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Abstract
Traditional pore-pressure prediction relies heavily on empirical formulas and 
subjective judgment, whereas existing machine learning models exhibit limited 
generalization across regions and overpressure mechanisms. This study proposes 
an intelligent prediction method integrating feature optimization with cascaded 
domain-adaptive transfer learning to improve the generalizability of pore-pressure 
prediction. A regional dataset was first constructed from well-logging data of 14 
exploratory wells in an offshore area. The continuous pore-pressure profiles used 
as regression targets were derived using conventional pore-pressure evaluation 
methods and independently assessed against available formation-pressure 
measurements, rather than being treated as direct pressure measurements at 
every depth. Hydrostatic pressure was introduced as a vertical physical constraint, 
and a deviation feature based on an independently constructed, target-well-
excluded regional reference velocity curve was developed to reduce reliance on 
manually defined normal compaction trends, thereby improving inter-well feature 
comparability and physical interpretability. To mitigate physical inconsistencies 
and data distribution shifts caused by differences in overpressure mechanisms, 
including hydrocarbon-generation-related unloading and undercompaction, a 
cascaded domain-adaptation model combining canonical correlation analysis 
and transfer component analysis was established. This model adopts a strategy 
of semantic alignment followed by distribution adaptation, thereby reducing the 
maximum mean discrepancy between the source and target domains. Validation was 
conducted using blocked-depth validation, same-mechanism whole-well validation, 
and multiple cross-mechanism source–target transfer experiments, together with 
repeated perturbation-based uncertainty analysis. Results show that the proposed 
features and transfer-learning model improved prediction performance and physical 
interpretability under the tested conditions. The proposed method demonstrates 
potential for cross-well pore-pressure prediction under the tested multi-mechanism 
conditions within the study area.
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1. Introduction
Accurate prediction of formation pore pressure is essential 
for drilling safety, drilling-fluid density optimization, 
wellbore stability assessment, and reservoir evaluation, 
because reliable pressure estimation can help reduce 
drilling risks such as kicks, lost circulation, and blowouts, 
especially in offshore and structurally complex exploration 
areas.1,2 Formation pore pressure is closely related to 
sediment compaction, porosity reduction, effective stress, 
and fluid-pressure evolution in sedimentary basins.3,4 
Early log-based pore-pressure prediction methods 
were developed using shale compaction properties 
and electrical survey responses.5,6 Eaton7 proposed a 
classical normal-compaction-trend-based method for 
estimating geopressure from well logs, while Bowers8 
introduced a velocity-effective stress model that accounts 
for overpressure mechanisms besides undercompaction. 
These studies laid the foundation for modern pore-pressure 
prediction based on well logs, velocity information, and 
effective-stress theory.

However, accurate pore-pressure prediction remains 
challenging in basins where multiple overpressure 
mechanisms coexist. Overpressure may be generated by 
undercompaction, hydrocarbon generation, unloading, 
fluid expansion, and lateral pressure transfer, and different 
mechanisms can produce distinct velocity, density, and 
effective-stress responses.9-11 Comprehensive studies have 
shown that conventional pore-pressure prediction methods 
heavily depend on the identification of normal compaction 
trends, empirical parameters, and overpressure-mechanism 
assumptions.12 In undercompaction-dominated intervals, 
abnormally high pressure is usually associated with 
delayed compaction and relatively low velocity, whereas 
unloading-related overpressure may cause velocity 
reduction without equivalent density reduction. As a 
result, the same pore-pressure magnitude may correspond 
to different logging responses under different geological 
mechanisms. This mechanism-dependent inconsistency 
limits the transferability of models calibrated in one well, 
pressure system, or structural block when they are directly 
applied to another target well.

Seismic velocity and rock-physics constraints provide 
important support for extending pore-pressure prediction 
from well control to seismic-scale interpretation. The 
elastic properties of heterogeneous and porous rocks, 
velocity–density relationships, and the effects of lithology, 
porosity, and clay content on wave velocity provide the 
physical basis for using velocity and density responses in 
pressure and reservoir prediction.13-17 Seismic inversion 
and rock-physics-based reservoir characterization further 
connect well-log responses with seismic-scale elastic 

attributes, making it possible to infer reservoir properties 
and pressure-related information beyond well locations.18-20 
Recent studies have also used abnormal formation velocities 
and rock-physics-guided seismic inversion to improve 
pore-pressure prediction.21,22 In addition, data-driven 
prediction from geophysical logs has shown that machine 
learning models can capture nonlinear relationships 
between logging parameters and pore pressure.23 These 
studies indicate that velocity, density, and rock-physics 
features are key carriers of pressure-related information. 
Nevertheless, direct use of raw logging variables may still 
be affected by burial-depth trends, lithological variations, 
and mechanism-dependent velocity–pressure responses. 
Therefore, physically meaningful feature construction is 
necessary for improving the robustness and interpretability 
of intelligent pore-pressure prediction.

Transfer learning provides a promising way to improve 
pore-pressure prediction under limited labeled data and 
cross-well distribution discrepancies. Recent machine 
learning studies have also demonstrated applications 
in reservoir-property prediction, electrical-resistivity 
estimation from conventional well logs, bottom-hole 
temperature prediction, well-log anomaly detection, and 
basin-agnostic log imputation using pre-trained time-
series models.24-28 Xu et al.29 developed a transfer-learning-
based formation pore-pressure prediction method using 
well-logging data and showed that transfer learning can 
improve prediction accuracy and model generalization 
across different well-log data and block conditions. In 
the field of seismic exploration, transfer learning has 
also been used to improve seismic impedance inversion 
under limited-sample conditions.30 Physics-guided or 
deep learning–based methods have been further applied 
to seismic inversion, multiple attenuation, gas-bearing 
prediction, porosity prediction, and pre-stack elastic-
parameter inversion.31-35 These studies demonstrate the 
potential of intelligent methods for subsurface-property 
prediction, seismic interpretation, and cross-domain 
geophysical analysis. However, most existing intelligent 
pore-pressure prediction studies mainly focus on improving 
prediction accuracy or reducing statistical distribution 
differences between wells or blocks. The physical 
semantic inconsistency caused by different overpressure 
mechanisms, especially the inconsistent velocity-density 
responses between undercompaction-related and 
unloading-related pressure systems, remains insufficiently 
addressed. Consequently, statistical distribution alignment 
alone may not fully account for the mechanism-dependent 
physical relationship between logging responses and pore 
pressure during cross-well transfer.

