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a b s t r a c t

The Xihu Sag in the East China Sea Shelf Basin exhibits complex geology (e.g., deep faulting and frag
mented pressure systems) and anomalous overpressure with pressure reversal in target formations, 
posing severe challenges to conventional pore pressure prediction methods. This study proposes an 
integrated framework for pore pressure prediction that fuses nine drilling parameters with three rock 
mechanical parameters. The framework overcomes the common limitation of previous studies relying 
on a single data source (well log or seismic data). Model development and validation are demonstrated 
using eight vertical wells across three blocks in the Xihu Sag. Five machine learning (ML) algorithms 
(Back Propagation, K-Nearest Neighbor, Support Vector Regression, CatBoost, LightGBM) are optimized, 
with a detailed investigation of dataset partitioning strategies (direct vs. randomized division) to 
eliminate high-pressure prediction bias. Comprehensive evaluation via six metrics (mean squared error 
(MSE), mean absolute error (MAE), mean absolute percentage error (MAPE), etc., including training 
time) demonstrates that the LightGBM model outperforms the others: it achieves near-perfect fitting 
(R2 = 0.999), minimal prediction errors (MSE = 0.001, MAPE = 0.239%), and short training time (0.45 s), 
with a narrow relative error range (− 1.83% to +1.61%) for both normal and overpressure zones. Practical 
validation on an adjacent well and four regional wells confirms  its robust generalization (average ac
curacy >97%), with its prediction results consistent with the “normal pressure–overpressure–pressure 
reversal” distribution pattern of the target block. Importantly, the ML model is successfully applied to 
two adjacent structural units and, without any parameter adjustment, maintains prediction accuracy 
above 92%. This work provides a high-precision, field-applicable  pore-pressure prediction tool that 
mitigates drilling risks and offers a reproducible reference framework for pore pressure prediction in 
other similar complex overpressured basins.
© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This 
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc- 

nd/4.0/).

1. Introduction

Pore pressure refers to the pressure exerted by fluids (oil, gas, 
and water) within the rock pores. In petroleum geology, pore 

pressure is a critical parameter for assessing subsurface condi
tions. In oil and gas drilling, accurate prediction of pore pressure is 
essential for safe drilling, minimizing non-productive time, and 
reducing operational costs.

As a crucial geotechnical parameter closely related to petro
leum geology, drilling engineering, and production, the quantita
tive study of pore pressure began in 1965 and has nearly 60 years 
of research history. Based on the sources of data, traditional pore 
pressure calculation methods can be broadly categorized into two 
types. The first  type is the drilling data analysis method, which 
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relies on the inductive understanding of pore pressure behavior to 
develop corresponding calculation formulas for predicting pore 
pressure using logging data. The second type is the geophysical 
exploration method, which establishes empirical models linking 
geophysical parameters to various rock mechanics parameters, 
predominantly using seismic data for pore pressure prediction (Li 
et al., 2023a). Predictions made using logging data from the oilfield 
tend to be accurate and reliable; however, they occur later in the 
process, classifying them as retrospective predictions. Conversely, 
the main drawback of using geophysical data, such as seismic in
formation, for pore pressure predictions is the difficulty  in ac
counting for other geological factors and the influence of normal 
pressure, resulting in lower prediction accuracy.

The pore pressure calculation formulas widely used in 
academia and industry today include the Eaton method, Bowers 
method, Fillippone method, and Foster method (also known as the 
equivalent depth method). However, traditional pore pressure 
prediction methods have many limitations in predicting different 
geological structures, pressure mechanisms, and rock composi
tions. These methods are based on empirical or semi-empirical 
physical models that rely on certain assumptions, establishing 
empirical relationships between pore pressure and specific 
geophysical parameters. This can lead to discrepancies with actual 
field  conditions, limiting their applicability and effectiveness. 
Moreover, the shift in oil and gas exploration from conventional to 
complex unconventional resources, moving from shallow and 
shallow-water areas to deep, ultra-deep, and challenging deep- 
water regions, introduces intricate pressure mechanisms. Tradi
tional physical models and calculation formulas struggle to 
adequately describe the complex variations in formation pore 
pressure, rendering their results less useful for field  guidance. 
Traditional pore pressure calculation formulas often include one or 
more empirical coefficients,  such as the Eaton index (n) in the 
Eaton formula and loading/unloading coefficients  in the Bowers 
formula. The selection of these coefficients  heavily depends on 
preliminary statistical analysis, making them susceptible to hu
man bias. The reliance on numerous empirical parameters can lead 
to cumulative errors, complicate the calculation process, and limit 
precision, which ultimately undermines drilling safety. In newly 
developed areas, a lack of relevant data and available reference 
methods significantly  increases operational costs. In response to 
this, various improved methods have been proposed by Liu et al. 

(2023), Lockhart et al. (2023), Wang et al. (2024), Zhao et al. 
(2024a), Lyu et al. (2026), among others, building upon tradi
tional pore pressure prediction methods.

In recent years, the continuous development and widespread 
adoption of AI and big data technologies have led scholars to 
increasingly apply ML and deep learning techniques to address 
complex challenges in the field of petroleum engineering (Li et al., 
2023b, 2025a; Chen et al., 2024; Gao et al., 2026a). These tech
niques have found extensive applications in various areas, including 
lithology identification (Khoshouei et al., 2022; Bai et al., 2023), rock 
mechanics parameter prediction (Tariq et al., 2017; Mahmoodzadeh 
et al., 2022; Alakbari et al., 2024; Wei et al., 2025), drag and torque 
prediction (Hegde et al., 2015, 2019), production prediction (Noshi 
et al., 2019; Song et al., 2020), seismic inversion (Ogbamikhumi 
and Ebeniro, 2021; Yan et al., 2021), and logging interpretation 
(Caja et al., 2019). Given their high self-learning, self-adaptive ca
pabilities, and strong generalization ability, ML algorithms are well- 
suited for addressing complex nonlinear problems such as pore 
pressure prediction. Intelligent pore pressure prediction methods 
based on ML and deep learning technologies offer significant  ad
vantages over traditional calculation formulas, including broader 
applicability, higher computational efficiency, and improved accu
racy. Recent years have seen substantial progress in using ML 
methods for predicting pore pressure (Bruna Teixeira Silveira et al., 
2023; Mgimba et al., 2023; Deng et al., 2024; Zhang et al., 2025; 
Ehsan et al., 2025; Liang et al., 2025; Gao et al., 2026b), marking an 
essential step towards the digital transformation of the global pe
troleum industry. However, overall, intelligent pore pressure pre
diction methods are still in development, and the related 
technologies have not yet matured, presenting several notable 
drawbacks. For instance, existing studies that use ML for pore 
pressure prediction primarily rely on well logging data as input 
variables. The main differences lie in the selection of parameter 
combinations or different ML algorithms, leading to a narrow focus 
and limited data sources. Furthermore, most current research fo
cuses on normally pressured areas with relatively simple geological 
conditions. The model construction and training processes are 
straightforward, typically using a limited range of ML algorithms and 
training data mainly derived from logging information. While these 
models can accurately predict pore pressure in normal pressure 
areas, their applicability in other regions or under abnormal high- 
pressure conditions remains uncertain.

Nomenclatures

Depth Well depth, m
Wob Weight on bit, psi
Rop Rate of penetration, m/h
Torque Torque, kn⋅m
Spp Slurry pump pressure, MPa
Flow Drilling fluid flow, m3/s
Mwi Drilling fluid density, g/cm3

Resist Resistivity, s/m
Dc Dc index, dimensionless
Ecd Equivalent circulating density, g/cm3

UCS Unconfined compression strength, MPa
Ed Dynamic Young’s modulus of rock, GPa
μd Dynamic Poisson’s ratio of rock, dimensionless
E Static Young’s modulus of rock, GPa
μ Static Poisson’s ratio of rock, dimensionless
Pp Pore pressure, g/cm3 & MPa
BP Back-Propagation Neural Network

KNN K-Nearest Neighbors
SVR Support Vector Regression
CatBoost Categorical Boosting
LightGBM Light Gradient Boosting Machine
LL Liulang Formation
YQ Yuquan Formation
LJ Longjing Formation
HG Huagang Formation
HG1 Upper member of Huagang Formation
HG2 |Lower member of Huagang Formation
PH Pinghu Formation
BS Baoshi Formation
ML Machine learning
MSE Mean squared error
RMSE Root mean squared error
MAE Mean absolute error
MAPE Mean absolute percentage error
R2 Coefficient of determination
SHAP SHapley Additive exPlanations
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This study focuses on the Xihu Sag in the East China Sea Shelf 
Basin. The Xihu Sag is dominated by tight hydrocarbon reservoirs 
and exhibits complex internal structures. Extensive deep faulting 
has fragmented the regional pressure systems, and deep strata 
display both anomalous overpressure and pressure reversal. 
Because the mechanisms that generate these pressures are highly 
complex, conventional pore-pressure prediction methods often 
fail to achieve high accuracy. Moreover, prior studies have not 
applied ML techniques to predict pore pressure specifically in such 
anomalous pressure blocks. To address these gaps, a novel data- 
driven framework for comprehensive pore pressure prediction in 
abnormally high-pressure blocks was developed using five  ML 
algorithms, including LightGBM. ML models were constructed, 
validated, and their practical performance evaluated. The main 
innovations are threefold. (1) Multi-source data fusion. Contrary to 
most previous studies that rely solely on well-log or seismic in
puts, this work combines nine field drilling parameters with three 
rock mechanical parameters as model inputs. Drilling parameters 
record the formation’s dynamic response to the drill bit and 
therefore provide near-real-time, wide-coverage information on 
formation pressure dynamics. Rock mechanics parameters capture 
the formation’s intrinsic mechanical behavior. Integrating both 
data types increases field relevance and enables the model to learn 
pore pressure distribution patterns directly from the interaction 
between drilling operations and the geological formation. (2) 
Dataset partitioning methodology. A quantitative comparison be
tween direct depth-based splitting and random splitting was 
conducted for pore pressure prediction in abnormally over
pressured intervals. A random-splitting strategy is recommended 
for datasets with pronounced pressure-state heterogeneity to 
reduce evaluation bias. (3) Engineering validation and generaliz
ability. Feature importance analysis, cross-block generalization 
tests across three study areas, and prediction error analysis using 
measured pore pressure data from eight wells show that the 
model reliably captures pore-pressure patterns across the normal 
pressure zone, the overpressure zone, and the pressure reversal 
zone. Within-block prediction accuracy exceeds 97%, while cross- 
block accuracy remains above 92%. These results indicate that the 
proposed framework is robust, scalable, and sufficiently accurate 
for pore pressure prediction and drilling-risk mitigation in other 
analogous complex overpressured basins. The technical roadmap 
of this study is illustrated in Fig. 1.

