produced the lowest ensemble MAE on the
validation set and was therefore fixed before evaluation on the test and blind-well datasets.

During inference, 100 Monte Carlo samples were drawn from the learned variational
posterior for each input, and the mean of the sampled predictions was used as the BNN
point prediction. The posterior dispersion was not used to construct calibrated sample-level
prediction intervals in the present study. Accordingly, the BNN component was employed
primarily as a probabilistically regularized nonlinear learner within the heterogeneous
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ensemble rather than as a standalone uncertainty-quantification model. The final ensemble
prediction was calculated as

S, =0.358, . +0.35S, i +0.305, 1o (15)

The main hyperparameters and training settings of the RF, XGB, and BNN models are
summarized in Table 1. These parameters were determined through five-fold cross-valida-
tion within the training set using MAE as the optimization criterion and were subsequently
fixed during validation, test-set evaluation, and blind-well prediction.

Table 1. Main hyperparameters and training settings of the RF, XGB, and BNN models.

Regularizati d Infer-
Model  Architecture/Size  Optimization and Training eglfiarization and tnter

ence

RE 300 trees; maximum Minimum split size =5; mini- Squared-error criterion;

depth=8 mum leaf size=1 bootstrap sampling
300 trees: maximum Squared-error objective;
XGB ’ Learning rate = 0.01 subsample = 0.8; column

depth=6
sample =1.0

Ad timizer; learni N(0,1 t ior;
Fully connected 128 am optimizer; learning (0,1) parameter prior

rate = 1 X 1073; batch size = mean-field Gaussian poste-
32; maximum epochs =500;  rior; Monte Carlo mean
early-stopping patience =25 used for point prediction

BNN 64-32-1 network;
ReL.U activation

Note: The random seed was fixed at 42 for all models. The reported hyperparameters were determined
using five-fold cross-validation within the training set and were fixed before validation, test-set eval-

uation, and blind-well prediction.

2.2.3. Final Water Saturation Prediction Equation

To achieve high-accuracy prediction of water saturation, this study deeply integrates
the physics-based mechanism modules with the data-driven model and constructs a hybrid
prediction framework with explicit physical meaning. The water saturation S,, can be writ-
ten as a composite function of the physical feature mapping and the ensemble learning
model:

S, = fommene {6(R,.S.Clay), R/(R,,CEC,S), CI(Clay.K.),

¢arg (TOC’ ¢’ Clay)ﬂS/(Kc)7 TOC’ ¢’ Kc’¢clay}

where the physical features correspond, respectively, to the clay-surface water-film thick-

(16)

ness 6, the resistivity R; corrected for clay-related conductivity, the pore connectivity in-
dex Cl, the organic-pore contribution ratio ¢,rg, and the structural-stress factor Sy, among
other key physical mechanisms. Through this explicit construction, the model can fully pre-
serve the controlling effects of physical processes on water saturation, while providing the
machine-learning component with structured and interpretable input features.

On the data-driven side, the final prediction is generated by a weighted ensemble
model composed of random forest, XGBoost, and the Bayesian neural network. The ensem-
ble output can be expressed as:

S, =035, g +0.35XS, s 030X, pox 17)

The individual weights were determined according to the relative MAE performance
on the validation set to achieve a balance between predictive accuracy and robustness. The
weighted ensemble combined the complementary prediction patterns of RF, XGB, and BNN,
while no quantitative claim regarding calibrated predictive uncertainty was made in the
present study. By explicitly embedding physical mechanisms into the input space and em-
ploying ensemble learning to enhance algorithmic performance, this framework effectively
overcomes the limitations of traditional physics-based models, as well as the strong data
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dependence and insufficient physical interpretability inherent in purely data-driven ma-
chine-learning approaches.

2.2.4. Model Evaluation and Robustness Analysis

Model performance was evaluated using the coefficient of determination (R?), mean
absolute error (MAE), and root mean square error (RMSE). MAE and RMSE were expressed
in percentage points of water saturation. Before model development, the 153 samples were
divided into a training set of 107 samples, a validation set of 16 samples, and an independent
test set of 30 samples using target-stratified random sampling.