https://doi.org/10.36922/JSE026300145


Intelligent pore-pressure prediction

Volume X Issue X (2026)	 3� doi: 10.36922/JSE026300145

Journal of Seismic ExplorationJournal of Seismic Exploration

To address these problems, this study proposes an 
intelligent formation pore-pressure prediction method 
integrating physically guided feature optimization with 
cascaded domain-adaptive transfer learning. First, 
hydrostatic pressure (Ph) is introduced as a physically 
defined pressure-background feature that provides a 
common hydrostatic reference for comparing pore-
pressure evolution across wells. Second, a regional velocity-
deviation feature (Rv) is constructed from an independently 
derived, target-well-excluded regional reference velocity 
curve to quantify the relative departure of measured 
velocity from the regional velocity-depth background. 
This feature reduces the dependence on manually selected 
normal compaction trends and enhances the comparability 
of pressure-sensitive velocity responses across wells. Third, 
a cascaded canonical correlation analysis (CCA)–transfer 
component analysis (TCA) transfer strategy is used to 
address cross-well mismatch at two complementary 
levels. CCA first reorganizes the mechanism-sensitive 
velocity–density responses to improve their cross-well 
comparability,36 while TCA subsequently reduces the 
remaining statistical distribution discrepancy between the 
source and target domains.37-39 Finally, extreme gradient 
boosting (XGBoost) is employed for nonlinear pore-
pressure regression,40 and SHapley Additive exPlanations 
(SHAP) analysis is used to interpret the contributions of 
the physically guided and transfer-adapted features.41

2. Methodology
2.1. Dataset and study area

This study was conducted in the Bozhong Sag and adjacent 
structural zones of the Bohai Bay Basin, eastern China. 
The region experienced rapid Cenozoic subsidence and 
strong tectonic deformation, which led to widespread 
abnormal pressure development. Both undercompaction 
and hydrocarbon-generation-related unloading occur 
in the study area, making pore-pressure prediction more 
challenging than in areas controlled by a single mechanism. 
Because different pressure-generation processes may 
produce different logging responses, the relationship 
between petrophysical parameters and formation pressure 
can vary considerably across structural blocks.

To establish a regional dataset, logging and pressure data 
from 14 exploratory wells were compiled. The available data 
include P-wave velocity (vp), bulk density (Rho), natural 
gamma ray (GR), caliper (CAL), compensated neutron 
log (CN), resistivity logs (RS), and formation-pressure 
records. Prior to analysis, all logs were subjected to depth 
matching, environmental correction, and quality control 
to improve inter-well consistency. After preliminary 
screening, pressure-sensitive variables were retained for 

subsequent modeling. The wells were assigned different 
roles according to the experimental design. Wells A–C 
were used for primary model development and validation, 
Wells D–M were used exclusively to construct the regional 
reference velocity background, and Well N was retained as 
an additional independent target well for cross-mechanism 
validation.

From the regional database, three representative wells 
(Wells A, B, and C) were selected for detailed modeling 
and validation based on data completeness and dominant 
overpressure mechanisms. Wells A and B are located in 
the central sag, where overpressure is mainly related to 
hydrocarbon-generation unloading. Well A was used 
as the source well for model development and blocked-
depth validation, whereas Well B was retained for same-
mechanism whole-well external validation and was also used 
as an alternative source well in the supplementary transfer 
experiments. Well C is located in the marginal structural 
zone and is primarily influenced by undercompaction. It 
was used as the primary unlabeled target well for cross-
structural and cross-mechanism transfer. Target-well 
logging features were available for unsupervised domain 
adaptation, whereas the derived reference pore-pressure 
values of the target well were withheld from feature 
alignment, parameter selection, and model training and 
were used only for final evaluation. The geological setting, 
effective depth ranges, sample sizes, dominant overpressure 
mechanisms, and modeling roles of the principal wells are 
summarized in Table 1. The velocity–density responses 
of Wells A–C are shown in Figure 1. The 10 auxiliary 
wells (Wells D–M) were used exclusively to construct the 
regional reference velocity curve and were not used for 
supervised model training or prediction-performance 
evaluation. Wells A–C and Well N were excluded from the 
construction of this regional reference. Well N, which is 
also dominated by undercompaction, was retained as an 
additional independent target well for the supplementary 
cross-mechanism transfer experiments. This separation of 
well roles prevents target-well information from entering 
the engineered velocity-deviation feature through the 
regional reference curve.

The continuous pore-pressure profiles used as regression 
targets were not direct formation-pressure measurements 
at every depth. Instead, they were derived using 
conventional pore-pressure evaluation methods selected 
according to the interpreted dominant overpressure 
mechanism. The Eaton method was applied primarily 
to undercompaction-dominated intervals, whereas the 
Bowers method was used for intervals characterized by 
hydrocarbon-generation-related unloading. The resulting 
estimates were combined according to the interpreted 
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Table 1. Geological characteristics and modeling roles of the primary wells

Well Structural setting Dominant overpressure 
mechanism Effective depth range (m) No. of valid samples Modeling role

Well A Central sag
Hydrocarbon-
generation-related 
unloading

785.8–3,848.7 30,460 Source well; model development

Well B Central sag
Hydrocarbon-
generation-related 
unloading

1,095.3–3,749.6 26,544 Same-mechanism external 
validation; alternative source well

Well C Marginal structural 
zone Undercompaction 1,848.0–3,632.9 17,830 Primary cross-structural and 

cross-mechanism target well

Figure 1. Velocity–density (Rho) cross-plots of the representative wells: (A) Well A, (B) Well B, and (C) Well C

pressure mechanism to construct continuous derived 
reference pore-pressure profiles. Accordingly, these profiles 
are referred to throughout this study as derived reference 
pore-pressure profiles rather than direct formation-
pressure measurements. Independent formation-pressure 
measurements were available at selected depths in Wells 
A–C. These discrete measurements were not used to 
construct or calibrate the continuous derived reference 
pore-pressure profiles and were excluded from feature 
construction, domain adaptation, parameter selection, 
and model training. Instead, they were retained exclusively 
for independent assessment of the reliability of the derived 
reference pore-pressure profiles. Figure 2 presents the 
hydrostatic pressure (Ph), overburden pressure (Pob), and 
derived reference pore-pressure (Pp) profiles of Wells A–C, 
together with the available independent measured-pressure 
points at their corresponding depths. This comparison was 
used to independently assess the consistency of the derived 
reference profiles with the available formation-pressure 
measurements.

2.2. Data preprocessing

Raw well-log data are commonly affected by acquisition 
noise and operational uncertainties, and appropriate 
preprocessing is therefore essential for improving the 
reliability of data-driven modeling. Borehole enlargement, 
mud invasion, tool instability, depth mismatch, and 
sensor drift may introduce missing values, random 
fluctuations, and abnormal spikes into logging curves. 
Such contamination can weaken the physical relationship 
between logging responses and pore pressure, thereby 
reducing the reliability of machine learning models.