2. Machine learning algorithm theory

As shown in Table 1, this study compares and applies five types 
of ML regression algorithms: BP (Back-Propagation Neural 
Network), KNN (K-Nearest Neighbors), SVR (Support Vector 
Regression), CatBoost (Categorical Boosting), and LightGBM (Light 
Gradient Boosting Machine). These algorithms were selected to 
cover representative model paradigms (neural networks, neigh
borhood models, kernel methods, and gradient-boosted trees), 
with the aim of evaluating the performance differences of different 
models on complex pore pressure profiles characterized by 
abnormal high pressure and pressure reversal. This table sum
marizes the core characteristics of each algorithm and its adap
tation logic in the context of this study, enabling a quick 
understanding of the selection rationale for different algorithms 
and the underlying causes of their performance differences.

3. Overview of research block and establishment of model 
dataset

The completeness, accuracy, and quality of data are crucial for 
calculating the pore pressure of abnormally pressured zones and 

for developing ML models. However, the field  data provided by 
oilfields  (such as logging data) often contain missing values and 
significant  outliers, making them unsuitable for direct use. 
Therefore, the primary focus of this paper is to create a high- 
quality dataset.

3.1. Geological setting

Among all the marginal basins in China’s coastal waters, the 
East China Sea Shelf Basin is the largest (Li et al., 2021a), rich in oil 
and gas resources (Yang et al., 2023) and of significant  strategic 
importance (Quan et al., 2022), attracting considerable attention 
from domestic and international oil professionals over the years 
(Zhou et al., 2020). The Xihu Sag, located southeast of Shanghai, is 
a key area for oil and gas exploration in the East China Sea Shelf 
Basin. Tectonically, it is a secondary structural unit within the 
basin and is positioned in its northeastern part (Cui et al., 2019). 
The Xihu Sag extends in a NNE direction, flanked  by the Diaoyu 
Islands Folded-Uplift Belt to the east and the Haijiao Uplift to the 
west (Xu et al., 2024). The total area of the Xihu Sag is approxi
mately 51,800 km2 (Zhang et al., 2014). The sag can be divided from 
west to east into the western slope belt, western sub-sag, central 
inversion belt, eastern sub-sag, and eastern fault terrace zone (He 
et al., 2023), as shown in the structural map in Fig. 2 (Zhou et al., 
2020; Shen et al., 2022).

The stratigraphic system of the Xihu Sag, from oldest to 
youngest, primarily consists of the Eocene Bajiaoting, Baoshi, and 
Pinghu formations, the Oligocene Huagang Formation, the 
Miocene Longjing, Yuquan, and Liulang formations (Liang et al., 
2024), and the Pliocene Santan Formation (Fig. 2(c)). Among 
these, the Huagang Formation is the most developed reservoir unit 
(Su et al., 2013), while the Pinghu Formation serves as the main 
source rock within the Xihu Sag (Kang et al., 2020; Liu et al., 2020; 
Su et al., 2020).

The Xihu Sag not only contains conventional oil and gas res
ervoirs but also develops low-porosity and low-permeability res
ervoirs. These two types of reservoirs differ significantly  in 
accumulation characteristics and controlling factors. The primary 
target formations, the Pinghu and Huagang formations, contain 
both low-porosity, low-permeability reservoirs and medium-to- 
high permeability reservoirs. Conventional pore pressure calcula
tion methods have become inadequate for ensuring safe drilling in 
this area. Additionally, the area has undergone multiple periods of 
inversion structure and rifting (Zhu et al., 2019), resulting in a 
complex structural style and geological architecture in the Xihu 
Sag. The development of deep faults has segmented reservoirs into 
multiple isolated blocks, severely impacting the migration and 
preservation of oil and gas (McClay et al., 2002; Lin et al., 2024). 
Following faulting, the isolated blocks are influenced  by local 
structural effects, leading to unpredictable pressure points and 
uneven lateral distribution of pore pressure. Additionally, the deep 
formations (specifically  the Huagang and Pinghu formations) 
generally exhibit abnormally high pressures (Fan and Wang, 2021; 
Li et al., 2021a). Statistically, the highest pore pressure coefficient 
in drilled evaluation and exploration wells in the Xihu Sag has 
reached 1.8, with nearly 50% of drilled wells encountering 
abnormal high pressure (Yang et al., 2013). The pressure genera
tion mechanism is complex, making traditional pore pressure 
prediction methods less applicable in the Xihu Sag, and accurate 
prediction and calibration of pore pressure is challenging. This has 
led to numerous challenges and complications during the early 
stages of drilling projects, such as frequent borehole collapses, 
pipe sticking, gas invasions, and lost-circulation issues. These is
sues severely impact drilling safety and efficiency, increasing the 
duration and cost of drilling and hindering oil and gas 
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development in the region. Therefore, there is an urgent need for 
accurate pore pressure predictions to prevent complex incidents.

This study focuses on two vertical wells in the western 
slope belt of the Xihu Sag. Well S-1 serves as the training 

well, providing sample data for model training, while the 
nearby S-2 well is used to validate the model’s predictive 
performance. Table 2 presents the basic information for these 
two wells.

Fig. 1. Technology roadmap.
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The construction and preprocessing of the training dataset are 
crucial for the predictive accuracy of ML models. In this study, the 
training dataset (i.e., the learning samples) is divided into input 
and output data. The input data for the model consist of drilling 
data and rock mechanics parameters from the two wells, while the 
output data represents the equivalent density of formation pore 
pressure.

3.2. Establishment of drilling parameter dataset

Drilling parameters are monitored and recorded by drilling 
parameter instruments during the drilling process. This study 
collects ten types of drilling parameters based on actual field data 
provided by the oilfield: depth (Depth), weight on bit (Wob), rate 
of penetration (Rop), torque (Torque), slurry pump pressure (Spp), 
flow rate (Flow), density (Mwi), resistivity (Resist), Dc index (Dc), 
and equivalent circulating density (Ecd). The sampling frequency 
for these data is one data point per meter of depth. For example, in 
Well S-1, drilling parameters were recorded from a depth of 134 m 
to a depth of 3840 m, resulting in a total of 3707 data entries.

The quality of data directly affects the stability of the model 
structure and the magnitude of prediction errors during the con
struction of ML models. However, the raw drilling data contain 
certain outliers due to the influence of the equipment’s working 
environment, making them unsuitable for direct use. Therefore, it 
is necessary to preprocess the raw drilling data.

The preprocessing of raw drilling data primarily involves 
detecting and removing outliers, as well as addressing missing 
values. As illustrated in Fig. 3, using the drilling data from Well S-1, 
specifically weight on bit, rate of penetration, torque, and flow rate, 
the red circles highlight visually obvious outliers; however, there 
are additional anomalies that are not easily identifiable.  These 
outliers can be addressed using the 3σ method or other techniques, 
such as box plots, each with its own advantages. The advantage of 
the box plot method lies in its ability to represent data visually, 
providing a more intuitive understanding while maintaining high 
accuracy in detection. Therefore, this study employs the box plot 
method to identify and address outliers in the raw drilling data.

A box plot consists of six components: extreme outliers, 
maximum, upper quartile (also known as the third quartile), me
dian (or second quartile), lower quartile (also known as the first 
quartile), and minimum, as shown in Fig. 4. The box plot provides a 
clear visual representation of outliers in the raw drilling parameter 
data, allowing for the removal of extreme values while retaining 
normal data points. To illustrate the effectiveness of the pre
processing procedure, Fig. 5 presents a side-by-side comparison of 
the original and preprocessed drilling parameters. As shown in 
Fig. 5(a), the raw data contain a number of outliers that deviate 
significantly from the general trend, which are likely attributable 
to equipment operating conditions or measurement anomalies. 
After applying the box plot-based outlier detection and removal 
method, the preprocessed data (Fig. 5(b)) exhibit smooth, 
continuous curves that retain the primary variation patterns while 

Table 1 
Overview of employed ML algorithms.

