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A B S T R A C T

Hydraulic fracturing stimulation technology is essential in the oil and gas industry. However, current techniques
for predicting rock fracture pressure in hydraulic fracturing face significant challenges in precision and reliability.
Traditional approaches often result in inadequate accuracy due to the complex and diverse nature of underground
formations. However, recent advances in computational power and optimization techniques have enabled the
application of machine learning in mining operations, resulting in improved prediction and feedback. In this
study, various machine learning techniques are employed to predict hydraulic fracturing pressure based on the
concept of mechanical specific energy. Additionally, the study interprets the models through feature importance
analysis. The findings suggest that most machine learning models deliver highly accurate predictions. Feature
importance analysis indicates that for an approximate assessment of fracture pressure, the characteristics of well
depth and torque are sufficient. For more precise predictions, incorporating additional characteristics from the
mechanical specific energy framework into the machine learning model is essential. The study emphasizes the
feasibility of employing machine learning methods to predict fracture pressure and their usefulness in deter-
mining optimal engineering sites.
1. Introduction

The effectiveness of hydraulic fracturing stimulation is crucial in oil
and gas extraction. However, the variability of underground conditions
often leads to inconsistent outcomes in sweet spot cluster modifications
during real-world operations. The competition between fractures in clus-
ters results in both ‘over-reformed’ and ‘under-reformed’ perforation
clusters, which hinder oil and gas production and significantly increase
extraction costs. The complex and varied flow of oil and gas, coupled with
dynamic changes in physical properties during hydraulic fracturing,
complicates the understanding of the underlying physical and chemical
mechanisms. Consequently, precise mathematical models and numerical
simulation tools for fracturing design are lacking. Additionally, the sig-
nificant variability in the distribution of subsurface oil and gas resources
necessitates accurate prediction and assessment of compressibility at
specific locations.

The advent of computer science and enhanced data accessibility has
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catalyzed the application of machine learning for data mining and
nonlinear physical pattern recognition. The continuous evolution of
machine learning algorithms has led to the development of various
regression algorithms tailored to diverse scenarios and sample sizes.
Artificial neural networks have emerged as a pivotal branch of machine
learning for pattern recognition and data regression. Compared to
traditional experimental and theoretical methods, ML techniques can
predict fracture pressure in hydraulically fractured reservoirs at lower
costs and in shorter timeframes through their prediction mechanisms.
Models such as XGB, RF, GPR, and AdaBoost are being more widely
adopted due to their robustness, prediction accuracy, and capability to
handle non-linearity and flexibility in evaluating properties and datasets.
The performance and accuracy of machine learning methods can be
enhanced through the utilization of datasets derived from actual engi-
neering projects. This becomes particularly crucial when considering that
data obtained from laboratory settings may not precisely reflect field
conditions (Salami et al., 2022; Ababneh et al., 2020; Inqiad et al., 2023).
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Furthermore, this study employs a feature selection strategy for ma-
chine learning models (Cheng et al., 2024; Chu and Wang, 2024; Huang
et al., 2006; Ibrahim et al., 2024; Ions et al., 2024) that is fundamentally
based on parameters derived from Mechanical Specific Energy (MSE)
theory. MSE theory is commonly employed to describe drill bit perfor-
mance. By collecting and processing bit data during hydraulic fracturing,
real-time drilling performance evaluation is facilitated. Utilizing drill bit
data to reflect fracturing effects mitigates challenges arising from uneven
bottom layer distribution and energy source variability in fracturing effect
analysis. Currently, MSE theory is widely applied in monitoring, predic-
tion, optimization design, drilling method evaluation, and bottom rock
mechanical properties assessment during drilling (Teale, 1965; Rafatian
et al., 2010; Minghui et al., 2016; Chen et al., 2018; Wi�sniowski et al.,
2015; Rashidi et al., 2010). Additionally, machine learning models are
essentially black boxes, making it difficult for observers to understand the
underlying mechanisms and processes behind their predictions. To
enhance transparency and increase the credibility of prediction results,
interpretable frameworks have been introduced. In recent years, machine
learning has been applied in hydraulic fracturing projects. (Fasola, 2023;
Yu et al., 2024; Chen et al., 2024; Bolton et al., 2024; Zheng et al., 2024;
Lin et al., 2024).