To improve data quality, several preprocessing 
procedures were implemented before feature extraction 
and model training. All logging channels were first depth-
matched and resampled onto a unified depth grid using 
linear interpolation, ensuring consistency among different 
curves. Short missing intervals were then filled using 
neighboring-depth interpolation to preserve vertical 
continuity. Noise reduction was subsequently applied to 
vp and GR, which are sensitive to compaction state and 
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lithological variation. Noise reduction was carried out 
in the RokDoc environment (Version 2023.1.0.231, Ikon 
Science, United Kingdom) using a seven-point median 
moving-window filter. Compared with conventional 
averaging methods, median filtering is less sensitive to 
isolated outliers and better preserves abrupt lithological 
boundaries and pressure-transition intervals. The 
processed vp and GR curves before and after filtering are 
shown in Figure 3.

After preprocessing, the representative logs exhibited 
improved continuity and reduced random noise, providing 
a more reliable basis for subsequent feature optimization 
and pore-pressure prediction.

2.3. Feature engineering

Effective feature engineering is essential for pore-pressure 
prediction because conventional logging variables often 
contain redundant information, noise, and inconsistent 
sensitivities under different geological conditions. 
Direct use of all logging parameters may increase model 
complexity and reduce prediction stability, especially in 
cross-well applications. Therefore, physically meaningful 
feature construction is required to improve robustness 
and generalization performance, especially when pore-
pressure prediction relies on compaction-related velocity 
and effective-stress responses. In this study, two engineered 
variables were introduced. The first engineered variable is 

Figure 2. Comparison of the derived reference pore-pressure profiles with independent measured formation-pressure data for the three primary wells. 
Hydrostatic pressure and overburden pressure are also shown for reference: (A) Well A, (B) Well B, and (C) Well C.

 

A B C 

Ph which is introduced as a physically defined pressure-
background feature associated with vertical burial rather 
than as an independent indicator of overpressure. Although 
depth is widely used as an input parameter in data-driven 
models, pressure conditions at the same burial depth may 
differ substantially between structural settings. To reduce 
this limitation, hydrostatic pressure was calculated using 
Equation 1:

Ph = ρw × g × z	 (1)

where ρw is the formation-water density (1.02 g/cm3), g is 
the gravitational acceleration (9.8 m/s2), and z is the true 
vertical depth. Thus, Ph should be regarded as a pressure-
domain representation of the large-scale burial background 
rather than as a direct indicator of abnormal pressure.

The second engineered variable is the objective Rv, 
which was designed to quantify the relative departure of 
the measured Vp from the regional compaction-related 
velocity background. Acoustic velocity generally increases 
with burial depth under normal compaction conditions; 
therefore, the normal compaction trend is commonly 
used as a reference baseline in conventional pore-pressure 
prediction methods. However, manually picking the 
normal compaction trend from a single well is subjective 
and may not be applicable across different wells or pressure 
systems. 
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To provide a consistent regional reference while 
avoiding information leakage from the model-development 
and validation wells, the regional reference velocity curve 
(venct) was constructed exclusively from the 10 auxiliary 
wells (Wells D–M). Wells A–C and Well N were completely 
excluded from the reference-curve construction. venct is 
therefore used here as a regional first-order velocity-depth 
background rather than as a strict normal compaction 
trend for any individual well. After quality control, 
valid vp-depth samples from each auxiliary well were 
summarized using the median vp values within 10 m depth 
bins to reduce the effects of local fluctuations and unequal 
logging-sample densities. A well-balanced Huber robust 
regression was then applied to the depth-binned data. The 
regional reference relationship was expressed as:

venct = kz + vwater	 (2)

where vwater
 is the shallow reference velocity, fixed at 1,500 

m/s; z is burial depth; and k is the regional velocity-depth 
gradient estimated from the 10 auxiliary wells. For the 
present dataset, the fitted k was 0.59627.

As shown in Figure 4A, the depth-binned velocity 
samples from the 10 auxiliary wells scatter around the fitted 
regional reference curve. The scatter of individual samples 
around venct is expected because the curve represents a 

regional first-order background rather than the detailed 
velocity profile of any single well.

To examine the stability of the regional reference, a 
leave-one-well-out sensitivity analysis was additionally 
performed. Each auxiliary well was excluded in turn, and 
the reference curve was reconstructed from the remaining 
nine wells using the same fitting procedure. As shown in 
Figure 4B, the reconstructed curves remain close to the 
full 10-well reference, with a maximum variation of 4.21% 
in the fitted velocity-depth gradient, indicating that the 
regional first-order trend is not dominated by any single 
auxiliary well.

Based on this reference trend, the velocity-deviation 
feature was defined as follows:

Rv = vp /venct	 (3)

where vp is the measured P-wave velocity. When the 
measured velocity is close to the regional background 
trend, Rv approaches 1. A value lower than 1 indicates that 
the measured velocity is lower than the regional reference 
velocity, suggesting a relative low-velocity anomaly that 
may be associated with abnormal pressure development. In 
contrast, a value greater than 1 indicates a velocity higher 
than the regional background.

Figure 3. Well-log filling and filtering results: (A) P-wave velocity (Vp) and (b) gamma ray (GR)

https://doi.org/10.36922/JSE026300145
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By transforming raw velocity into a dimensionless 
velocity-deviation indicator, Rv reduces the influence of 
absolute velocity differences among wells and improves 
the comparability of pressure-sensitive velocity responses 
across different structural blocks and overpressure 
mechanisms. Because venct was constructed exclusively 
from Wells D–M, the calculation of Rv for Wells A–C and 
Well N does not introduce information from the model-
development or target-validation wells into the regional 
reference background. Beyond avoiding information 
leakage, the sensitivity of the final prediction to reasonable 
variations in the regional reference curve was also 
examined. The 10 leave-one-well-out reference curves were 
used to recalculate Rv for the source and target wells, and 
the resulting prediction profiles were compared with their 
pointwise ensemble means. The mean inter-realization 
absolute deviation was 0.193 MPa, and the mean pointwise 
min–max spread was 0.699 MPa. Although the maximum 
local spread reached 2.426 MPa, the overall prediction 
variability remained limited, indicating that the influence 
of the regional reference-curve variation is generally small 
but not spatially uniform along the well. Detailed results 
are provided in Figure A1.

After feature construction, Pearson correlation analysis 
and preliminary model tests were used to evaluate candidate 
variables and remove redundant inputs. The correlation 
analysis was performed using only source-well data, so that 
target-well-derived reference pore-pressure information 
was not introduced into the feature assessment. Because 
Ph is explicitly depth-dependent, its strong correlation with 
the derived reference pore pressure should be interpreted 

primarily as a representation of the large-scale burial 
trend rather than as independent evidence of pressure 
sensitivity. In contrast, Rv represents the relative departure 
of measured velocity from the regional reference. The 
correlation matrix is presented in Figure 5.