Algorithm Paradigm 
(Category)

Key characteristics Role in this study/Rationale 
for inclusion

Main strengths/ 
Weaknesses

References

BP Neural network General-purpose nonlinear 
function approximator using 
layered neurons and 
backpropagation training

Serves as a baseline deep- 
learning model to evaluate 
a black-box approach for 
complex nonlinear 
relationships

Strengths: flexible 
representation capacity. 
Weaknesses: requires 
careful hyperparameter 
tuning, longer training 
time, limited 
interpretability.

Rumelhart et al. (1986)

KNN Instance-based/ 
local regression

Lazy learner performing prediction 
by averaging outcomes of nearest 
training instances in feature space

Tests local similarity-based 
prediction behavior and 
robustness to spatial 
clustering of pressure 
states

Strengths: simple, 
intuitive. Weaknesses: 
sensitive to noise, poor 
extrapolation 
ability—performed poorly 
for deep/high-pressure 
extrapolation in this study.

Cover and Hart (1967); 
Chen et al. (2021); Guo and 
Wang (2024)

SVR Kernel method Kernel-based regression that fits a 
margin-tolerant function, suitable 
for small-sample settings

Provides a theoretically 
grounded small-sample 
baseline to assess stability 
under limited labeled 
pressure points

Strengths: robust 
theoretical properties. 
Weaknesses: sensitive to 
kernel and 
hyperparameters; shows 
high variability for 
abnormal-pressure 
segments.

Vapnik and Lerner (1963); 
Cortes and Vapnik (1995); 
Salcedo-Sanz et al. (2016)

CatBoost Gradient boosting 
decision trees 
(GBDT, CatBoost 
implementation)

GBDT variant optimized for 
categorical features and ordered 
boosting to reduce overfitting

Represents modern 
boosting-tree approaches 
for interpretable tree- 
based modeling of pressure 
drivers

Strengths: relatively 
interpretable feature 
importances. Weaknesses: 
longer training time in our 
experiments; under- 
prediction of deep 
overpressure in some 
cases.

Prokhorenkova et al. (2017)

LightGBM Gradient boosting 
decision trees 
(GBDT, LightGBM 
implementation)

Efficient GBDT implementation 
with GOSS, EFB, and leaf-wise 
growth for fast training and high 
accuracy

Final recommended model: 
balances prediction 
accuracy and 
computational efficiency 
for integrated 
drilling + rock-mechanics 
inputs

Strengths: fast training, 
low memory use, balanced 
feature importance, stable 
fit to abnormal-pressure 
points. Weaknesses: 
requires hyperparameter 
tuning for optimal 
performance.

Ke et al. (2017); Korstanje 
(2021); Wen et al. (2021)
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eliminating extreme values. Importantly, the preprocessing does 
not introduce artificial  distortions or alter the overall depth- 
dependent trends, ensuring that the cleaned dataset faithfully 
represents the formation response during drilling.

3.3. Establishment of rock mechanics parameter dataset

Rock mechanics parameters are intrinsic properties of forma
tion rocks and serve as fundamental data for drilling and fracturing 
operations, as well as important parameters for oil and gas explo
ration and development (Bowers, 1995). Commonly used rock 
mechanics parameters include unconfined compressive strength, 

Poisson’s ratio, internal friction angle, and cohesion. These pa
rameters can be obtained through two main methods: conducting 
laboratory rock mechanics experiments or calculating them from 
logging data (Ward et al., 1994). Parameters obtained from labora
tory experiments are referred to as static rock mechanics parame
ters, while parameters calculated from logging data are known as 
dynamic rock mechanics parameters. Typically, a conversion be
tween the two is required to evaluate the formation.

3.3.1. Basic information of core
This study collected a core sample from Well S-1 at a depth of 

4185.25 m (belonging to the Pinghu Formation), which is a primary 

Fig. 2. (a) Location of the East China Sea Shelf Basin (modified after Li et al. (2025a; 2025b; 2025c)), (b) the tectonic framework of the East China Sea Shelf Basin (modified after 
Yang et al. (2020)), (c) Cenozoic stratigraphic column of the East China Sea Shelf Basin (modified after Zhang et al. (2016), Liang and Wang (2019), Li et al. (2021b), and Liu et al. 
(2022)), (d) the tectonic framework of the Xihu Sag (modified after Li et al. (2025a; 2025b; 2025c)). LSS: Lishui Sag; XHS: Xihu Sag; WDG: Western Depression Group; EDG: 
Eastern Depression Group.

Table 2 
Basic information table for wells S-1 and S-2 in the western slope belt of Xihu Sag.

Location Well name Well pattern Well depth, m Completion interval

Western slope belt S-1 Vertical well 4670 Lower member of Pinghu Formation
S-2 Vertical well 4415 Lower member of Pinghu Formation
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target for development in the Xihu Sag; therefore, the core sample 
was selected to ensure representativeness. The basic information 
of the core sample is presented in Table 3, and an image of the core 
is shown in Fig. 6.

3.3.2. Rock mechanics experiment
The rock mechanics parameters to be measured in this 

experiment include three key values: unconfined  compressive 
strength (UCS, MPa), Young’s modulus (E, GPa), and Poisson’s 

ratio (μ, dimensionless). The experimental equipment used in 
this study is the TAW-1000 Deepwater Pore Pressure Servo Test 
System, as shown in Fig. 7. The software associated with the 
equipment was used to plot the stress–strain curve for the rock 
sample, with the experimental results presented in Fig. 8. The 
calculation formulas for Young’s modulus and Poisson’s ratio are 
given by Eqs. (1) and (2), respectively. The final calculated rock 
mechanics parameters for the S-1-1 sample are shown in 
Table 4. 

Fig. 3. Partial original drilling data of Well S-1.

Fig. 4. Box plot of partial original drilling data for Well S-1.
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E=
Δσa

Δεa
(1) 

μ=
Δεr

Δεa
(2) 

where E is the static Young’s modulus, GPa; μ is the static Poisson’s 
ratio, dimensionless; Δεa is the axial strain increment; Δσa and Δεr 
are the axial stress increment and radial strain increment, 
respectively.

Due to the insufficient  amount of measured rock mechanics 
data, which does not meet the minimum requirements for model 

training, the primary task is to obtain continuous and adequate 
rock mechanics parameter data. The drawback of obtaining rock 
mechanics data through laboratory core tests is that it is complex 
and expensive. For highly fractured brittle rocks, it can be chal
lenging to obtain core samples, and the resulting data are discrete 
rather than continuous. Consequently, calculating rock mechanics 
parameters using logging data has become widely adopted. 
Calculating dynamic rock mechanics parameters from logging data 
and calibrating them with measured data has the advantage of 
relatively easy acquisition of logging data, which effectively pro
vides a continuous representation of the formation, ensuring data 

Fig. 5. Comparison of original and preprocessed drilling parameters for Well S-1.

Table 3 
Basic information of the rock core S-1-1.

Sample number Depth, m Lithology Length, mm Diameter, mm Mass, g

S-1-1 4185.25 Silty mudstone 45.21 26.02 64.9

Fig. 6. Core image of the sample S-1-1 from the Well S-1. Fig. 7. Device diagram of the TAW-1000 Deepwater Pore Pressure Servo Test System.
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accuracy, continuity, and completeness. The calculation formulas 
are presented in Eqs. (3)–(5) below.

The formula for calculating the dynamic Young’s modulus of 
rock is: 

Ed =
ρVs

2
(

3Vp
2 − 4Vs

2
)

Vp
2 − Vs

2 (3) 

The formula for calculating the dynamic Poisson’s ratio of rock 
is: 

μd =
0:5Vp

2 − Vs
2

Vp
2 − Vs

2 (4) 

The formula for calculating the dynamic unconfined compres
sive strength of rock is: 

UCS=A(1 − μd)

(
1 − 2μd
1 + μd

)2
ρ2V4

p(1+0:87Md) (5) 

where Ed is the dynamic Young’s modulus of the rock, GPa; μd is 
the dynamic Poisson’s ratio of the rock, dimensionless; UCS is the 
dynamic unconfined compressive strength of the rock, MPa; ρ is 
the density of the rock, g/cm3; Vp and Vs are the rock’s compres
sional and shear wave velocities, respectively, m/s; Md is the shale 
content, dimensionless; A is a coefficient.

By integrating the background of the block and expert experi
ence, we calculated the uniaxial compressive strength, Young’s 
modulus, and Poisson’s ratio for Well S-1 using Eqs. (3)–(5), and 
calibrated the rock mechanics parameter profile  with measured 
values to establish the actual values. The results indicate that the 
prediction errors for the UCS, Young’s modulus, and Poisson’s ratio 
of Well S-1 were 1.84%, − 4.615%, and − 3.448%, respectively, with 
absolute prediction errors not exceeding 5%. Ultimately, a sample 
dataset of rock mechanics parameters suitable for model training 
was established, as detailed in Table 5 and Fig. 9. It should be noted 
that due to the high cost of coring in offshore drilling, only a 
limited number of core samples were obtained in this study. 
However, these cores were collected from the Pinghu Formation, 
the main hydrocarbon-bearing interval, and are therefore highly 
representative. In future research, if conditions permit, acquiring 
more core samples from different stratigraphic horizons for multi- 
point calibration of measured data will help further improve the 
accuracy of input variable datasets.

