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Abstract  

 In oil extraction projects, knowledge of reservoir geomechanics is essential for estimating the 

stability of wellbore walls drilled at great depths. In this regard, mechanics of porous media according to 

the definition of Biot’s coefficient instead of Terzaghi effective stress can provide a more accurate 

estimate compared to other analyses. Additionally, using artificial intelligence and machine learning 

algorithms such as XGBoost and optimizing it with algorithms like Bayesian, along with using SHAP 

algorithm as an interpretable AI model, can provide us with deeper insights into available data. In this 

research, 1st geomechanical data of a well in Asmari formation in southwest Iran was obtained through 

well logs and operational reports and then analyzed by machine learning. Also, a 1-way coupled reservoir 

rock-fluid model was built to investigate the volume of fractured rock around the well. The interpretation 

of machine learning results helps us better understand the parameters affecting instability in this well’s 

wall. Moreover, finite element model results indicate that assuming a value equal to 1 for Biot coefficient 

(or Terzaghi effective stress) leads to incorrect results and overestimates the volume of fractured rock 

around this well up to 13 times more than actual values. Therefore, any proper analysis regarding 

wellbore wall stability and evaluating effective stresses requires accurate knowledge about real and 

existing values of this coefficient due to simultaneous behavior of stress and pore pressure. 

Keywords: Oil well stability, Machine learning, XGBoost algorithm, Bayesian optimization, SHAP 

algorithm, Porous elasticity, Stress-pore pressure coupling, Mohr-Coulomb shear failure, Biot coefficient 

 

Introduction 

 In many geological processes and drilling problems in oil wells, the in-situ stresses and pore 

pressure, beside the other parameters play an important role, including determining the migration paths of 

hydrocarbons and the stability of wellbore walls. In fields facing hydrocarbon migration, these stresses 

and their coupling with pore pressure and changes in effective stress on the drilled wellbore walls can be 

so significant that they cause wellbore collapse. As a result, controlling the amount and direction of in-

situ stresses and pore pressure beside the other parameters, is one of the main factors in well drilling, 

extraction and completion, especially in reservoir production simulation operations [1,2]. Therefore, 

having complete information about them during oil well drilling (especially in areas with active tectonics 

where natural fractures exist) is essential. Experts in well logging and drilling have proposed relationships 

to determine minimum and maximum horizontal stresses in various parts of the world [3,4]. In most of 

these relationships, minimum and maximum horizontal stresses are calculated by well logging (e.g., 

examining compressional and shear wave velocity) while minimum horizontal stress can be obtained 

directly from formation leak-off test data (LOT), hydraulic fracturing (HF), micro fracturing and mud 

weight lost circulation for specific points in the wellbore [4,5]. However, no specific relationship has 

been proposed for determining maximum horizontal stress, which is usually calculated using Anderson’s 

fracture theory or poroelasticity relationships [5,6]. In the past years a lot of great researches have been 

done to evaluate the stability of an oil well, and it should be mentioned that most of them are based on 

well-logging geological models. In these researches correlation between instability of the well and 

mechanical parameters of the reservoir rock and its fluid content have been investigated based on 

analytical approaches [7,8].       
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Machine learning is a novel computational approach that is widely used in various fields of 

engineering. Appling this method to the available geomechanical data of an oil well can be a precise and 

useful manner for evaluating the effective parameters on the stability of an oil well wall in the petroleum 

industry [9,10]. But among of the regression methods, the XGBoost algorithm has strong advantages in 

finding the correlation between parameters and it can be optimized with many algorithms such Bayesian. 

Also, this method has the ability to be interpreted by an interpretable artificial intelligence like SHAP 

algorithm. 

Since changes in stress and pore pressure in a porous medium such as oil reservoirs have 

simultaneous effects on each other, using poroelasticity relationships can provide a more accurate 

solution for geomechanical analysis of reservoirs. This is because in each section of the formation, 

porosity values, saturation degree and naturally Biot coefficients may vary; therefore, effective stress and 

pore pressure may also have different values that can lead to variable conditions regarding wall stability 

and potential collapse compared to rock mass strength. As will be seen in the following discussion on the 

sensitivity of wellbore stability to the value of the Biot coefficient, determining this behavior is crucial for 

analyzing a highly permeable environment and addressing engineering issues and necessary cost savings 

in geomechanical projects, such as oil well stability. Geomechanics of hydrocarbon reservoirs is actually 

an investigation of rock behavior based on elasticity theory under conditions where the environment must 

be considered porous and the temperature variable to some extent. This concept is called 

thermoporoelasticity in geomechanics [11].  