Five-fold cross-validation was conducted exclusively within the 107-sample training
set to evaluate model stability. The independent validation set was used for hyperparameter
selection and ensemble-weight determination, whereas the independent test set remained
completely excluded from model development and was evaluated only once after the model
configuration had been finalized. Within each cross-validation fold, missing-value imputa-
tion, outlier treatment, normalization, feature construction, feature selection, and model fit-
ting were performed using only the corresponding fold-training subset.

2.3. Dataset Description and Preprocessing
2.3.1. Dataset Composition and Multi-Source Data Integration

A total of 153 depth-matched samples from five wells in the Dingshan area were used
for model development and evaluation. The dataset contained 27, 5, 47, 35, and 39 samples
from wells DY1, DY2, DY3, DY4, and DY5, respectively, covering a depth range of 1928.01-
4366.54 m. Each record was assigned a unique identifier consisting of the well name, sample
identifier, and sampling depth to ensure traceability throughout data preprocessing and
model evaluation.

The dataset integrated laboratory measurements, core-derived petrophysical proper-
ties, conventional well-log responses, and reservoir-condition parameters defined at the
sample, well, or study-area scale. Measured water saturation was used as the prediction
target. TOC, clay content, porosity, and permeability were obtained from the corresponding
sample or the nearest available core-analysis record. A maximum depth difference of 1.0 m
was allowed when matching laboratory and core-derived variables. Acoustic transit time
(AC), density (DEN), gamma ray (GR), and resistivity (R,;) were matched to the sample
depths using a maximum depth difference of 0.125 m. Temperature, pressure, pressure co-
efficient, and other reservoir-condition parameters were assigned according to their appli-
cable spatial resolution. Before integration, all variables were converted to consistent units
and referenced to a unified depth system. The ranges, descriptive statistics, and data com-
pleteness of the original variables are summarized in Table 2.

Table 2. Descriptive statistics of the input variables and measured water saturation for the 153 sam-

ples.

Variable Range Mean = SD/Reference Value Median
Depth (m) 1928.01-4366.54 2981.91 + 822.97 3587.75
TOC (%) 0.20-6.67 1.51+1.28 0.97
Clay content (%) 14.90-62.10 43.15+10.99 45.65
CEC (meq/100 g) 12.3-18.9 15.60 +1.65 15.6
Salinity (g/L) 24.2-36.7 30.45+3.13 30.45
Porosity (%) 1.30-7.32 311+1.20 2.86
Permeability (mD) 0.00012-144.97590  9.653 + 30.205 0.0651
R, (Qm) 8.93-395.66 71.44 +63.53 49.36
K, (km™) 0.041-0.068 0.0545 + 0.0068 0.0545

https://doi.org/10.3390/pr14152474



Processes 2026, 14, 2474 12 of 23

Temperature (°C) 53.00-66.00 59.48 +5.16 61.00
Pressure (MPa) 20.13-65.08 39.70 + 16.46 54.10
Pressure coefficient (-) 0.98-1.49 1.25+0.21 1.45

AC (ps/ft) 66.22-86.49 75.70 £ 3.84 75.69

DEN (g/cmd) 2.42-2.74 2.61+0.07 2.63

GR (API) 94.82-492.36 164.36 + 54.20 150.69
Measured S,, (%) 12.46-92.94 4144 +12.14 40.60

2.3.2. Data Quality Control, Missing-Value Treatment, and Normalization

Data quality control was performed before model development. Samples without
measured water saturation were excluded because water saturation was used as the predic-
tion target. Records with duplicated well and depth identifiers were checked, and the con-
sistency of variable names, measurement units, depth references, and physically plausible
ranges was verified against the original data files. Values associated with unit inconsisten-
cies, data-entry errors, or unsuccessful depth matching were removed, whereas geologically
meaningful extreme values reflecting reservoir heterogeneity were retained.