3.4. Establishment of pore pressure dataset

The output layer of the model represents the desired variable, 
which in this paper is the formation pore pressure. Because the 
number of measured pore pressure data points is insufficient  to 
support model development and training, most related studies use 
pore pressure calculated from formulas as the raw data, which is 
then adjusted using expert experience in conjunction with 

Fig. 8. Stress–strain curve of sample S-1-1. Note: ε = strain; subscripts x/y refer to 
axial/circumferential directions; a/b denote two perpendicular circumferential 
extensometer measurement points.

Table 4 
Rock mechanical parameters of the core sample S-1-1.

Sample number UCS, MPa Young’s modulus, GPa Poisson’s ratio

S-1-1 49.45 13.044 0.203

Table 5 
Analysis table of prediction error of rock mechanics parameters in Well S-1.

Sample number Type UCS, MPa Young’s modulus, GPa Poisson’s ratio

S-1-1 Actual value 49.45 13.044 0.203
Predicted value 50.36 12.442 0.196
Absolute error 0.91 − 0.602 − 0.007
Relative error, % 1.84 − 4.615 − 3.448

Fig. 9. Rock mechanics parameter profile of Well S-1.
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measured pore pressure data. This paper utilizes this approach to 
construct the dataset for the model’s output layer variable.

This study employs a combined method of the Eaton (1972, 
1975) and Bowers (1995, 2001) techniques (see Eqs. (6)–(9)) to 
determine the formation pore pressure for Well S-1, which is then 
calibrated with the measured pore pressure data under expert 
guidance. The final results are presented in Fig. 10. Based on the 
pore pressure state classification table proposed by Fan (2016; see 
Table 6), formations with a pore pressure coefficient greater than 
1.1 are classified as high-pressure formations.

(1) Eaton method:

PpH = PvH − (PvH − PH) × (Δtz=Δt)n (6) 

where PpH is the pore pressure at depth H, MPa; PvH is the over
burden pressure at depth H, MPa; PH is the hydrostatic column 
pressure at depth H, MPa; Δtz is the acoustic time for normally 
compacted mudstone, μs/ft; Δt is the measured acoustic time for 
mudstone at a certain depth, μs/ft; n is the Eaton index, derived 
from measured formation pressure in the target block.

(2) Bowers method:

When Hmax > H: 

Pp =G −

(
106
Δt −

106
Δtmax
a

)
1
b

H
(7) 

When Hmax ≤ H: 

Pp =G −

σ(1− U)
max

(
106
Δt −

106
Δtmax
a

)
U
b

H
(8) 

where, 

σmax =

(106

Δt − 106

Δtmax

a

)
1
b (9) 

where Vmax is the maximum acoustic velocity during unloading, 
m/s; Hmax is the depth at which Vmax is measured, m; H is the total 
vertical depth, m; Pp is the pore pressure, MPa; G is the overburden 
pressure, MPa; Δt is the acoustic time, s/m; Δtmax is the acoustic 
time corresponding to Vmax, s/m; σmax is the maximum effective 
stress in the vertical direction at the onset of unloading, MPa; a 
and b are parameters obtained through data fitting,  dimension
less; U is the unloading parameter, which measures the plastic 
deformation of the rock, dimensionless.

The study found that Well S-1 is situated in normal pressure 
formations in the Yuquan, Longjing, Huagang, and upper member 
of Pinghu formations, with abnormal high pressure starting in the 
middle member of the Pinghu Formation. The increase in pore 
pressure from the middle to the lower members of the Pinghu 
Formation shows a distinct stepped trend. It was also observed 
that the pore pressure in the lower member of the Pinghu For
mation experiences a significant drop, exhibiting pressure reversal 
characteristics; therefore, it is referred to as the pressure reversal 
segment.

Pore pressures in undercompacted formations and formations 
governed by unloading mechanisms were calculated using the 
Eaton and Bowers methods, respectively, to establish the training 
label dataset for the model. Empirical parameters for both 
methods were determined by integrating the geological charac
teristics and measured data of the Xihu Sag, and the selected 
values are consistent with regional engineering practices. Specif
ically, the Eaton exponent n is set to 3.5, and the unloading-related 
parameters in the Bowers method (a, b, U, and Hmax) are 1.06, 1.01, 
2.6, and 4100 m, respectively. It should be noted that the Eaton 
exponent (n) and Bowers coefficients (a, b, U) used in this study 
were derived from drilling data of the western slope belt in the 
Xihu Sag and are suitable for the geological conditions of this area. 
If this framework is applied to other blocks, recalibration of these 
empirical parameters is recommended to match the local 
compaction trends and pressure-generation characteristics. The 
prediction accuracy of pore pressure for Well S-1 exceeds 95%. This 
specific trend in the predicted pore pressure aligns well with the 
measured values and corresponds to the field understanding of the 
block, allowing us to consider the calculated pore pressure as the 
true formation pore pressure for this well.

Fig. 10. Pore pressure profile of Well S-1.

Table 6 
Classification table of pore pressure status.

Type Ultra-low pressure Underpressure Normal pressure Overpressure Ultra-high pressure

Pore pressure coefficient <0.75 0.75–0.9 0.9–1.1 1.1–1.5 >1.5
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The reliability of training data constitutes the fundamental 
prerequisite for both model accuracy and research credibility. It 
should be noted that while using measured data to construct a 
learning sample dataset is the optimal approach, the high cost of 
acquiring such data often leads to extreme scarcity, forcing re
searchers to adopt alternative dataset-building methods. This 
common and practical limitation is prevalent in research across 
numerous fields (He et al., 2021; Li et al., 2022; Zhang et al., 2025). 
In this study, the number of directly measured pore pressure 
points obtained via Drill Stem Testing (DST) is extremely limited 
and discontinuously distributed. These points are entirely insuf
ficient  to support the training of supervised ML models, which 
require continuous data labels. This is the fundamental reason why 
this study aims to construct a continuous “ground-truth” pore 
pressure profile. Compared with the direct use of scarce measured 
data, which is in fact quantitatively inadequate, the method 
employed in this study integrates logging data calculation, 
measured data verification, and expert experience adjustment to 
generate continuous, high-quality labels. This approach ensures 
the reliability of the learning sample data and significantly  en
hances the generalization ability of the ML model.

4. Establishment of intelligent prediction model for pore 
pressure

Abnormal high pressure significantly influences the generation, 
migration, and accumulation of oil and gas resources (Hunt, 1990). 
The Xihu Sag, a region rich in oil and gas resources within the East 
China Sea Shelf Basin (Zhao et al., 2024b), holds substantial 
exploration and development potential. However, the area has 
undergone a series of tectonic movements characterized by initial 
stretching followed by compression, resulting in complex internal 
structural styles. These variations in pore pressure distribution 
between different structures have led to abnormal high pressure in 
the vertical profile  of the Xihu Sag, and horizontal variations in 
pore pressure initiation points are inconsistent, posing significant 
challenges for accurately calculating pore pressure in key target 
areas of the Xihu Sag.

In traditional methods for predicting pore pressure, two key 
factors are essential for accuracy: selecting an appropriate calcu
lation model and carefully choosing the parameters used in the 
formulas. Typically, the process of predicting pore pressure in 
exploration wells involves using parameters derived from nearby 
drilled wells, which assumes that the pressure distribution in the 
target block is relatively uniform, allowing for similarities between 
different wells within the same block. This ensures a significant 
degree of reference in the pore pressure calculations. However, 
this approach fails in complex geological structures like the Xihu 
Sag, where there are considerable variations in the vertical and 
horizontal distribution of pore pressure. Therefore, this study 
constructs an intelligent pore pressure prediction model based on 
drilling and rock mechanics data, using two vertical wells from the 
western slope zone of the Xihu Sag as a case study, and evaluates 
its application.

4.1. Input variable selection

Building on the previous discussion, this study ultimately se
lects ten drilling parameters and three rock mechanics parameters 
as preliminary candidate input variables for the ML model. How
ever, not all of these parameters are suitable for model training, as 
using parameters unrelated to pore pressure can reduce model 
performance. Therefore, it is necessary to filter  out redundant 

parameters. Given that these parameters typically exhibit a non- 
normal distribution, this study employs Spearman correlation 
analysis to quantitatively assess the relationship between different 
parameters and formation pore pressure. The formula for calcu
lating the correlation coefficient  is shown in Eq. (10) (Ma et al., 
2022). 

Rz =1 −

6
∑N

i=1
C2

i

N
(

N2 − 1
) (10) 

where Rz is the correlation coefficient, ranging from − 1 to +1; N is 
the observed number of data points; i represents the serial number 
of each individual sample, from 1 to N; Ci stands for the rank dif
ference of the i-th paired data.

Fig. 11 displays a heatmap of the correlation coefficients  be
tween the input variables and formation pore pressure. In the 
figure, darker colors and higher absolute values of the correlation 
coefficients  indicate stronger associations, while lighter colors 
suggest weaker associations. Positive coefficients indicate a posi
tive correlation, while negative coefficients  indicate a negative 
correlation. Additionally, Table 7 outlines the criteria for assessing 
the strength of these correlations (Zhao et al., 2022). From Fig. 11, it 
is evident that Depth, Wob, Rop, Torque, Spp, Mwi, Resist, Ecd, UCS, 
and Ed show a positive correlation with pore pressure. In contrast, 
Flow and μd demonstrate a negative correlation with pore pres
sure. Considering the absolute values of the correlation co
efficients,  Depth (0.72), Ecd (0.66), and Mwi (0.64) exhibit the 
strongest correlations with pore pressure, while the Dc (0.094) has 
the weakest correlation with pore pressure. Following the criteria 
outlined in Table 7 and considering the weak correlation coeffi
cient (0.094) as well as the fact that the information contained in 
the Dc index is already covered by its constituent parameters (Rop, 
Wob, etc.) in the input feature set, the irrelevant Dc index was 
excluded from the final  model inputs to avoid potential redun
dancy, while the remaining parameters were retained. This deci
sion aims to avoid noise introduced by redundant features during 
model training, while enabling the model to learn more complex 
pressure response patterns through nonlinear interactions among 
the original parameters.