This paper investigates and compares the effectiveness of twenty
machine learning models driven by drilling parameters base on MSE
theory to predict fracture pressure. Additionally, sensitivity and corre-
lation analysis methods are employed to provide local explanations for
the best-performing models, making the machine learning models more
transparent and the results more convincing. The models analyzed
include Gaussian Process Regression, Decision Trees, and Support Vector
Machines, among others. These models aim to quantify the response of
different drill bits to fracture pressure. The predictive results and their
explanations will guide the selection of sweet spots in fracture
construction.

2. Feature selection and model building

2.1. Feature selection based on mechanical specific energy theory

MSE theory is typically defined as the mechanical work done to
excavate a unit volume of formation. It is widely used to quantify drilling
efficiency and maximize the rate of penetration. Drilling parameters can
characterize the mechanical properties relevant to hydraulic fracturing.
The most commonly usedMSEmodel, proposed by Teale (1965), is based
on extensive experiments with various drill bits and rock types:

MSE ¼ WOB
Ab

þ 120π �RPM �TOR
Ab �ROP (1)

where MSE is the mechanical specific energy (J/m3), WOB is the weight
Fig. 1. Schematic diagram of 10-fold-cross-valid
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on bit (N), Ab is the drill bit area (m2), RPM is the turntable speed
(rad⋅s�1), TOR is the bit torque (N⋅m) and ROP is the mechanical drilling
speed (m/s).

The concept of MSE provides a framework for feature selection. Due
to the variability in reservoir geology and the difficulty in obtaining
continuous formation parameters, drilling parameters are chosen to
characterize formation parameters and establish the relationship be-
tween drilling parameters and fracture pressure. Based on the principle of
MSE and the actual working conditions of the project, well depth, drill bit
diameter, torque, ROP, weight on bit, and rotation speed are selected as
input features for predicting fracture pressure. The MSE value itself is not
used as a feature variable because MSE theory is derived from empirical
formulas with artificially assigned coefficients, which vary across
different MSE theories and can lead to deviations from actual conditions.
To avoid errors caused by human factors, drill bit response is directly
used as the characteristic value, and the calculated MSE is not used as a
feature.

Due to the large variation in each parameter and the significant dif-
ference in magnitude between features, regression processes that calcu-
late Euclidean distances can produce significant errors in predicted
results. Therefore, it is essential to use feature scaling methods, such as
the minimum-maximum normalization as:

x*i ¼ðb� aÞ xi � xmin

xmax � xmin
þ a (2)

to standardize the range of independent features. Where xi is the
initial feature variable, x*

i is the standardized feature variable, xmin and
xmax are the minimum and maximum values of the initial feature values,
respectively. The parameters a and b represent the lower and upper limits
of the normalized feature values.

2.2. Evaluation metrics and cross-validation

In this paper, the accuracy of the regression prediction model is
evaluated using the coefficient of determination (R2) and the root mean
square error (RMSE). A coefficient of determination closer to 1 and a
smaller RMSE value indicate a more accurate prediction.

R2 ¼ 1�
P
i
ðyi 0 � yiÞ2P

i
ðy� yiÞ2

(4)

RMSE¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
m

Xm
i¼1

ðyi 0 � yiÞ2
s

(5)

where, yi is the true value output in the sample data, y
0
i is the predicted

value of the model, and y is the mean value of the true values.
ation principle (remake from scikit-learn).



Table 1
Comparison of comprehensive indicators of twenty regressors for fracture pres-
sure prediction.