For predictor variables containing missing values, missing entries were replaced using
the median calculated exclusively from the corresponding training subset. The same train-
ing-derived medians were subsequently applied to the validation and test subsets. Binary
missingness indicators were generated as candidate features, allowing the model to distin-
guish between originally observed and imputed values. Missing-value treatment was per-
formed independently within each cross-validation fold and did not introduce additional
synthetic samples.

After construction of the physics-derived and interaction descriptors, continuous can-
didate features were clipped to the 1st and 99th percentiles estimated from the correspond-
ing training subset to reduce the influence of extreme numerical values. Features with a
training-set variance below 102 were removed. The remaining continuous variables were
standardized using

=, (18)
train
where pirqin and oy, represent the mean and standard deviation calculated from the
training subset. The clipping thresholds and normalization parameters obtained from the
training subset were applied unchanged to the corresponding validation and test subsets.

Feature selection was subsequently performed independently within each training
subset, and the 20 highest-ranked candidate features were retained for model development.
Imputation, outlier treatment, normalization, variance filtering, feature selection, hyperpa-
rameter optimization, and ensemble-weight determination were therefore completed with-
out access to the corresponding test subset. This fold-specific preprocessing workflow re-
duced the risk of information leakage and ensured that the reported test performance re-
flected predictions for samples not used during model development.

2.3.3. Dataset Partitioning and Leakage Control

The complete dataset was randomly divided into a training set (n = 107), a validation
set (n = 16), and an independent test set (n = 30). Five-fold cross-validation was conducted
exclusively within the training set. The five held-out folds contained 22, 22, 21, 21, and 21
samples, respectively. The validation set was used for model selection and ensemble-weight
determination, whereas the independent test set remained completely isolated until the final
performance evaluation.

During each cross-validation fold, missing-value imputation, outlier treatment, nor-
malization, variance filtering, feature construction, and feature selection were performed
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using only the fold-specific training portion. The resulting preprocessing parameters were
then applied unchanged to the corresponding held-out fold. This procedure prevented in-
formation from the held-out samples from entering model fitting or preprocessing.

After model selection, the preprocessing pipeline and candidate models were refitted
using the complete training set of 107 samples. The fixed validation set was used to deter-
mine the final model configuration and ensemble weights, whereas the independent test set
was accessed only once to obtain the final performance metrics. Consequently, the five-fold
results represent internal cross-validation within the training set, while the 30-sample test
results represent the independent sample-wise evaluation.

3. Results and Discussion
3.1. Model Performance and Generalization Assessment
3.1.1. Five-Fold Cross-Validation and Generalization Performance

The complete dataset was first divided into a fixed training set of 107 samples, a vali-
dation set of 16 samples, and an independent test set of 30 samples. Five-fold cross-valida-
tion was subsequently conducted exclusively within the training set to evaluate model sta-
bility and support model development. The five held-out cross-validation folds contained
22, 22,21, 21, and 21 samples, respectively. The validation set was used for final model se-
lection and ensemble-weight determination, whereas the independent test set remained
completely isolated from preprocessing, feature selection, hyperparameter optimization,
and ensemble-weight determination.

The five-fold cross-validation results showed that the R? values ranged from 0.894 to
0.919, while MAE and RMSE ranged from 1.55% to 1.83% and from 2.08% to 2.44%, respec-
tively. The mean cross-validation R?, MAE, and RMSE were 0.907 + 0.009, 1.69% =+
0.10%, and 2.25% = 0.14%, respectively. The relatively small fold-to-fold variations indi-
cated that model performance was not highly sensitive to a particular partition of the train-
ing samples.