4.2. Preliminary establishment of machine learning model 
structure

4.2.1. Model input variables and structural design
The input layer data for the ML model includes nine drilling 

parameters: Depth, Wob, Rop, Torque, Spp, Flow, Mwi, Resist, and 
Ecd. Additionally, it includes three rock mechanics parameters: 
UCS, Ed, and μd. The output layer data of the ML model represents 
the formation pore pressure, and the bridge for analyzing the 
complex nonlinear relationship between the two is formed by five 
ML algorithms. The process of model development is illustrated in 
Fig. 12.

This study samples data at 1-m intervals in depth, with the 
research intervals and data volume for the two wells presented in 
Table 8. The prediction of pore pressure in this study is categorized 
as a regression problem, requiring the establishment of appro
priate evaluation metrics to assess the model’s generalization 
capability. Different evaluation metrics typically yield varying 
assessment results, Therefore, this study employs multiple metrics 
to evaluate the model’s generalization performance. The evalua
tion metrics include the mean squared error (MSE), root mean 
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square error (RMSE), coefficient of determination (R2), mean ab
solute error (MAE), mean absolute percentage error (MAPE), and 
training duration. Smaller values of MSE, MAE, RMSE, and MAPE, 
along with a larger R2, indicate higher model accuracy. The cor
responding calculation formulas can be found in Eqs. (11)–(15). 

MSE =
1
S

∑S

i=1

(
xi − xpre

i

)2
(11) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
S

∑S

i=1

(
xi − xpre

i

)2
√

(12) 

MAE =
1
S

∑S

i=1

⃒
⃒
⃒xi − xpre

i

⃒
⃒
⃒ (13) 

MAPE =
1
S

∑S

i=1

⃒
⃒
⃒
⃒
⃒

xi − xpre
i

xi

⃒
⃒
⃒
⃒
⃒
× 100% (14) 

R2 =1 −

∑S
i=1 (xi − xi)

(
xpre
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i

)
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i=1 (xi − xi)
2
(

xpre
i − xpre

i

)2
√ (15) 

where S is the sample size; xi is the actual formation pore pressure 
equivalent density, g/cm3; xpre

i is the predicted pore pressure 
equivalent density, g/cm3; xi is the average of the actual pore 

pressure equivalent densities, g/cm3; xpre
i is the average of the 

predicted pore pressure equivalent densities, g/cm3.
Given that there are 12 different types of input variables and 

significant dimensional differences among them, it is necessary to 
eliminate the effects of these dimensional differences during the 
model training process, to ensure that all data values remain 
within the same range for easier comprehensive analysis. This 
study employs the max-min normalization method, with the for
mula presented in Eq. (16). Table 9 shows the results of the 
normalization for certain input layer parameters from Well S-1. 

x́ =
x − min

max − min
(16) 

where x is the original value of a data point before normalization; 
x' is the value of a data point after normalization; min is the 
minimum value of the sample containing that data point; max is 
the maximum value of the sample containing that data point.

The BP neural network model is considered one of the most 
classic and commonly used artificial  intelligence models. In this 
study, the BP model has 12 nodes in the input layer and 1 node in 

Fig. 11. Correlation analysis between drilling parameters, rock mechanics parameters, and pore pressure.

Table 7 
Criteria for determining the strength of correlation between input-layer and 
output-layer variable data (Zhao et al., 2022).

No. Correlation coefficient value Correlation strength

1 0.8≤|Rz|≤1.00 Very strong
2 0.6≤|Rz|≤ 0.79 Strong
3 0.4≤|Rz|≤0.59 Moderate
4 0.2≤|Rz|≤0.39 Weak
5 0.0≤|Rz|≤0.19 Very weak
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the output layer, with the crucial task being to determine the 
number of nodes in the hidden layer, as this directly affects the 
predictive accuracy of the model. Therefore, this study first em
ploys an empirical formula (Eq. (17)) to determine the minimum 
number of hidden layer nodes, followed by using a grid search 
algorithm to optimize the number of hidden layer nodes, using the 
mean squared error (MSE) of the training set as the criterion, 
where a lower MSE indicates stronger model fitting capability. The 
study found that the MSE is minimized at 0.018064 when the 
number of hidden layer nodes is set to 5. The results are illustrated 
in Fig. 13. 

N=
̅̅̅̅̅̅̅̅̅̅̅̅̅
n + m

√
+ a (17) 

where N is the number of nodes in the hidden layer; n is the 
number of nodes in the input layer; m is the number of nodes in 
the output layer; a is a constant between 1 and 10.

Fig. 12. Schematic diagram of model construction process.

Table 8 
Statistical table of data volume after preprocessing of wells S-1 and S-2.

Well name Type Top depth, m Bottom depth, m Data size, line

S-1 Training well 2123 4667 2545
S-2 Testing well 1600 4400 2801

Table 9 
Table of normalized input variable.

No. Input variable name

Wob Torque Spp Resist

1 0.096551724 0.033910035 0.308113489 0.880945301
2 0.075862069 0.042906574 0.297162768 0.880954047
3 0.186206897 0.213148789 0.308611249 0.880980286
4 0.137931034 0.2 0.289696366 0.881225182
5 0.131034483 0.248096886 0.283225485 0.880901569

Fig. 13. Training set MSE under different numbers of hidden layer nodes.
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4.2.2. Dataset partitioning strategy: implications for abnormal 
pressure prediction

It should be clearly pointed out that for wells with complex 
vertical pore pressure systems, dataset partitioning is not a simple, 
neutral procedure but rather one of the key factors influencing the 
generalization ability of a model.

In terms of data partitioning, this study divides the training and 
test sets in a 70:30 ratio, and also implements a ten-fold cross- 
validation set, as shown in Fig. 14. It is important to note that there 
are currently two methods for dividing the dataset: one involves a 
direct partitioning of the dataset as is, using 70% of the upper 
formation data as the training set and 30% of the lower formation 
data as the validation set. The other method involves randomly 
shuffling  the dataset before partitioning. Analyzing the vertical 
distribution of pore pressure in Well S-1, the deep members 
belong to an abnormal high-pressure formation, with equivalent 
pore pressure densities ranging from 1.2 g/cm3 to 1.49 g/cm3, 
while the middle and upper members are at normal pressure, 
where the majority of formations have equivalent pore pressure 
densities around 1.0 g/cm3. There is a significant  difference be
tween these two pressure states. Using a model trained on the 
upper normal pressure formation data to predict the pore pressure 
of the lower high-pressure formations will likely lead to large er
rors in the predictions, as the model has not been trained on high- 
pressure formation data. Therefore, it is preliminarily concluded 
that a simple direct partitioning of the dataset is not advisable.

This study examines how the method of dividing a quantitative 
research dataset affects the model. We used a direct approach, 
training the model with data from the upper well member and 
validating it with data from the lower well member. Fig. 15 pre
sents the training results. As shown in Fig. 15, the model’s pre
dictions for the high-pressure well section remained around a 
standard equivalent density of 1.0 g/cm3, significantly  deviating 
from the actual high-pressure conditions. The maximum absolute 
prediction error reached 32.104%. This discrepancy arises because 
the model did not learn from the data of the high-pressure section, 
leading to inaccurate predictions of pore pressure under those 
conditions. Clearly, the model’s predictions failed.

In summary, the examination of dataset partitioning strategies 
constitutes one of the innovations of this study. By comparing two 
approaches, namely direct depth-based partitioning (using 
shallow data as the training set and deep data as the test set) and 
random partitioning (optionally stratified  by pore pressure 

conditions), this paper systematically quantifies  such impacts in 
abnormally high-pressure zones and pressure reversal zones, an 
issue seldom quantitatively investigated in prior studies. For this 
study and similar geological data with non-stationary, segmental 
characteristics (vertical normal-pressure to overpressure seg
mentation), the sample partitioning strategy for training and test 

Fig. 14. Schematic diagram of 10 fold cross validation algorithm principle.

Fig. 15. Performance of the BP model on the test set without randomly partitioning 
the dataset.
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sets exerts a decisive influence on the generalization performance 
of ML models. The root cause of this issue lies in distribution shift 
and insufficient  expressive space of training samples: for wells 
with significant  differences in pore pressure conditions, direct 
depth-based dataset partitioning leads to non-overlapping distri
butions of the target variable (pore pressure) between the training 
and test sets. This restricts the model to learning only statistical 
features of the normal-pressure interval, while lacking represen
tative samples from the high-pressure interval, thereby resulting 
in severe generalization errors. Random partitioning (or the more 
rigorous stratified random partitioning by pressure conditions) 
retains samples from different pressure states in the training set, 
ensuring the model learns corresponding features under all pres
sure conditions. This fundamentally mitigates bias risks and re
duces drilling risk decision-making errors caused by sample 
imbalance.