Model T(s) R2 RMSE

Extra Trees 0.011 0.946 0.102
Voting 0.002 0.944 0.103
HGB 0.002 0.944 0.103
Random Forest 0.052 0.941 0.106
KRR 0.001 0.941 0.106
GPR 0.001 0.941 0.106
poly svm �0.001 0.940 0.107
GB 0.001 0.937 0.110
rbf svm 0.001 0.935 0.112
ELM 0.001 0.935 0.112
Ada Boost 0.013 0.932 0.114
Stacking 0.002 0.930 0.115
Gen-ELM 0.001 0.927 0.118
Kernel SGD 0.001 0.925 0.120
Bagging 0.004 0.916 0.127
SGD �0.001 0.914 0.128
KNN distance 0.001 0.911 0.130
NN 0.002 0.911 0.130
KR 0.002 0.908 0.133
Decision tree �0.001 0.876 0.154

Fig. 2. Residuals for KRR

Fig. 3. Residuals for GPR

Fig. 4. Heat map of correlation between coefficients.
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Cross-validation, also known as rotation estimation, is commonly
used to evaluate machine learning models and prevent overfitting,
particularly with limited datasets. The most widely used type is K-fold
cross-validation, as illustrated in Fig. 1. In this paper, 10-fold cross-
validation is employed to calculate accuracy.

3. Machine learning performance analysis

The performance of the machine learningmodels listed in Section 2.2,
supported by the Scikit-learn library, was evaluated using 10-fold cross-
validation. This fracture pressure prediction utilized 537 sets of data
from the same oil well, including well depth, drill bit pressure, drill bit
torque, drill bit size, drilling speed, rotational speed, and fracture pres-
sure. By fixing the random seed and dividing the dataset, 80% of the data
was randomly assigned as the training set and 20% as the test set.

To conduct a comparative analysis and select the most suitable ma-
chine learning regression algorithm for this problem, the calculation
metrics of different models have been listed in the following Table 1, T(s)
represents the algorithm's running time, R2 represents the coefficient of
determination, and RMSE represents the root mean square error.

It can be observed from the table above that the R2 of all models
exceeds 0.85 and RMSE is below 0.15 demonstrating the high feasibility
of using machine learning methods to predict fracture pressure.
3

Additionally, the drill bit response data directly reflects hydraulic frac-
turing conditions. These machine features are easy to read and have high
data quality, contributing to the successful implementation of this
regression prediction method. This indicates that using machine learning
to predict fracture pressure is both feasible and efficient.

In the column for running time, the 20 regression algorithms with the
shortest running times are marked. The six algorithms with the highest
accuracy are highlighted, and the six algorithms with the smallest error
are marked based on RMSE. A comprehensive analysis of these results
indicates that, apart from decision trees, most machine learning models
demonstrate good regression performance. Kernel Ridge Regression
(Nguyen et al., 2020) and Gaussian Process Regression (Swiler et al.,
2020) exhibit the lowest model complexity and computational cost while
maintaining high accuracy. Additionally, an analysis of the residual plots
shown in Figs. 2 and 3 reveals that the prediction results of the KRR and
GPR methods are accurate and stable, with few instances of large errors.
Therefore, these two methods are considered the most suitable machine
learning regression algorithms for predicting fracture pressure using drill
bit response data.



Fig. 5. The sensitivity analysis of the KRR and GPR.
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4. Interpretable machine learning

The machine learning algorithms discussed have demonstrated high
accuracy in predicting fracture pressure. However, assessing whether
these complex predictive processes align with actual conditions can be
challenging. To interpret the machine learning models and analyze
whether their predictive processes adhere to inherent physical laws and
empirical observations, the impact and significance of various features
were investigated on the predictive outcomes. Therefore, based on the
framework of mechanical specific energy and in conjunctionwith the two
optimal models selected in the previous section, this paper conducts
sensitivity analysis and correlation analysis to explore the importance of
features, thereby explaining the machine learning models.

A correlation analysis was conducted on the dataset by calculating the
Pearson correlation coefficient, as shown in Eq. (6). Although the Pearson
correlation coefficient cannot fully capture nonlinear relationships be-
tween variables, it numerically characterizes the correlation between two
datasets and provides a statistical indicator of their closeness. Figure 4
displays the Pearson correlation coefficients between features. The
selected drill bit characteristics are used to predict fracture pressure, and
the resulting variable heat map is shown below.

r¼
Pn
i¼1

ðxi � xÞðyi � yÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1

ðxi � xÞ2
r ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1
ðyi � yÞ2

r (6)

In the above, xi and yi contain n sets of corresponding variables, x and
y are the average values of the two sets of variables. r represents the
correlation coefficient of the two sets of variables.