Figure 5. Pearson correlation matrix of candidate features and the derived 
reference pore pressure

For subsequent comparative experiments, three 
feature combinations were defined: F1 = [vp, Rho, GR], F2 
= [vp, Rho, GR, Ph], and F3 = [vp, Rho, GR, Ph, Rv]. These 
feature sets were used to quantify the contributions of the 
physically guided variables, Ph and Rv, to pore-pressure 
prediction and transferability.

 

A B 

Figure 4. Construction and sensitivity of the regional reference velocity curve. (A) Reference curve fitted using the 10 auxiliary wells. (B) Leave-one-well-
out sensitivity analysis.
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2.4. Cascaded transfer-learning framework

Based on the optimized F3 feature set constructed in Section 
2.3, a cascaded CCA–TCA–XGBoost framework was 
developed for cross-well pore-pressure prediction under 
different overpressure mechanisms. In this framework, 
only source-well-derived reference pore-pressure labels are 
used for model training, while target-well logging features 
are used for unsupervised feature alignment and domain 
adaptation. Target-well-derived reference pore-pressure 
labels are withheld during feature alignment, transfer-
parameter selection, regression training, and model 
selection, and used only for independent evaluation.

The framework follows a sequential strategy: CCA is 
first used to align mechanism-sensitive velocity–density 
responses between source and target wells, TCA is then 
applied to reduce the remaining distribution discrepancy, 
and XGBoost is finally trained on the transfer-adapted 
source features to predict target-well pore pressure. The 
physically guided variables Ph and Rv are retained outside 
the TCA transformation to preserve their original physical 
meaning. The overall workflow is summarized in Figure 6.

2.4.1. Mechanism-aware canonical correlation 
analysis semantic alignment

To reduce mechanism-induced inconsistencies between 
wells, CCA is applied to the velocity–density responses. 
CCA is a multivariate feature-representation method that 

identifies maximally correlated projections between two 
sets of variables and has been widely used for learning 
shared representations.36 In this study, the original feature 
space was divided into two groups. The mechanism-
sensitive feature group is defined as:

Xsens = [vp, Rho]	 (4)

where Xsens denotes the mechanism-sensitive feature subset 
composed of vp and Rho, both of which directly reflect 
compaction and effective-stress variation. The physically 
constrained feature group is defined as:

Xphy = [GR, Ph, Rv]	 (5)

where Xphy denotes the physically constrained feature 
subset composed of GR, Ph and Rv. These features are 
retained outside CCA to preserve lithological information, 
hydrostatic-pressure background, and regional velocity-
deviation constraints.

Only vp and Rho are used as inputs to CCA, since they 
are directly controlled by compaction state and effective 
stress. After depth matching and normalization, the source 
and target matrices are defined as Xs,sens and Xt,sens CCA 
constructs a shared latent representation by maximizing 
cross-domain correlation:

( ), ,,
max , T T

s sens t sensa b
corr a X b Xρ = 	 (6)

where ρ denotes the canonical correlation coefficient, a  

Figure 6. Overall workflow of the proposed cascaded CCA–TCA–XGBoost framework for cross-mechanism pore-pressure prediction
Abbreviations: CCA: Canonical correlation analysis; MMD: Maximum mean discrepancy; RKHS: Reproducing kernel Hilbert space; TCA: Transfer 
component analysis; XGBoost: Extreme gradient boosting.
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and b are the projection vectors for the source and target 
domains, respectively, and Xs,sens and Xt,sens are the velocity–
density matrices constructed from vp and Rho in the 
source and target domains. Two canonical components are 
retained:

XCCA = [CCA1, CCA2]	 (7)

where CCA1 and CCA2 are the first two canonical 
variables extracted from the velocity–density response. 
The reconstructed feature space is:

Xnew = [CCA1, CCA2, GR, Ph, Rv]	 (8)

In this reconstructed feature space, the original 
mechanism-sensitive variable vp and Rho are replaced by 
the CCA-aligned components, while GR, Ph and Rv are 
retained as stable physical constraints.

2.4.2. Distribution alignment via transfer component 
analysis

Although CCA reduces mechanism-dependent 
inconsistencies, residual statistical differences between 
wells still exist. Therefore, TCA is introduced to further 
reduce domain shift. To preserve the physical meaning of 
Ph and Rv, TCA is applied only to the statistical subspace 
composed of the two CCA-derived components and GR:

T
sX  = [CCA1s, CCA2s, GRs]	 (9)
T
tX  = [CCA1t, CCA2t, GRt]	 (10)

The source and target samples were combined as:

Xjoint = [ T
sX ; T

tX ]	 (11)

where Xjoint is the concatenated joint matrix used for 
unsupervised TCA adaptation. TCA maps the data 
into a reproducing kernel Hilbert space, where domain 
discrepancy is measured using maximum mean 
discrepancy (MMD):

( ) ( ) ( )
2

2
, ,1 1

1 1, s tn n
s t s i t ji j

s t H

MMD D D x x
n n

φ φ
= =

= −∑ ∑
	

(12)

where ( )φ ⋅  is a nonlinear mapping function, Ds and Dt 
denote the source and target domains, respectively, ns 
and nt are the corresponding numbers of samples, and H 
denotes the reproducing kernel Hilbert space. A projection 
matrix A is learned by solving:

min tr( ) + tr( ), s.t. T T T

A
A KLKA A A A KCKA Iµ =  (13)

where A is the projection matrix, K is the kernel matrix, 
L is the MMD matrix, C is the centering matrix, μ is the 
regularization parameter, and I is the identity matrix. The 
resulting latent representation is:

Z = ATK	 (14)
where Z denotes the d-dimensional transfer representation, 
and its source and target portions are denoted as Zs and Zt, 
respectively.

After TCA transformation, four candidate latent 
components Z = [Z1, Z2, Z3, Z4] are obtained from the 
statistical transfer subspace. Rather than replacing the 
CCA-based representation, the TCA-derived components 
are used as supplementary domain-adaptive features. To 
retain pressure-relevant transfer information without 
using target-domain-derived reference pore-pressure 
labels, the TCA components are ranked according to 
the absolute correlation between each component and 
the source-domain-derived reference pore pressure, and 
the top-k component(s) are retained. The selected TCA 
representation is denoted as Z*.

The final regression feature spaces are constructed 
by augmenting the CCA-based representation with the 
selected TCA-derived component(s):

Xs,final = [CCA1s, CCA2s, GRs, Ph,s, Rv,s, Zs
*]	 (15)

Xt,final = [CCA1t, CCA2t, GRt, Ph,t, Rv,t, Zt
*]	 (16)

where Xs,final and Xt,final are the final transfer-adapted 
source and target feature matrices, respectively. Zs

* and 
Zt

* denote the selected TCA-derived latent component(s) 
for the source and target domains, respectively. The 
source-domain final features and source-domain-derived 
reference pore-pressure labels are used for XGBoost 
training, whereas the corresponding target-domain 
features are used for prediction. Target-domain-derived 
reference pore-pressure labels are not used during TCA 
fitting, TCA component selection, or XGBoost training, 
and are accessed only after prediction for final evaluation.