Thus, the methodological innovation of proposing the “regional 
geological characteristics-data partitioning strategy” adaptation 
criterion in this paper not only ensures the model performance of 
this study but also provides a replicable methodological reference 
for related research in similar regions (such as deep-water areas, 
ultra-deep formations, and multi-tectonic activity blocks).

4.3. Training, evaluation, and application of an intelligent model 
for pore pressure prediction

This study develops an intelligent pore pressure prediction 
model using five  ML algorithms: BP, KNN, SVR, CatBoost, and 
LightGBM. Fig. 16 and Table 10 display six evaluation metrics for 
the five  ML models across the training, testing, and cross- 
validation datasets. These quantitative metrics allow us to assess 
the predictive performance of the different algorithms. In terms of 
training time, the CatBoost model took the longest at 17.214 s, 
significantly exceeding the other four models. The BP model fol
lowed with a training time of 1.849 s. The training times for the 
LightGBM, KNN, and SVR models were 0.45 s, 0.313 s, and 0.267 s, 
respectively. While training time is an important aspect of model 
evaluation, it should not be the sole criterion for determining the 
effectiveness of ML models.

The purpose of comparing different ML models is to identify the 
optimal one. This requires the model to perform well not only on 
the training dataset but also on new data, specifically  the test 
dataset. This paper focuses on the performance of five  models 
across five evaluation metrics on the test set. In terms of MSE, the 
KNN, CatBoost, and LightGBM models showed the best perfor
mance, all achieving a value of 0.001. For the other evaluation 
metrics, LightGBM consistently outperformed the other models, 
achieving values of 0.004 for RMSE, 0.003 for MAE, 0.239 for 
MAPE, and 0.999 for R2. The BP, SVR, KNN, and CatBoost models 
showed significant  gaps compared to LightGBM across all five 
evaluation metrics. For instance, the SVR model increased its 
RMSE, MAE, and MAPE values by 1400%, 1433.333%, and 
1644.770%, respectively, compared to LightGBM, indicating sub
stantial differences. Regarding R2, the BP, SVR, KNN, and CatBoost 
models showed reductions of 24.625%, 22.422%, 4.304%, and 
1.101% compared to LightGBM, respectively. Therefore, although 
LightGBM ranked third among the five models in terms of training 
duration, it exhibited the best overall performance. This indicates 
that LightGBM model effectively learns the complex nonlinear 
relationships among drilling parameters, rock mechanics param
eters, and pore pressure, demonstrating its high generalizability 
and stability.

Tree-based ML algorithms, such as CatBoost and LightGBM, 
offer more interpretability compared to black-box models like BP, 
KNN, and SVR, as they allow for the direct calculation of feature 

importance for each input variable after training. As shown in 
Fig. 17, both CatBoost and LightGBM identify Depth as the most 
important feature, indicating its significant impact on the model’s 
accuracy and construction. However, the two models differ in 
several ways. In the CatBoost model, the feature importance of 
Depth reaches 56.3%, accounting for more than half of the total 
importance. Furthermore, the feature importance among the input 
variables in the CatBoost model varies greatly. The importance of 
Ecd is 16.40%, while the importance of other variables is quite low, 
with Torque and Ed at only 0.90% and 0.80%, respectively. In 
contrast, the LightGBM model shows a more balanced distribution 
of feature importance across input variables, suggesting that it 
takes all input factors into account more comprehensively.

The feature importance rankings presented in Fig. 17 not only 
illustrate the dependence of the two models on each input vari
able, but also carry substantial geological and petrophysical im
plications, aligning closely with the deep geological evolution and 
pore pressure generation mechanisms in the Xihu Sag. Burial 
depth emerges as the most critical feature, as it dominates stratal 
compaction, fluid  trapping, and tectonic compression, acting as 
the fundamental geological control on the formation and evolu
tion of abnormal overpressure in the study area. In the CatBoost 
model, burial depth accounts for 56.3% of feature importance, 
indicating strong sensitivity to and excessive reliance on this 
dominant macroscopic factor. By contrast, burial depth contributes 
only 32.0% to feature importance in the LightGBM model, which 
retains key macroscopic controls while better integrating multi- 
scale geological and engineering data, demonstrating superior 
feature capture capability. Differences in the importance of other 
parameter types reflect the distinct preferences of the two models 
for capturing dynamic response signals of pore pressure. Drilling 
parameters directly reflect pressure equilibrium between the 
wellbore and formation, as well as overpressured fluid migration, 
consistent with the geological characteristics of well-developed 
overpressure zones and active fluid  flow in the Xihu Sag. Rock 
mechanics parameters indirectly indicate abnormal pore pressure 
by characterizing the effective stress state of rock formations, 
matching the regional geological setting of intense tectonic 
compression and strong spatial heterogeneity in effective stress. 
These two categories of parameters provide complementary in
sights from the perspectives of dynamic drilling responses and 
static mechanical properties, respectively. The LightGBM model 
responds reasonably to both drilling and rock mechanics param
eters, enabling it to fully characterize the complex evolutionary 
mechanisms of pore pressure rather than relying solely on burial 
depth. This is the core mechanistic reason for its higher pore 
pressure prediction accuracy compared with the CatBoost model. 
It better reflects the actual geological processes of multi-genetic 
overpressure superposition in the Xihu Sag, further verifying the 
geological rationality of the model’s learning outcomes.

The balanced distribution of feature importance in the 
LightGBM model stems from its unique optimization mechanisms. 
These mechanisms allow the model to allocate attention more 
efficiently  when processing high-dimensional, non-uniform 
datasets, preventing over-reliance on dominant features (e.g., 
Depth) and resulting in a relatively balanced distribution of feature 
importance. Unlike CatBoost’s ordered boosting and random tree 
permutation, LightGBM adopts three key strategies: first,  the 
Gradient-based One-Side Sampling (GOSS) prioritizes sampling 
data points with high gradients while retaining a portion of low- 
gradient samples to maintain diversity; second, Exclusive 
Feature Bundling (EFB) reduces dimensionality by bundling 
mutually exclusive features; third, the leaf-wise growth strategy 
captures complex interaction structures more thoroughly while 
preserving computational efficiency. Collectively, these 
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mechanisms enhance the model’s ability to learn “weak signals 
from multiple features” and complex interactions between fea
tures. Particularly in scenarios with strong vertical data hetero
geneity, such as the Xihu Sag, LightGBM can better capture the 
interactions among multiple parameters. In contrast, CatBoost’s 
category handling and residual fitting  may, on specific  datasets, 
concentrate importance on a small number of highly correlated 
features (e.g., Depth) to achieve rapid fitting. This results in one or 
a few features accounting for a large proportion in feature 
importance evaluations. From an engineering application 
perspective, the balanced weight distribution of LightGBM holds 
practical value. It indicates that the model does not over-rely on a 
single variable but instead establishes broader coupling 

relationships between various drilling parameters and rock me
chanics parameters. This generally improves the model’s gener
alization ability for pore pressure prediction across different wells 
and its robustness in cases involving abnormal or rare samples. In 
comparison, although CatBoost’s high reliance on Depth in this 
case facilitates a good fit with the training well data, it may amplify 
generalization errors if the relationship between well depth and 
pore pressure in the study area is disrupted or locally biased. A 
typical example is the decoupling of local pore pressure systems 
caused by the development of deep faults.

Figs. 18 and 19 illustrate the comparison between predicted and 
actual values for five algorithm models on the test set. Analyzing 
these figures together provides a clearer picture of the models’ 

Fig. 16. Evaluation results of the five algorithm models.

Table 10 
Differences in evaluation metrics between the BP, SVR, KNN, and CatBoost models, compared to the LightGBM model.

ML models Evaluation index

MSE Difference, % RMSE Difference, % MAE Difference, % MAPE Difference, % R2 Difference, %

BP 0.004 300 0.064 1500 0.044 1366.667 3.927 1543.096 0.753 − 24.625
SVR 0.004 300 0.06 1400 0.046 1433.333 4.17 1644.770 0.775 − 22.422
KNN 0.001 0 0.026 550 0.011 266.667 0.915 282.845 0.956 − 4.304
CatBoost 0.001 0 0.014 250 0.005 66.667 0.477 99.582 0.988 − 1.101
LightGBM 0.001 0.004 0.003 0.239 0.999
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Fig. 17. The feature importance in the CatBoost model and LightGBM model.

Fig. 18. Performance of the five algorithm models on the test data.
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performance. From these figures, it is evident that among all test 
data, the LightGBM model exhibits the smallest prediction error, 
with a relative error range of (− 1.830% to +1.613%). In contrast, the 
BP, SVR, KNN, and CatBoost models have relative error ranges of 
(− 17.852% to +17.453%), (− 14.888% to +22.592%), (− 23.401% 
to +11.428%), and (− 16.753% to +3.254%), respectively, all signif
icantly higher than that of LightGBM model. It is easy to under
stand that ML models can predict normal pressure data points 
accurately, but struggle with abnormal high-pressure points. 
However, whether the data points are at normal or high pressure, 
the LightGBM model consistently aligns well with actual values, 
maintaining low prediction errors. The other four models exhibit a 
problematic pattern, where prediction errors are small for normal 
pressure points but significantly  larger for high-pressure points. 
Notably, the BP and SVR models have prediction errors exceeding 
10%, and in some cases, even 15% for a substantial number of 
normal pressure data points. This analysis confirms  that the 
LightGBM model is the optimal choice among the five algorithms, 
achieving over 98% prediction accuracy for both normal and high- 
pressure data points.