After model selection, the final model was fitted using the complete training set and
evaluated on the fixed validation and independent test sets. The model achieved R? values
of 0.955, 0.904, and 0.902 on the training, validation, and test sets, respectively. The corre-
sponding MAEs were 0.98%, 1.76%, and 1.77%, while the RMSE values were 1.31%, 2.31%,
and 2.34%, respectively. The training-to-validation differences were 0.051 for R?, 0.78 per-
centage points for MAE, and 1.00 percentage point for RMSE, indicating a moderate fitting
advantage on the training data. However, the validation and independent test results were
very similar, with differences of only 0.002 in R?, 0.01 percentage points in MAE, and 0.03
percentage points in RMSE. The independent test results were also close to the mean cross-
validation performance, differing by 0.005 in R 2 0.08 percentage points in MAE, and 0.09
percentage points in RMSE. This agreement, together with the limited variation among the
cross-validation folds, suggests that the model did not exhibit pronounced overfitting. Nev-
ertheless, because the independent test set contained only 30 samples, these generalization
results should be interpreted together with the cross-validation and blind-well evaluations.
Figure 2 presents the prediction results for the 30-sample independent test set. As shown in
Figure 2a, the predicted water saturation values generally follow the 1:1 reference line across
the observed saturation range. Figure 2b shows that the prediction errors are distributed
around zero without a pronounced directional bias. Because the test samples were isolated
before preprocessing, feature selection, hyperparameter optimization, and ensemble-weight
determination, these results provide an independent assessment of the model performance
under the adopted sample-wise partition.

https://doi.org/10.3390/pr14152474



Processes 2026, 14, 2474

14 of 23

(a) Predicted vs. Measured Water Saturation

(b) Prediction Error Distribution
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Figure 2. Generalization performance of the model on the independent test set: (a) predicted versus

measured water saturation and (b) distribution of prediction errors.

3.1.2. Comparative Performance and Contribution of Physics-Derived Descriptors and En-
semble Strategy

To quantify the respective contributions of the physics-derived descriptors and the en-
semble strategy, the proposed PhysML-Hybrid model was compared with the conventional
Archie model, a purely data-driven ensemble (ML-only), a physics-guided XGBoost model
(Phy-XGB), and a support vector machine (SVM) using identical data partitions and prepro-
cessing procedures. The ML-only model retained the ensemble architecture but excluded
the physics-derived descriptors, whereas Phy-XGB used the same physics-derived feature
set as PhysML-Hybrid but employed XGBoost as the sole predictor. The SVM employed a
radial basis function kernel and was included as a representative nonlinear machine-learn-
ing benchmark. These configurations enabled the effects of the physics-derived descriptors,
ensemble strategy, and nonlinear prediction capability to be evaluated separately.

Asillustrated in Figure 3, PhysML-Hybrid achieved the highest coefficient of determina-
tion and the lowest mean and maximum absolute errors among all evaluated models. Phy-
XGB produced the second-best overall performance, followed by SVM and ML-only, whereas
the conventional Archie model exhibited the largest prediction errors. The improvement over
SVM indicates that the performance gain cannot be attributed solely to the use of a nonlinear
predictor. Meanwhile, the improvements over ML-only and Phy-XGB demonstrate the re-
spective contributions of the physics-derived descriptors and the weighted integration of RF,
XGB, and BNN predictions. Collectively, these comparisons support the effectiveness of com-
bining physical knowledge with a heterogeneous ensemble learning strategy.
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Figure 3. Prediction performance of different water saturation models.
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3.1.3. Depth-Stratified Performance and Robustness Analysis

To further examine the depth-dependent robustness of PhysML-Hybrid, the pooled
out-of-fold predictions were stratified into five depth intervals, as summarized in Table 3.
The model exhibited its best performance within the 1900-2100 m interval, achieving an
R? of 0.919, an MAE of 1.58%, and an RMSE of 2.08%. Comparable performance was ob-
tained within the 2100-2300 m and 3500-3700 m intervals, where the R2 values remained
above 0.90. A moderate reduction in predictive accuracy was observed within the 3700-
3900 m interval, with the R? decreasing to 0.888 and the MAE and RMSE increasing to
1.95% and 2.55%, respectively. The 4300-4400 m interval exhibited the largest errors, with
an R? of 0.840, an MAE of 2.35%, and an RMSE of 2.95%. However, this deepest interval
contained only five samples; therefore, its performance estimates should be interpreted
cautiously. Overall, the depth-stratified results indicate that PhysML-Hybrid maintained
relatively stable predictive performance across the principal sampled depth intervals, alt-
hough accuracy decreased moderately in the deepest and most sparsely sampled interval.