2.4.3. Parameter configuration and leakage control

Two canonical components were retained in the CCA 
stage. TCA was implemented using a radial basis function 
(RBF) kernel with kernel parameter γ = 0.20, regularization 
coefficient μ = 0.01, and latent dimension d = 4. The Ph 
and Rv features were excluded from TCA and were directly 
concatenated with the transfer representation before 
regression.

The transfer parameters were determined without using 
target-domain-derived reference pore-pressure values. 
Target-well logging features were used only to quantify 
unsupervised source–target distribution discrepancy, 
whereas predictive information used for model or 
component selection was derived exclusively from the 
source-domain training data. The same parameter settings 
were subsequently applied to the reported cross-well 
transfer experiments.
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2.5. XGBoost regression and model implementation

Extreme gradient boosting, a representative gradient-
boosting tree model, was employed as the final regression 
model because it is suitable for capturing nonlinear 
relationships and complex feature interactions in 
structured well-log datasets.39 The workflow of XGBoost 
regression is shown in Figure 7.

For an input sample xi, the predicted pore pressure after 
K regression trees is expressed as an additive ensemble:

( ) ( ) ( )0
, , 1

ˆ ,ˆ KK
p i p i k i kk

P P f x f Fη
=

= + ∈∑ 	 (17)

where ( )0
,

ˆ
p iP  is the initial prediction, η is the learning rate, 

fk(xi) denotes the output of the k-th CART regression tree, 
and F is the space of regression trees. Each subsequent tree 
is fitted along the negative-gradient direction of the loss 
function to progressively correct the residual error from 
the previous ensemble.

Model training was performed by minimizing an 
objective function composed of prediction loss and model 
complexity regularization as follows:

( )( ) ( ), ,
1 1

ˆ,
n K

K
p i p i k

i k

Obj l P P fΩ
= =

= +∑ ∑ 	 (18)

where Pp,i is the derived reference pore pressure, ( )
,

ˆ k
p iP  is 

the predicted pore pressure after K boosting iterations, l
( )⋅  is the regression loss function, and ( )kfΩ  is the 
regularization term used to control model complexity. The 
regularization term for each regression tree is defined as:

( ) 2

1 1

1
2

T T

k j j
j j

f T w wΩ γ λ α
= =

= + +∑ ∑ 	 (19)

where T represents the number of leaf nodes, and jω  
denotes the weight of the j-th leaf. The parameter  γ  
penalizes excessive tree complexity, while λ  and α control 
the L2 and L1 regularization of the leaf weights, respectively.

In this study, XGBoost was applied to both the original 
feature combinations and the transfer-adapted feature 
representations. For the feature-optimization experiments, 
Well A was evaluated using five-fold continuous blocked-
depth cross-validation rather than random sample splitting. 
The samples of Well A were first sorted by depth and 
divided into five contiguous depth blocks of approximately 
equal sample size. In each fold, one complete depth block 
was withheld for validation, while the remaining four 
blocks were used for model training. Each block served 
once as the validation interval, and the resulting out-of-
fold predictions were combined to evaluate performance 
over the complete modeling interval. This blocked-depth 
design was adopted to reduce optimistic bias caused by the 

strong vertical correlation between neighboring logging 
samples. Wells B and C were retained as whole-well 
external validation datasets under same-mechanism and 
cross-mechanism conditions, respectively. A single set of 
XGBoost hyperparameters was used for the F1, F2, and F3 
feature combinations to ensure a consistent comparison. 
The parameter settings are listed in Table 2.

Table 2. Tuned hyperparameters of the extreme gradient 
boosting regressor

Parameter Value

n_estimators 300

max_depth 3

learning_rate 0.05

subsample 0.8

colsample_bytree 0.8

reg_lambda 5

reg_alpha 0.1

Model performance was quantitatively evaluated using 
the coefficient of determination R2, root mean square 
error (RMSE), and mean absolute error (MAE), defined as 
follows:

( )
( )

2

p,i ,2
2

p,i

1
ˆP

P

p i

P

P
R

P

∑ −
= −

∑ −
	 (20)

( )2

p,i ,
1 P ˆ

p iRMSE P
n

= ∑ − 	 (21)

p,i ,P ˆ1
p iMAE P

n
= ∑ − 	 (22)

where Pp,i is the derived reference pore pressure, ,
ˆ

p iP  is the 
predicted value, PP  is the mean reference pore pressure, 
and n is the number of samples. Overall, XGBoost serves as 
the final nonlinear predictor in the proposed framework, 
enabling the physically optimized and transfer-adapted 
features to be effectively translated into accurate pore-
pressure estimates.

3. Results
To evaluate the proposed prediction framework, 
experiments were carried out using the representative 
wells described in Section 2.1. Wells A and B are located 
in an area mainly controlled by hydrocarbon-generation-
related unloading, whereas Well C belongs to a block 
dominated by undercompaction. Well A was used for 
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model development and internal blocked-depth validation, 
while Wells B and C were reserved as whole-well external 
validation wells for same-mechanism and cross-mechanism 
prediction, respectively. In addition, Well N was retained 
as an independent target well for supplementary cross-
mechanism transfer experiments involving alternative 
source–target combinations. Throughout this section, all 
reported performance metrics were calculated against 
the derived reference pore-pressure profiles described in 
Section 2.1 rather than against direct formation-pressure 
measurements.

3.1. Effectiveness of feature optimization and 
baseline modeling

To evaluate the effectiveness of the proposed feature 
optimization strategy, three groups of input features 
were designed and tested using XGBoost as the baseline 
regression model. The first feature set, F1, consisted of the 
conventional logging variables, including GR, vp, and Rho. 
The second feature set, F2, further introduced Ph to provide 
a physically constrained vertical pressure background. 
The third feature set, F3, incorporated Rv in addition 
to the F2 variables, forming the final optimized feature 
combination: F1 = [GR, vp, Rho], F2 = [GR, Ph, vp, Rho], 
and F3 = [GR, Ph, Rv, vp, Rho]. In this experiment, Well 
A was used for model development. Instead of randomly 
splitting neighboring depth samples into training and test 
sets, five-fold continuous blocked-depth cross-validation 

was adopted for Well A to reduce optimistic bias arising 
from the strong vertical correlation of adjacent logging 
samples. In each fold, one contiguous depth block was 
withheld for validation, and the remaining four blocks 
were used for model training, with all five blocks serving 
once as the held-out interval. Wells B and C were then used 
as whole-well external validation datasets to evaluate the 
generalization capability of different feature combinations. 
Well B represents same-mechanism external validation, 
while Well C provides a more challenging cross-structural 
and cross-mechanism validation case. 