To further validate the generalization ability of the five  ML 
models and assess their final performance in real-world applica
tions, the previously trained BP, SVR, KNN, CatBoost, and LightGBM 
models were used to predict the pore pressure of the adjacent Well 
S-2 relative to Well S-1. The prediction results from different 
models were compared and analyzed, with detailed equivalent 
densities for pore pressure shown in Figs. 20 and 21.

Figs. 20 and 21 reveal that, overall, the pore pressure pre
dictions from the CatBoost and LightGBM models exhibit low 
volatility, while the predictions from the BP and SVR models show 
significant fluctuations. The predictions from the KNN model are 
clearly erroneous and do not align with existing research on pore 
pressure, indicating that the KNN model has failed in practical 
applications; therefore, it will be excluded from further consider
ation. Furthermore, a significant  portion of the pore pressure 
predictions from the BP and SVR models do not conform to the 
geological understanding of the block. For instance, between 
depths of 3200 m and 3400 m, the BP and SVR models predict a 

Fig. 19. Performance of the five algorithm models on the test data.

Fig. 20. Predictions of pore pressure for Well S-2.
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sudden increase in equivalent pore pressure density to around 
1.2 g/cm3, followed by a return to normal pressure, which is clearly 
an error. Additionally, based on prior pore pressure analyses, the 
formations in the Yuquan, Longjing, and Huagang groups should 
remain at normal pressure. However, the SVR model shows drastic 
fluctuations  in pore pressure predictions between 1600 m and 
1800 m, with values ranging from a maximum of 1.164 g/cm3 to a 
minimum of 0.815 g/cm3, which are inconsistent with actual en
gineering conditions. Moreover, the pore pressure predictions 
from the BP and SVR models are significantly  higher than those 
from the CatBoost and LightGBM models, with a difference of 
about 0.2 g/cm3. Since these formations should be at normal 
pressure, the expected pore pressure density should be around 
1.0–1.1 g/cm3, indicating that the predictions from BP and SVR are 
clearly incorrect. Therefore, the BP and SVR models will also be 
excluded. In contrast, the predictions from the CatBoost and 
LightGBM models for the upper and middle members of the Well 
S-2 remain around the normal pressure of 1.0 g/cm3, aligning with 
geological background and pore pressure distribution 
expectations.

Analyzing the trend of increasing pore pressure, the BP, SVR, 
CatBoost, and LightGBM models all indicate a certain upward 
pressure trend in the deeper members of the Pinghu Formation, 
specifically between 4000 m and 4200 m. Among these, the Cat
Boost model shows the smallest increase, while the LightGBM 
model exhibits the largest. Previous drilling data indicate that 
abnormal high pressure begins to develop in the central part of the 
Pinghu Formation in this block. Thus, all four ML models are 
capable of predicting the trend of increasing pore pressure. 
However, the pore pressure predictions from the CatBoost model 
fall significantly short of the actual measured values. As shown in 
Fig. 22, the CatBoost model has prediction errors 
of − 24.983%, − 23.897%, and − 25.014% at three measured pore 
pressure data points, indicating large prediction errors; therefore, 
the CatBoost model will be excluded. Although the BP and SVR 
models align somewhat better with the measured values at the 
pore pressure data points compared to the CatBoost model, the BP 
model has prediction errors of − 21.530%, − 13.481%, and − 10.779% 
at the three measured pore pressure data points. The SVR model 

shows prediction errors of − 14.939%, − 8.399%, and − 8.147% at the 
same points. However, as noted in the previous analysis, the pore 
pressure predictions from the BP and SVR models do not align with 
geological background and pore pressure distribution patterns, 
leading to their exclusion.

In contrast, the pore pressure predictions from the LightGBM 
model closely match the actual measured values, and its overall 
vertical distribution aligns with previous studies on pore pressure 
distribution in the block. Fig. 22 shows that the LightGBM model 
achieves prediction accuracies of 97.594%, 98.115%, and 98.038% at 
the three measured pore pressure data points, indicating high 
accuracy that meets field engineering requirements.

This analysis demonstrates that the LightGBM-based intelligent 
prediction model for pore pressure has high accuracy and robust 
generalization capability, proving effective in practical applica
tions and providing more accurate predictions and decision sup
port for oilfield drilling operations.

4.4. Analysis of measured pore pressure data and distribution 
patterns in the target block

This study focuses on two vertical wells, S-1 and S-2, located 
within the western slope belt of the Xihu Sag. To validate that the 
pore pressure predictions from the LightGBM model for Well S-2 
align with the pore pressure distribution patterns in the western 
slope belt, this study also includes four neighboring wells S-3, S-4, 
S-5, and S-6 within the same block as S-1 and S-2 (the relative 
positions of these six wells are shown in Fig. 23). The measured 
pore pressure data from the six wells were collected and analyzed 
for their vertical distribution patterns, as detailed in Fig. 24. To 
facilitate an intuitive understanding of pore pressure conditions, 
this study adopts the classification table proposed by Fan (2016)
(see Table 6), designating formations with a pore pressure coeffi
cient greater than 1.1 as overpressure formations.

Due to the varying depths of stratigraphic layers across 
different wells, a distribution map of measured pore pressure data 
at various formations was created to provide a clear assessment of 
the equivalent density of pore pressure for the six wells, as shown 
in Fig. 24. The measured pore pressure coefficients for the six wells 

Fig. 21. Predictions of pore pressure for Well S-2.
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range from a minimum of 0.940 (at a depth of 4198.71 m in the 
lower member of the Pinghu Formation) to a maximum of 1.658 
(at a depth of 4514.5 m in the upper member of the Pinghu For
mation). Vertically, the pore pressure initiation point is around 
3700 m, where overpressure is generally developed in deeper 
reservoirs. As burial depth increases, pore pressure rises in a “step- 
like” manner. Additionally, it was observed that a significant 
number of measured pore pressure data points show a decrease in 
pressure coefficient with increasing depth, indicating a reversal in 
pressure trends. Therefore, the strata can be categorized vertically 
into normal pressure zones, pressure transition–overpressure 
zones, and pressure reversal zones.

The research found that, apart from the upper member of the 
Pinghu Formation, which generally exhibits normal pore pressure, 
other formations show a mix of normal and abnormally high pore 
pressure data points. This indicates that the Xihu Sag has under
gone multi-period tectonic movement and has developed deep 
faults, resulting in a fragmented pore pressure system under
ground. Different wells exhibit varying initiation pressures, and 
there are significant  differences in the top interface depth for 
abnormal pore pressure. Overall, as the depth of the strata in
creases, the pore pressure gradually rises, with the layers first 
entering a high-pressure zone before transitioning into a pressure 
reversal zone.

Figs. 20 and 21 illustrate that the LightGBM model predicts the 
pore pressure in Well S-2 to follow the distribution pattern of 
“normal pressure zone–overpressure zone–pressure reversal 
zone”. Additionally, the pore pressure increases in a “stair-step” 
manner with depth. The predicted pore pressure values from the 
LightGBM model align closely with the measured values, achieving 
an average prediction accuracy of over 97%, indicating a high level 

of predictive reliability. This analysis further confirms  that the 
pore pressure predictions made by the LightGBM model are 
consistent with the distribution patterns observed in the target 
area. Therefore, the use of the LightGBM model for intelligent 
predictions of pore pressure is recommended.

4.5. Model validation across tectonic units: an applied analysis of 
the western sub-sag and the central inversion belt

As shown in Fig. 2(d), the Xihu Sag is divided into several tec
tonic units from west to east, including the western slope belt, the 
western sub-sag, and the central inversion belt. These units show 
distinct differences in tectonic evolution, fault development in
tensity and the characteristics of pressure systems. To further 
verify the generalizability and robustness of the LightGBM model 

Fig. 22. Prediction error of measured pore pressure in Well S-2.

Fig. 23. The relative positional relationships of the eight research wells within the 
Xihu Sag, including wells S-1 to S-6 in the western slope belt, Well Y-1 in the western 
sub-sag, and Well Z-1 in the central inversion belt.

Fig. 24. Vertical distribution map of measured pore pressure data from the different 
formations of the six wells in the western slope belt of the Xihu Sag.
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developed in this study across different blocks, Well Y-1 (in the 
western sub sag) and Well Z-1 (in the central inversion belt) were 
selected as cross-tectonic unit validation wells. This selection ad
dresses the limitation of previous research, where all study wells 
were concentrated in a single block. The predicted pore pressure 
results for the two wells are presented in Fig. 25, and a quantitative 
error analysis was performed by combining these predictions with 
measured pressure data (see Fig. 26).

As shown in Fig. 25(a), the predicted pore pressure curve of 
Well Y-1 is highly consistent with the measured values overall. In 
the normal pressure zone (Yuquan, Longjing, and the upper 
member of the Huagang formations, at a depth of 1800–5100 m), 
the predicted pore pressure equivalent density stabilizes at 
approximately 0.95–1.10 g/cm3. Pore pressure begins to rise at the 
boundary zone between the Huagang and Pinghu formations at a 
well depth of about 5100 m, and peaks at a maximum value of 
1.17 g/cm3 at 5285 m (within the Pinghu Formation). The predicted 
pore pressure profile accurately captures the vertical distribution 
pattern of the well, which transitions from the normal pressure 
zone (Yuquan, Longjing, and upper member of Huagang forma
tions) to the overpressure transition zone (lower member of the 
Huagang Formation) and then to the overpressure zone (lower 
member of the Huagang Formation and Pinghu Formation), with 
pore pressure showing a stepwise increasing trend. Quantitative 
analysis of 8 measured pore pressure points, all located in the 

upper member of the Huagang Formation (see Fig. 26(a)), reveals a 
mean predicted relative error of 2.44%, a maximum predicted 
relative error of 7.58%, and a minimum predicted relative error of 
0.30%.