To complement the interval-based evaluation in Table 3, Figure 4 presents a depth-
aligned prediction profile for eight test samples from well DY4 over the interval of 3582.355-
3712.325 m. The predicted water saturation profile generally follows the measured vertical
variations, including the increase near 3652-3654 m and the subsequent decrease toward
the lower part of the analyzed interval. Relatively larger local deviations occur around 3637-
3652 m, where the clay content, porosity, and other petrophysical properties also vary mark-
edly, suggesting that abrupt changes in reservoir properties remain more difficult to repre-
sent accurately. Nevertheless, no persistent vertical offset is observed between the measured
and predicted profiles, indicating that the model can reproduce the principal depth-depend-
ent variation in water saturation. Because permeability measurements were unavailable at
these depths, the permeability track was obtained by KNN imputation and is included only
to provide supplementary petrophysical context. Given the limited number of samples, this
single-well profile should be regarded as supporting evidence for the depth-stratified re-
sults rather than as an independent validation dataset.

DY4 Well Water Saturation Prediction Profile

‘Total Organic Carbon (TOC)
TOC (%)
10 15

3620

Depth (m)

xxxxx

Figure 4. Depth-aligned petrophysical properties and measured and predicted water saturation pro-

files for eight test samples from well DY4.

Table 3. Depth-stratified performance of the PhysML-Hybrid model.

Depth
P Sample Size R? MAE (%) RMSE (%)
Interval (m)
19002100 27 0.919 1.58 2.08
2100-2300 47 0.913 1.66 2.0
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3500-3700 26 0.904 1.74 2.33
3700-3900 48 0.888 1.95 2.55
4300-4400 5 0.840 2.35 2.95

3.1.4. Blind-Well Validation

To provide a preliminary assessment of the cross-well applicability of the model, three
representative deep shale gas wells in southeastern Sichuan that were excluded from model
development were selected for blind testing. Key inputs, including geological characteristics,
petrophysical properties, and reservoir-engineering parameters, were compiled to perform
independent water saturation prediction. The input parameters and water saturation pre-
diction results for the three blind-well cases are summarized in Table 4.

The three blind-well cases yielded relative errors ranging from 3.09% to 9.97%, provid-
ing preliminary supplementary evidence of cross-well applicability. Given that only one
representative sample was available for each well, these results should not be interpreted as
validation of continuous vertical trends or definitive cross-block generalization.

Table 4. Input parameters and water saturation prediction results for the three blind-well cases.

Well Structural TOC C.lay Se'llm- R.es'ls- : Perrr.xeabll- Formation Formation Pressu're Burial Water Predicted Water .Rela-
Miner- ity tivity . ity Tempera- Pressure Coeffi- Depth Satura- . o tive Er-
Name Curvature (%) ity (%) . . Saturation (%)
als (%) (g/L) (Q.m) (md) ture (°C) (MPa) cient (m) tion (%) ror (%)
DY18 0.07 372 4010 4250 1.8 5.66 / 152 89 1.85 4794  56.00 60.31 7.70
DYS5 0.06 361 3746 2071 6 5.4 0.014 152 89 1.85 4844  46.89 48.34 3.09
QYS1 0.05 3.67 3519 4294 2694 7.08 0.414 152 89 1.85 4812 37.73 41.49 9.97

3.2. Parameter Sensitivity Analysis

To elucidate the decision logic of the proposed model, SHapley Additive exPlanations
(SHAPs) were used to quantify the relative contributions of the geological, petrophysical,
and physics-derived input variables. As shown in Figure 5, clay content exhibited the largest
mean absolute SHAP value, followed by the curvature—clay index, total organic carbon
(TOCQ), pore connectivity index, and structural curvature. The dominant contribution of clay
content indicates that the model predictions were particularly sensitive to clay-related water
retention and electrical-conductivity effects. The high importance of the curvature—clay in-
dex further suggests that the model captured the combined influence of structural defor-
mation and clay-rich lithology rather than treating these factors as entirely independent con-
trols. The contributions of TOC, pore connectivity, and structural curvature indicate that
organic-matter development, pore-network continuity, and structural deformation also pro-
vided important information for water saturation prediction. Water-film thickness, organic-
pore contribution, and the remaining interaction and higher-order terms made smaller but
nonzero contributions to the model output.