Sensitivity analysis is a method used to evaluate how changes in
various factors affect the outcomes of a research project (Saltelli, 2004).
In this paper, sensitivity analysis is employed to verify and quantify the
influence of changes in input features on fracture pressure. The results of
the sensitivity analysis for the KRR and GPR models are presented below
in Fig. 5. The Hilbert-Schmidt Independence Criterion (HSIC)-based
global sensitivity analysis was employed, where ST represents the total
sensitivity index of variables, the sampling range spans from the mini-
mum to maximum values in the dataset, with a sampling size of 512*(6 *
2þ 2). The independent variables include well depth, borehole diameter,
torque, feed rate, rotation speed, and drilling pressure, while the
dependent variable is fracture pressure. Furthermore, the sensitivity
analysis results are similar for both models. As shown in the figure, WD
exhibits the highest sensitivity, followed by TOR, while the sensitivity of
other features is negligibly small.

However, using only these two variables for prediction yields an R-
squared (R2) value of around 85%, which does not exceed the R2 value of
approximately 95% shown in Table 1. Additionally, the correlation anal-
ysis in Fig. 4 reveals that while well depth and torque are most correlated
4

with fracture pressure, other variables also exhibit a linear relationship
with fracture pressure. Therefore, it is crucial to consider the combined
contribution of all relevant features, despite their smaller individual im-
pacts, to achieve an R-squared (R2) value close to 1. According to the
physical significance of the MSE theoretical formula, it can roughly
describe the physical properties of rocks, while burial depth mainly affects
the stress state of rocks. For deep-buried rocks' fracture pressure predic-
tion, the stress state plays a dominant role, whereas the physical properties
of rocks have relatively less influence. However, to achieve more accurate
predictions, the physical properties of rocks cannot be neglected. This
underscores the importance and validity of selecting characteristic vari-
ables based on the principle of mechanical specific energy and employing
machine learning for fracture pressure prediction.

5. Conclusion

In this study, bit characteristics (selected based on MSE theory) and
well depth were employed as indicators to reflect both rock physical
properties and rock stress state to predict the fracture pressure. And the
performance of twenty machine learning models was calculated and
compared for fracture pressure prediction. The fracturing pressure pre-
diction method provides guidance and support for fracturing sweet spot
selection and fracturing feedback design.

Based on the framework of mechanical specific energy theory and
actual working conditions, drill bit parameters related to fracture pres-
sure, such as well depth, drill bit diameter, torque, ROP, WOB, and
rotational speed, were selected as input features. Additionally, twenty
machine learning algorithms, including Kernel Ridge Regression,
Gaussian Processes, Decision Trees, Random Forest, and others, were
employed to construct a robust fracture pressure prediction model. With
the exception of the Decision Tree, the predictive performance of the
other machine learning models was strong, demonstrating the high
feasibility of using machine learning methods to predict fracture pres-
sure. Among these methods, different algorithms exhibited distinct
characteristics: Kernel Ridge Regression showed excellent performance
in handling nonlinear relationships but was sensitive to outliers;
ensemble learning demonstrated good generalization ability and noise
resistance but had relatively weak model interpretability; decision trees,
while offering good interpretability, showed relatively poor predictive
performance. Based on the final results of this study, Gaussian Process
Regression proved to be the optimal choice, featuring low computational
cost, high computational accuracy, and the ability to demonstrate un-
certainty. Through sensitivity and correlation analyses, the importance of
features was determined, revealing that well depth and torque contribute
most significantly to fracture pressure prediction, while the combination
of other features provides a smaller contribution. For a rough estimate of
fracture pressure, a model can be established using only well depth and
torque. However, for more accurate predictions, it is necessary to
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combine other features within the mechanical specific energy frame-
work. This approach validates the correctness and necessity of selecting
feature variables based on mechanical specific energy principles and
using machine learning to predict fracture pressure. This method can
guide the selection of fracturing sweet spots, real-time fracturing process
monitoring, and fracturing feedback design.
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