The predicted pore pressure profile of Well Z-1 is similar to that 
of Well Y-1 with minor local discrepancies. First, Well Z-1 was 
drilled to completion within the lower member of the Huagang 
Formation and did not penetrate the Pinghu Formation, with a 
total depth much shallower than that of Well Y-1. In addition, due 
to the influence of local tectonic activities, the burial depths of the 
top and bottom surfaces of different strata in Well Z-1 differ 
significantly  from those in Well Y-1, whereas its stratigraphic 
burial characteristics are highly consistent with those in Well S-1. 
Overall, owing to the relatively shallow total depth of Well Z-1, the 
predicted pore pressure values across the entire well section fall 
within the normal pressure range, with the equivalent density 
ranging from 0.99 g/cm3 to 1.03 g/cm3, and no overpressure or 
pressure inversion is observed. As shown in Fig. 26(b), the pre
dicted relative errors for the two measured pore pressure points 
are − 0.55% and − 0.65%, respectively, indicating a high level of 
prediction accuracy.

In summary, the LightGBM model exhibits strong predictive 
performance even in relatively unstudied tectonic blocks. Pre
dictions for both validation wells exhibited no notable fluctuations 
or systematic bias, producing an overall accuracy above 92%, which 

Fig. 25. Predicted pore pressure of wells Y-1 and Z-1.

H.-Y. Li, Q.-Y. Liu, J.-A. Chen et al. Petroleum Science 23 (2026) 5359–5383

5379



is comparable to the Western Slope Belt validation (mean accuracy 
>97%). This demonstrates the model’s stable performance, with no 
notable decline in accuracy amid variations in geological condi
tions, and confirms  its high robustness. Whether in the Western 
Sub Sag or the Central Inversion Structural Belt, the LightGBM 
model proposed in this study can accurately reproduce the pore 
pressure distribution pattern without the need for retraining or 
parameter adjustment. This capability stems from three key fac
tors: (1) the diversity of input variables (drilling parameters 
reflecting  real-time dynamic responses and rock mechanics pa
rameters capturing static properties), (2) the optimization mech
anisms of LightGBM (GOSS and EFB ensuring the balanced 
utilization of input features), and (3) the partitioning strategy 
adopted for the training sample dataset. These findings verify that 
the technical framework established in this study has promising 
potential for cross-scenario application and can serve as a refer
ence for pore pressure prediction in other analogous complex 
petroliferous basins.

4.6. Limitations and future work

This research uses the Xihu Sag as a case study to introduce an 
innovative approach for predicting pressure in abnormally high- 
pressure formations. While this method significantly  enhances 
the accuracy, usability, and efficiency  of such predictions, the 
study has certain limitations that merit attention in future studies.

(1) Data requirements and representativeness: One of this 
study’s principal innovations is an ML model that integrates 
drilling and rock-mechanics parameters. However, the 
effective implementation of this approach is highly depen
dent on multi-source, continuous, and high-quality data
sets, which becomes the primary constraint on its 
widespread application. In field operations, sudden events 
such as wellbore collapse, mud loss, or equipment failure 
often produce large numbers of anomalous or missing 
drilling records. Furthermore, the model’s training and 
testing drew solely from well data in the Xihu Sag. Although 

this data effectively represents local conditions, other areas, 
such as the Bohai Bay Basin, may differ in rock composition, 
pressure patterns, and structural features. Future research 
should broaden testing to include diverse settings and refine 
model settings based on unique local traits to improve its 
broader application.

(2) Model interpretability: The LightGBM model developed 
here attains high accuracy and efficiency, and global inter
pretability was provided via feature importance analysis, 
which identified the key input variables (for example, well 
depth and density). However, this global analysis charac
terizes aggregate model behaviour and offers limited insight 
into predictions for individual cases. In the future, inte
grating local interpretability methods (e.g., SHAP) could 
provide more granular explanations, facilitating a more 
comprehensive understanding of the model’s decision- 
making process and thereby enhancing its credibility and 
practicality in engineering decision-making.

(3) Real-time deployment and operational applicability: The 
proposed model achieves high predictive accuracy with 
short training times, demonstrating real-time prediction 
capability in laboratory tests. Translating this capability into 
field  deployment and online decision support, however, 
presents several practical challenges. The primary limitation 
of the model lies in its data acquisition approach: its three 
input rock mechanics parameters are derived from log- 
based calculations calibrated with field  measurements. In 
standard drilling operations, these parameters are typically 
obtained via wireline logging only after well completion. 
Real-time parameter input while drilling is therefore 
impractical unless costly LWD acoustic tools are deployed 
continuously. Accordingly, under conventional operational 
conditions, the model cannot function as a true real-time 
risk early-warning system while drilling. Instead, it is bet
ter suited for pre-drilling pressure system evaluation of 
adjacent wells, near-real-time decision support when LWD 
tools are available, and post-drilling pore pressure back- 
analysis. In addition, laboratory training and validation use 
preprocessed, clean data; field measurements, by contrast, 

Fig. 26. Prediction errors of the measured pore pressure data for the wells Y-1 and Z-1.
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are subject to tool vibration and electromagnetic interfer
ence that distort signals. Without an online preprocessing 
pipeline (for example, real-time outlier detection and signal 
smoothing), feeding raw field data into the model can cause 
a sharp drop in prediction accuracy.

It is important to note that these limitations stem mainly from 
data specifics,  geological variations, and practical usage re
quirements, yet they do not diminish the core value or real-world 
relevance of this study. We intend to address these challenges in 
upcoming work, by advancing prediction techniques to offer 
stronger support for efficient offshore resource development.

5. Conclusions

The Xihu Sag of the East China Sea Shelf Basin is a petroliferous 
area of global interest, but its multi-stage tectonic inversion and 
rifting result in complex geology (e.g., deep faults, discontinuous 
pressure systems) and abnormally high pressures in target for
mations with strong pore pressure heterogeneities. This poses 
significant  challenges to safe development. With a focus on two 
vertical wells in the sag’s western slope belt, an intelligent pore 
pressure prediction method has been developed using nine dril
ling and three rock mechanics parameters, combined with five ML 
algorithms. Key conclusions are as follows:

(1) Unlike conventional logging-based approaches, drilling pa
rameters (field-derived) and rock mechanics parameters 
(laboratory-measured, log-calibrated) have been innova
tively adopted as model inputs. Redundancies were elimi
nated via Spearman correlation analysis, with 12 
parameters finalized to construct a high-quality dataset for 
pore pressure prediction.

(2) The BP, SVR, KNN, CatBoost, and LightGBM models—with 
optimized hyperparameters and data partitioning—have 
been established and evaluated via six metrics (MSE, MAE, 
MAPE, RMSE, R2, and training time). CatBoost exhibited the 
longest training time (17.214 s) and SVR the shortest 
(0.267 s), though SVR performed poorly in the other five 
metrics. The LightGBM model achieved the best overall 
performance, featuring a short training time (0.45 s), mini
mal errors (MSE = 0.001, RMSE = 0.004, MAE = 0.003, 
MAPE = 0.239), and near-perfect fitting  (R2 = 0.999), 
significantly outperforming the other four models.

(3) Feature importance analysis for CatBoost and LightGBM 
identified Depth as the most critical input. While CatBoost 
showed extreme variability in feature weights, LightGBM 
exhibited a balanced importance distribution—enabling it 
to capture complex parameter-pressure relationships, a key 
driver of its superiority.

(4) On regression test data, LightGBM had the narrowest error 
range (− 1.830% to +1.613%), compared to ~20% absolute 
errors for the other four models. It accurately predicted both 
normal and overpressure points, achieving >98% test-set 
accuracy.

(5) Practical validation on adjacent Well S-2 (relative to Well S- 
1) and four regional wells confirmed the robustness of the 
LightGBM model: its predictions aligned with the western 
slope’s pore pressure distribution, and it achieved an 
average accuracy exceeding 97% against the three measured 
values of Well S-2. In contrast, KNN predictions deviated 
significantly  from regional patterns; BP and SVR models, 
while relatively accurate in deep high-pressure zones, 
exhibited two critical issues: maximum prediction errors 
exceeding 20% against Well S-2’s measured values, and 

substantial fluctuations  in upper-middle layer predictions 
that contradicted the expected normal pressure conditions. 
For the CatBoost model, though its upper-middle layer 
predictions indicated normal pressure and deep formations 
showed a slight upward pressure trend, the pressure in
crease was insufficient and failed to meet expectations, with 
prediction errors of approximately 25% against measured 
values, indicating low accuracy. The LightGBM model is 
recommended for pore pressure prediction in the Xihu Sag’s 
western slope belt.

The integrated data-driven framework and the insights gained, 
particularly regarding data preparation for heterogeneous pres
sure systems, provide a transferable paradigm that can enhance 
drilling safety and efficiency  in other complex basins worldwide 
facing similar challenges of abnormal pore pressure prediction.
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