Because mean absolute SHAP values quantify the average magnitude of a variable’s
contribution rather than the direction of its effect, the ranking in Figure 5 alone cannot de-
termine whether an increase in a given variable raises or lowers water saturation. To move
beyond this global importance ranking and assess the nonlinear and threshold-like relation-
ships suggested by the model, the five highest-ranked variables were further examined us-
ing all 153 processed samples (Figures 6-10). Spearman correlation analysis, LOESS regres-
sion with bootstrap 95% confidence intervals, sample-distribution analysis, and continuous
piecewise linear regression were jointly employed to evaluate the direction, stability, and
potential transition points of these relationships.
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Feature Importance Ranking Based on SHAP Values

Clay content

Curvature-clay index

Total organic carbon (TOC)
Pore connectivity index
Structural curvature

Clay content x water-film thickness
TOC x clay content

Water-film thickness

TOC x salinity

Clay content x salinity
Organic-pore contribution
Clay content x porosity
Salinity x water-film thickness
Porosity x curvature

TOC x porosity

Porosity x water-film thickness
Clay-TOC interaction
Water-film thickness®

Clay content®

TOC?

L
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Figure 5. Feature-importance ranking of key sensitive parameters based on SHAP values.

T
0.015

Mean absolute SHAP value (average impact on model output)

The estimated breakpoints were evaluated in conjunction with their confidence inter-
vals, local sample densities, and improvements in piecewise-regression fit. Breakpoints as-
sociated with wide confidence intervals, sparse observations, or only limited improvements
in model fit were interpreted as dataset-specific candidate transitions rather than universal
physical thresholds. Moreover, SHAP values characterize how the trained model uses indi-
vidual variables and should not be regarded as direct evidence of geological causality. The
geological interpretations presented below therefore combine the model-derived attribution
patterns with sample-level statistical evidence and established petrophysical mechanisms.

Samples (n = 153)
100 1 95% CI
LOESS fit
g0l - Candidate transition

)
g
= 60
=
o]
=
2
<
@ 40 4
1
2
=
a 20

0 -

T T T T
10 20 30 40
Clay content (%)

Figure 6. Relationship between clay content and water saturation.
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Figure 7. Relationship between structural curvature and water saturation.
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Figure 8. Relationship between TOC content and water saturation.
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Figure 9. Relationship between organic-pore contribution ratio and water saturation.
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Figure 10. Relationship between structural-stress factor and water saturation.

3.2.1. Clay Content

Clay content exhibited a moderate positive association with measured water saturation
(Spearman’s ¢ = 0.393, p < 0.001; Figure 6). The LOESS curve increased across most of the
observed clay-content range and gradually leveled off within the clay-rich interval. Piece-
wise regression identified a candidate transition at approximately 54%. However, its boot-
strap 95% confidence interval was relatively wide (30-56%), the improvement over the lin-
ear model was limited (AR? = 0.011), and only 26 samples occurred above the estimated
transition. The previously proposed value of approximately 35% should therefore not be
interpreted as a critical clay-content threshold. The results instead support a broad, dataset-
dependent transition within the clay-rich interval.

This relationship is geologically plausible because clay-rich shale generally contains a
larger specific surface area and a higher proportion of clay-bound water. Surface-charge ef-
fects, capillary confinement, and clay interlayer water may consequently increase the appar-
ent water saturation response. Nevertheless, the gradual plateau at high clay contents indi-
cates that the effect of clay is also modified by pore structure, compaction, mineral compo-
sition, and associated changes in pore connectivity. The statistical relationship therefore
supports an association between clay enrichment and water saturation but does not demon-
strate that clay content alone directly determines water saturation.