The quantitative comparison of F1, F2, and F3 is presented 
in Table 3 and Figure 8. Across all validation settings, the 
prediction performance improved progressively from F1 
to F3. Under the blocked-depth cross-validation of Well A, 
F3 achieved an R2 of 0.918 and an RMSE of 4.099 MPa, 
compared with 0.545 and 9.658 MPa for F1, respectively. 
The sustained improvement under this more stringent 
validation scheme indicates that the physically guided 
features provide additional predictive information beyond 
that captured by the conventional logging variables.

Similar trends were observed in the two external 
validation wells. F3 achieved R2 values of 0.984 and 0.959 for 
Wells B and C, with corresponding RMSE values of 1.401 
and 2.715 MPa, respectively. The improvement from F2 to 
F3 in both external wells suggests that the independently 
constructed regional Rv provides complementary predictive 

Figure 7. Extreme gradient boosting regression workflow for pore-pressure prediction
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Figure 8. Prediction performance of different feature combinations. (A) R2. (B) Mean absolute error (MAE). (C) Root mean square error (RMSE).

Table 3. Prediction performance of different feature combinations

Dataset
R2 RMSE (MPa) MAE (MPa)

F1 F2 F3 F1 F2 F3 F1 F2 F3

Well A 0.545 0.858 0.918 9.658 5.405 4.099 7.633 4.008 3.195

Well B 0.721 0.944 0.984 5.863 2.629 1.401 4.102 1.884 1.193

Well C 0.443 0.918 0.959 9.996 3.840 2.715 6.976 2.779 1.880

Note: For Well A, the reported metrics were calculated from the pooled out-of-fold predictions obtained from the five blocked-depth folds. 
Abbreviations: MAE: Mean absolute error; RMSE: Root mean square error.

information beyond the hydrostatic-pressure background 
represented by Ph. In particular, the improvement observed 
in Well C supports the effectiveness of the physically guided 
feature representation under the tested cross-mechanism 
condition, although residual cross-well discrepancies 
remain.

The prediction profiles of the three feature combinations 
are shown in Figure 9. Consistent with the quantitative 
results, the deviations from the derived reference pore-
pressure profiles generally decreased from F1 to F3. For 
Well A, the relatively large local discrepancies produced by 
F1 were reduced after incorporating the physically guided 
features. A similar improvement was observed in Well B, 
where F3 followed the derived reference pore-pressure 
profile more closely over most of the evaluated depth 
interval. For Well C, F3 reproduced the overall pressure 
evolution and the main overpressured interval more 
accurately than F1 and F2, although local discrepancies 
remained in several depth intervals. These profile 
comparisons are consistent with the quantitative results in 
Table 3.

3.2. Effectiveness of cascaded transfer learning

To further address the remaining prediction errors in cross-

mechanism validation, the proposed cascaded domain-
adaptive transfer learning framework was evaluated using 
Well A as the source well and Well C as the target well. 
Well A is mainly associated with hydrocarbon-generation-
related unloading, whereas Well C is primarily controlled 
by undercompaction. This experiment was designed to 
examine whether semantic alignment and distribution 
adaptation can improve pore-pressure prediction 
across different overpressure mechanisms. To ensure 
comparability, all modeling schemes were implemented 
using the F3 feature combination and XGBoost as the 
regression model, while only the domain adaptation 
strategy was varied. Throughout this transfer experiment, 
the target-well-derived reference pore-pressure labels were 
withheld from CCA, TCA, transfer-parameter selection, 
XGBoost training, and model selection, and were used 
only after prediction to calculate the evaluation metrics.

The four modeling schemes are summarized in Table 
4. The first was the F3–XGBoost baseline model without 
domain adaptation (M1), in which the source-domain 
samples were directly used for XGBoost training. The 
second was a CCA-based transfer model (M2), in which 
CCA was used to align mechanism-sensitive velocity–
density responses between the source and target domains 
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Figure 9. Prediction profiles of different feature combinations compared with the derived reference pore-pressure profiles: (A) F1, (B) F2, and (C) F3 for 
Well A; (D) F1, (E) F2, and (F) F3 for Well B; and (G) F1, (H) F2, and (I) F3 for Well C

https://doi.org/10.36922/JSE026300145


Intelligent pore-pressure prediction

Volume X Issue X (2026)	 14� doi: 10.36922/JSE026300145

Journal of Seismic ExplorationJournal of Seismic Exploration

before regression. The third was a TCA-based transfer 
model (M3), in which TCA was applied to reduce the 
statistical distribution discrepancy between the source and 
target domains. In the TCA-based model, Ph and Rv were 
retained outside the transfer transformation, consistent 
with the procedure described in Section 2.4. The fourth 
was the proposed cascaded model (M4), in which CCA 
was first used for semantic alignment, followed by TCA for 
domain adaptation, and finally coupled with XGBoost for 
pore-pressure prediction. This experimental design enables 
independent assessment of semantic correction and 
distribution alignment, while also allowing quantitative 
verification of the effectiveness of their sequential 
integration.

Table 4. Transfer-learning schemes for cross-mechanism 
prediction

Model Strategy Purpose

M1 XGBoost Baseline

M2 CCA–XGBoost Semantic alignment

M3 TCA–XGBoost Distribution adaptation

M4 CCA–TCA–XGBoost Cascaded transfer

Abbreviations: CCA: Canonical correlation analysis; TCA: Transfer 
component analysis; XGBoost: Extreme gradient boosting.

The predictive performance of the different transfer-
learning schemes is summarized in Table 5. Compared with 
M1, both M3 and M4 substantially improved the cross-
mechanism prediction of Well C, whereas M2 provided 
only a modest improvement. M4 achieved the best overall 
performance, reducing the RMSE by 27.0% relative to M1 
and by 2.4% relative to M3. These results indicate that TCA 
provides the major gain in source–target adaptation, while 
the preceding CCA transformation offers a smaller but 
complementary contribution.

Table 5. Prediction performance of different transfer-learning 
schemes

Model R2 RMSE (MPa) MAE (MPa)

M1 0.959 2.715 1.880

M2 0.962 2.607 1.711

M3 0.977 2.031 1.400

M4 0.978 1.983 1.381

Abbreviations: MAE: Mean absolute error; RMSE: Root mean square 
error.

The prediction profiles in Figure 10 further support the 
quantitative results. M1 generally captured the increasing 
pressure trend but still showed deviations in the main 
overpressure interval. After CCA or TCA was introduced, 
the predicted curves became closer to the derived reference 
pore-pressure profile. M4 provided the most consistent 
prediction curve, especially in the middle and deep 
overpressure intervals, indicating that semantic alignment 
and distribution adaptation have complementary effects.

The feature-space evolution shown in Figure 11 
provides further evidence for the effectiveness of the 
cascaded transfer process. Before CCA, the source and 
target wells exhibited different velocity–density response 
patterns. After CCA, the retained canonical components 
showed a more comparable cross-well response, with 
source–target correlations of 0.648 and 0.445 for CCA1 
and CCA2, respectively. The first canonical component 
therefore captured the stronger common component of 
the velocity–density response, whereas the second retained 
additional variation between the two wells.

In the subsequent TCA stage, the source and target 
feature distributions became more overlapped in the latent 
space. The RBF-kernel MMD2 decreased from 0.067 to 
0.008, while the domain-classification area under the curve 
(AUC) decreased from 0.680 to 0.505. Because an AUC of 
0.5 corresponds to nearly random domain discrimination, 
the post-adaptation value indicates that the source and 
target feature distributions became substantially less 
distinguishable after TCA. These results support the 
complementary roles of the two stages: CCA improves the 
comparability of the mechanism-sensitive velocity-density 
response, whereas TCA further reduces the residual 
statistical distribution discrepancy.

Taken together, the prediction and feature-space 
results indicate that CCA and TCA serve different but 
complementary roles in the proposed model. CCA 
improves the comparability of the mechanism-sensitive 
velocity–density response, whereas TCA provides the main 
reduction in the remaining statistical-domain discrepancy. 
Because the analysis above was based on the primary 
Well A → Well C transfer pair, additional source–target 
combinations were examined, as discussed in Section 3.3.

3.3. Cross-mechanism and cross-well validation

The Well A → Well C experiment in Section 3.2 represents 
the primary cross-mechanism transfer setting. To examine 
whether the observed improvement depends on a particular 
source–target pair, three additional transfer experiments 
were conducted using different combinations of source 
and target wells. Wells A and B are mainly characterized 
by hydrocarbon-generation-related unloading, whereas 

https://doi.org/10.36922/JSE026300145


Intelligent pore-pressure prediction

Volume X Issue X (2026)	 15� doi: 10.36922/JSE026300145

Journal of Seismic ExplorationJournal of Seismic Exploration

Figure 10. Prediction profiles of different transfer-learning schemes compared with the derived reference pore-pressure profile of Well C (M1). (A) CCA–
XGBoost (M2). (B) TCA–XGBoost (M3). (C) CCA–TCA–XGBoost (M4).
Abbreviations: CCA: Canonical correlation analysis; TCA: Transfer component analysis; XGBoost: Extreme gradient boosting.

Figure 11. Feature-space alignment achieved by the cascaded CCA–TCA strategy. (a) Raw velocity–density response before CCA. (b) Canonical response 
after CCA. (c) Source–target correlations of the retained canonical components. (d) PCA projection of the [CCA1, CCA2, GR] feature space before TCA. 
(e) PCA projection of the latent feature space after TCA. (f) Distribution-alignment metrics before and after TCA. PCA is used only for two-dimensional 
visualization and is not involved in model training.
Abbreviations: CCA: Canonical correlation analysis; MMD: Maximum mean discrepancy; PCA: Principal component analysis; RBF: Radial basis function; 
TCA: Transfer component analysis; XGBoost: Extreme gradient boosting.
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Wells C and N are dominated by undercompaction. The 
additional experiments therefore included Well B → Well 
C, Well B → Well N, and Well A → Well N, all representing 
transfer from hydrocarbon-generation-related source wells 
to undercompaction-dominated target wells. Well N was 
retained as an additional independent target well and was 
not involved in constructing the regional reference velocity 
curve venct. For each transfer experiment, the target well 
was treated as an unlabeled domain during adaptation. 
Its logging features were available for unsupervised CCA–
TCA adaptation, whereas its derived reference pore-
pressure labels were withheld from domain adaptation, 
parameter selection, and XGBoost training, and were used 
only for final performance evaluation.

The quantitative results are summarized in Table 
6. Compared with M1, M4 improved the prediction 
performance across all three additional source–target 

pairs. The RMSE was reduced by 14.2% for Well B → 
Well C and 13.3% for Well B → Well N, while a smaller 
improvement was observed for Well A → Well N. These 
results indicate that the cascaded adaptation remains 
beneficial across different source–target combinations, 
although the magnitude of improvement depends on the 
specific transfer setting.

The corresponding depth-dependent prediction profiles 
are shown in Figure 12. For Well B → Well C, both models 
reproduced the overall pressure increase with depth, while 
M4 showed closer agreement with the derived reference 
profile over parts of the principal overpressured interval. 
When Well N was used as the target well, the degree of 
improvement depended on the source well. For Well B 
→ Well N, the adapted prediction generally followed the 
derived reference profile more closely than M1, particularly 
in the deeper interval. For Well A → Well N, the difference 

Table 6. Prediction performance for additional cross-mechanism source–target pairs

Source–target pair Model R2 RMSE (MPa) MAE (MPa)

Well B → Well C
M1 0.951 2.968 1.901

M4 0.963 2.547 1.595

Well B → Well N
M1 0.703 4.763 4.048

M4 0.776 4.131 3.658

Well A → Well N
M1 0.763 4.251 3.515

M4 0.789 4.009 3.513

Abbreviations: MAE: Mean absolute error; RMSE: Root mean square error.

Figure 12. Cross-mechanism pore-pressure predictions for additional source–target pairs compared with the derived reference pore-pressure profiles: (A) 
Well B → Well C, (B) Well B → Well N, and (C) Well A → Well N
Abbreviations: CCA: Canonical correlation analysis; TCA: Transfer component analysis; XGBoost: Extreme gradient boosting.
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between the two models was more modest, consistent 
with the smaller improvement in the quantitative metrics 
reported in Table 6. Local discrepancies remained around 
several rapid pressure transitions, indicating that cascaded 
adaptation reduces cross-well prediction error but does 
not completely eliminate source–target differences.

3.4. Uncertainty and robustness analysis

Because the continuous reference pore-pressure 
profiles were derived from conventional pore-pressure 
evaluation methods rather than direct formation-pressure 
measurements at every depth, the robustness of the cross-
mechanism predictions was further examined through 
repeated perturbation experiments. Two representative 
transfer cases, Well A → Well C and Well B → Well C, 
were selected with the undercompaction-dominated Well 
C as the common target well. For each transfer case, 30 
realizations were generated by perturbing the source-side 
training conditions, including contiguous-depth block 
resampling, source-label perturbation, and variation of the 
model random seed. The derived reference pore-pressure 
labels of Well C were not used during domain adaptation, 
model training, or uncertainty construction and were 
accessed only for final evaluation. For each target depth, 
the mean prediction and the empirical P5–P95 uncertainty 
envelope were calculated from the 30 realizations.