3.2.2. Structural Curvature

The water saturation distributions differed between the two structural-curvature zones
(Figure 7). Samples in the low-curvature zone had a mean water saturation of 43.41% and a
median of 41.50% (n = 102), whereas the high-curvature zone had a lower mean of 37.51%
and a median of 36.80% (n =51). The difference was statistically detectable using the Mann—
Whitney test (p = 0.0058). In addition, water saturation showed greater dispersion in the
high-curvature zone, indicating increased reservoir heterogeneity.

The observed distribution is consistent with the possibility that deformation-related het-
erogeneity modifies fracture development, pore-network connectivity, and fluid redistribu-
tion. However, structural curvature in the present analysis was represented by a log-derived
proxy rather than direct seismic or structural measurements. Consequently, the result should
be interpreted as an association between structural heterogeneity and water saturation. It does
not demonstrate that increasing structural curvature directly increases or decreases reservoir
water content, nor does it independently establish a causal curvature—clay interaction.
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3.2.3. Organic-Matter Abundance (TOC)

TOC was negatively associated with measured water saturation (Spearman’s 0 =—-0.312,
p <0.001; Figure 8). The LOESS curve displayed the greatest variation in the low-TOC inter-
val and became more gradual at higher TOC values. Piecewise regression identified a can-
didate transition at approximately 0.87%, with a bootstrap 95% confidence interval of 0.79-
2.68%. The piecewise model improved R? by 0.053 relative to the linear model.

These results do not support the previously proposed TOC threshold of approximately
5%. Instead, the available samples indicate a gradual and nonlinear association concentrated
mainly within the lower-TOC range. TOC primarily represents the bulk abundance of organic
matter rather than the geometry or connectivity of the organic-pore system. Its relationship
with water saturation may reflect the combined influence of organic-matter abundance, ther-
mal evolution, wettability, and hydrocarbon occupancy. Because these effects cannot be sep-
arated using the present univariate relationship, the candidate transition should be regarded
as exploratory and dataset-dependent rather than as a universal geological threshold.

3.2.4. Organic-Pore Contribution Ratio

The organic-pore contribution descriptor showed a significant negative association
with measured water saturation (Spearman’s ¢ = -0.401, p < 0.001; Figure 9). Piecewise re-
gression identified a candidate transition at approximately 9.73 x 10, with a bootstrap 95%
confidence interval of 5.90 x 10-2.20 x 10-%. The resulting R? improvement of 0.081 was the
largest among the examined candidate transitions, indicating a comparatively clear nonlin-
ear change within the current dataset.

Unlike TOC, which primarily characterizes organic-matter abundance, the organic-
pore contribution descriptor represents the participation of organic matter in the effective
pore system. Because the descriptor integrates TOC, porosity, and clay content, it provides
information on pore-space allocation rather than organic-matter quantity alone. Samples
with similar TOC values may therefore exhibit different organic-pore contributions because
of differences in total porosity and clay-related pore modification. The observed relationship
with water saturation suggests that the model captures the combined influence of organic-
associated pore space and water-accessible pore structure. However, because this descriptor
is derived rather than independently measured, its contribution should not be interpreted
as direct causal evidence that organic pores reduce water saturation.

3.2.5. Structural-Stress Factor

In contrast to clay content, TOC, and the organic-pore contribution descriptor, the struc-
tural-stress factor showed no significant monotonic relationship with measured water satura-
tion (Spearman’s o = 0.018, p = 0.821; Figure 10). Although piecewise regression produced a
numerical breakpoint at approximately 0.426, its bootstrap 95% confidence interval extended
from 0.323 to 0.975, and the improvement over the linear model was only AR?=0.016.

The current data therefore do not support a stable optimum within the previously pro-
posed range of 0.6-0.8 or a systematic reversal above 0.9. The importance of the structural-
stress factor in the multivariable model is more appropriately attributed to its nonlinear in-
teractions with clay content, pore properties, depth, and structural heterogeneity. Accord-
ingly, the candidate breakpoint shown in Figure 10 is retained only as a descriptive statisti-
cal result and is not assigned a direct geomechanical or causal interpretation.