The perturbation-based analysis indicates that both 
cross-mechanism transfer cases retained relatively stable 
predictive performance under repeated perturbations. 
For Well A → Well C, the mean R2, RMSE, and MAE were 
0.957 ± 0.010, 2.755 ± 0.291 MPa, and 1.863 ± 0.227 MPa, 
respectively. Similar stability was observed for Well B → 
Well C, with R2 = 0.954 ± 0.008, RMSE = 2.848 ± 0.232 
MPa, and MAE = 1.744 ± 0.171 MPa. The mean P5–P95 
widths were 2.145 and 2.073 MPa, respectively. Although 
the perturbed performance is moderately lower than the 
nominal results reported in Tables 5 and 6, both cases 
retained R2 values above 0.95, indicating reasonable 
robustness to the considered perturbations.

Figure 13 further illustrates the depth-dependent 
variability of the predictions. In both transfer cases, the 
mean prediction generally followed the overall trend of 

the derived reference pore-pressure profile, while the 
empirical P5–P95 envelope varied with depth. Relatively 
narrow envelopes occurred over intervals with gradual 
pressure variation, whereas greater prediction spread 
appeared around the main pressure-transition zone and in 
parts of the deeper overpressured interval. This indicates 
that the perturbation-induced prediction variability is not 
uniformly distributed along the well and tends to increase 
around intervals characterized by rapid pressure changes. 
Although the present analysis does not encompass 
the full range of geological, measurement, and model 
uncertainties, the results support reasonable robustness 
of the proposed model under the tested perturbations and 
cross-mechanism transfer conditions.

4. Discussion
To further understand the prediction mechanism of 
the proposed model, SHAP analysis was conducted for 
the baseline XGBoost model, M2, and M4. The SHAP 
summary plots and mean SHAP importance results are 
shown in Figures 14 and 15. Overall, Ph exhibited the largest 
contribution in all models, indicating that the hydrostatic-
pressure background is the dominant factor controlling the 
large-scale increasing trend of pore pressure with depth. 
This result is consistent with the physical understanding 
that pore pressure generally evolves under the constraint 
of burial depth and hydrostatic pressure.

The Rv also showed a high contribution, ranking only 
behind Ph in most cases. In the SHAP summary plots, 
low Rv values tend to make positive contributions to 
pore-pressure prediction, whereas high Rv values tend to 
reduce the predicted pressure. This is physically reasonable 
because a lower measured velocity relative to the regional 
reference velocity usually indicates abnormal compaction 
or overpressure development. Therefore, Rv provides more 
direct pressure-sensitive information than the original vp, 
Rho, and GR variables.

After introducing CCA and TCA, the importance of Ph 
and Rv remains dominant, while the CCA-derived variables 
and the selected TCA latent component provide additional 
contributions. In the final model (M4), the TCA-derived 
feature is appended to, rather than substituted for, the 

Table 7. Perturbation-based uncertainty statistics for representative cross-mechanism transfer cases

Source–target pair R2 RMSE (MPa) MAE (MPa) Mean P5–P95 width (MPa)

Well A → Well C 0.957 ± 0.010 2.755 ± 0.291 1.863 ± 0.227 2.145

Well B → Well C 0.954 ± 0.008 2.848 ± 0.232 1.744 ± 0.171 2.073

Abbreviations: MAE: Mean absolute error; RMSE: Root mean square error.
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Figure 13. Perturbation-based prediction uncertainty for representative cross-mechanism transfer cases: (A) Well A → Well C and (B) Well B → Well C. 
The red curve denotes the pointwise mean prediction across repeated perturbation realizations, and the shaded region represents the empirical P5–P95 
prediction envelope. The black curve denotes the derived reference pore-pressure profile used only for final evaluation.

Figure 14. SHapley Additive exPlanations (SHAP) summary plots of different models: (A) M1, (B) M2, and (C) M4

Figure 15. Mean SHapley Additive exPlanations (SHAP) feature importance of different models: (A) M1, (B) M2, and (C) M4
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CCA-based representation. Therefore, CCA1, CCA2, and 
GR remain available to the XGBoost regressor together 
with Ph, Rv, and the selected TCA component. As shown 
by the mean absolute SHAP comparison in Figure 15, the 
physically guided features remained dominant, whereas 
the selected TCA component provided supplementary 
domain-adaptive information. This result indicates that 
the cascaded transfer procedure improves source–target 
adaptation without removing the physically interpretable 
and CCA-aligned information retained in the preceding 
stage.

The additional cross-well experiments showed that the 
benefit of CCA–TCA adaptation varied among different 
source–target combinations, indicating that transfer 
performance depends on the geological and statistical 
similarities between wells. The perturbation experiments 
further showed that both Well A → Well C and Well B → 
Well C retained relatively stable performance under the 
considered perturbations, with only modest differences 
in variability between the two source–target settings. 
These results suggest that the proposed transfer strategy 
can improve cross-mechanism prediction, although its 
performance and robustness may still vary among different 
well combinations.

Several limitations should also be noted. The present 
validation is restricted to a single offshore study area, and 
the continuous pore-pressure targets are derived from 
reference profiles rather than direct measurements at every 
depth, so uncertainty in these profiles may propagate into 
model evaluation. In addition, the leave-one-well-out 
prediction-sensitivity analysis showed that variations in 
the independently constructed regional reference velocity 
curve had a limited overall influence on the final prediction 
profile, although localized sensitivity remained at some 
depth intervals. Nevertheless, this analysis considers only 
the variability associated with the available auxiliary wells 
and does not encompass the full range of geological and 
measurement uncertainties.

5. Conclusion
This study proposed an intelligent formation pore-pressure 
prediction model integrating physically guided feature 
optimization with cascaded CCA–TCA transfer learning. 
By introducing Ph and Rv, the input feature space was 
enhanced with pressure-background and relative velocity-
deviation information. The optimized F3 feature set 
achieved the best prediction performance, confirming the 
effectiveness of the proposed physical feature construction, 
while the cascaded transfer strategy further improved cross-
well prediction under different overpressure mechanisms.

Overall, the proposed framework improves both 

prediction accuracy and interpretability, providing a useful 
approach for cross-well pore-pressure prediction under 
limited well-control conditions and multiple overpressure 
mechanisms within the tested study area, although further 
validation is required for broader application.
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Appendix

Figure A1. Sensitivity of pore-pressure predictions to leave-one-well-out variations in the regional reference velocity curve. The shaded region denotes 
the pointwise min–max deviation envelope across the 10 leave-one-well-out realizations relative to their pointwise ensemble mean, and the dashed line 
represents the ensemble mean (ΔPp = 0). A 10 m centered moving-median filter was applied for visualization only, whereas all quantitative sensitivity 
statistics were calculated from the unsmoothed predictions.
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