3.3. Engineering Implementation and Field Deployment Considerations

The computational performance was evaluated on a workstation equipped with a 13th
Gen Intel Core i7-13700K processor and 64 GB RAM without GPU acceleration. Raw-data
integration and preprocessing for the 153 samples required 12.97 s, whereas complete five-
fold model training required 3.58 s after construction of the integrated sample matrix. The
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complete offline workflow therefore required approximately 16.55 s. End-to-end inference
required 47.7 ms for a single sample and 68.5 ms for a batch of 1000 depth points, indicating
that model inference is unlikely to constitute the principal computational limitation in field
applications.

For field implementation, depth-indexed data can be imported in LAS, WITSML, or
CSV format and subjected to automated checks for units, depth alignment, missing values,
and physically implausible records. The validated inputs are then processed using the fixed
preprocessing and feature-generation parameters before ensemble prediction. Because con-
ventional logging variables can be obtained more rapidly than laboratory-derived proper-
ties, a two-stage workflow is recommended: an initial prediction using available logging
and well-level information, followed by an updated prediction when interpreted petrophys-
ical or laboratory data become available. Predictions associated with incomplete or out-of-
range inputs should be flagged for manual review.

4. Conclusions

This study developed a feature-level physics-guided machine-learning framework,
PhysML-Hybrid, for water saturation prediction in deep Silurian shale gas reservoirs. The
principal conclusions are as follows:

1. Five groups of physics-derived descriptors were constructed to represent clay—water
interfacial behavior, low-resistivity effects, pore connectivity, organic-pore develop-
ment, and structural stress. Their integration with conventional reservoir variables en-
abled relevant geological and petrophysical information to be incorporated into the in-
put feature space. The validation-weighted RF-XGB-BNN ensemble further combined
the complementary predictive capabilities of heterogeneous learners.

2. Target-stratified five-fold cross-validation conducted exclusively within the 107-sam-
ple training set yielded mean R?, MAE, and RMSE values of 0.902 + 0.010, 1.77% +
0.12%, and 2.34% + 0.12%, respectively. On the fixed 30-sample independent test set,
the final model achieved an R? of 0.902, an MAE of 1.77%, and an RMSE of 2.34%. The
close agreement between the validation and independent test results indicates limited
performance deterioration for samples excluded from model development, although
the relatively small test set requires a cautious interpretation of generalization.

3. Comparisons with the conventional Archie model, SVM, ML-only ensemble, and Phy-
XGB showed that PhysML-Hybrid provided the best overall predictive performance.
The improvements over ML-only and Phy-XGB indicate that both the physics-derived
descriptors and the heterogeneous ensemble strategy contributed to the final perfor-
mance. The three blind-well cases produced relative errors of 3.09-9.97%, providing
preliminary supplementary evidence of cross-well applicability rather than definitive
cross-block validation.

4. SHAP and complementary statistical analyses identified clay content as the dominant
predictor, followed by the structural-curvature—clay interaction, TOC, pore connectiv-
ity, and structural descriptors. These relationships are physically consistent with the
combined effects of clay-bound water, organic-matter development, pore-network
properties, and structural deformation. Nevertheless, the estimated breakpoints repre-
sent dataset-specific candidate transitions, and the SHAP results should not be inter-
preted as direct evidence of geological causality.

5. The CPU-based implementation provided sufficiently rapid inference for batch pro-
cessing and potential well-site application. However, the study remains limited by its
relatively small dataset, restricted geographical coverage, and dependence on the avail-
ability and quality of structural descriptors. Moreover, although the BNN component
used the posterior mean as its point prediction, prediction-interval coverage and calibra-
tion were not quantitatively evaluated. The current results should therefore be
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interpreted as deterministic prediction-performance evidence rather than a calibrated
probabilistic reliability assessment. Future work should include larger independent
multi-well and multi-basin datasets, external validation, local recalibration, predictive-
uncertainty analysis, and reduced-input configurations for field conditions with incom-
plete measurements.
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