Various factors such as in-situ stresses, formation rock strength, formation fluid pressure, drilling 

mud pressure and wellbore trajectory are involved in wellbore stability. Among these factors, wellbore 

trajectory and drilling mud pressure range are under our control and can be changed to prevent problems 

[12,13]. Mechanical processes in porous media (such as rocks) consist of 2 basic parts: Fluid flow and 

rock displacement. In reservoir simulations, changes in fluid pressure resulting from injection or 

production disrupt the state of stress in rocks [14]. Changes in stress state drive rock displacement and 

conversely affect fluid flow processes. To describe the mutual effect between flow and deformation, the 

concept of effective stress (total stress on rock minus fluid pressure) was introduced by Terzaghi in 1923. 

This concept was later corrected by Biot in several papers [15]. Mathematical models for fluid flow in 

elastic porous media have been developed based on specific assumptions. The 2 fundamental principles 

used in these cases are the conservation of mass and momentum balance, for both fluid and rock phases. 

The theory of poroelasticity forms the basis for simulating and estimating stress and strain distributions in 

the oil and gas fields [15]. It is worth mentioning that a poroelasticity-based model can be solved in 2 

ways: One is the non-coupled or uncoupled method, and the other is the coupled modeling approach. In 

the coupled method, poroelastic and fluid dynamic equations are simultaneously used to determine 

unknown values of pore pressure and medium displacements, and the analysis is based on time. Whereas 

in the non-coupled method, after obtaining the fluid pressure distribution inside or around the reservoir by 

a flow simulator, stress and strain distributions are separately solved using a poroelastic model. In the 

non-coupled method, pore pressure gradients are used to determine strains, and analysis will not be based 

on time [16,17]. 

This article discusses the evaluation of effective parameters on the stability of a wellbore wall using 

real data and machine learning in the 1st s. In the 2nd s, the concepts of pore pressure-stress interaction and 

effective stress in the shear failure of fluid-containing rock are investigated using the relationships of 

poroelasticity at various values of the Biot coefficient. Initial values of in-situ stresses, pore pressure, 

elastic parameters of rock and fluid surrounding a horizontal well in Asmari formation located in 

southwest Iran (Mansouri oil field) were obtained from technical reports and well logs using Interactive 

Petrophysics software (IP). Subsequently, these data were analyzed using machine learning and XGBoost 

regression algorithm whose hyper parameters were optimized by an optimization algorithm such as 

Bayesian. Then, the output of the optimized XGBoost model was examined by SHAP algorithm as an 

interpretable artificial intelligence model to identify the most influential parameters affecting wellbore 

stability using real data. Additionally, a 3D model in Comsol Multiphysics finite element software was 

built for a 1-way coupled reservoir rock-fluid system under stationary conditions to investigate the 

volume of fractured rock around the well using Mohr-Coulomb failure criterion at different values for the 

Biot coefficient. Finally, by comparing caliper and bit size logs with values calculated by Comsol 

Multiphysics software, research was conducted on the relationship between wellbore stability and volume 

of fractured rock at a specific length of the well at various amounts of the Biot coefficient. 
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Materials and methods 

Data collection and analysis using machine learning  

The IP software interprets well log data using available equations and functions, as well as 

information from various logs such as resistivity, radioactivity, sonic, caliper and correction curves, and 

combines them to provide a comprehensive interpretation of the logs. The software can use estimated 

models to calculate properties such as porosity, water saturation, shale volume, and other properties 

defined by the user for the different zones. It also has various modules for evaluating geomechanical 

parameters of the reservoir rock and the fluid within it, including Geomechanics, Rock Mechanics, Rock 

Physics and Pore Pressure Calculation. By using these modules and making necessary corrections along 

with other field information, all necessary geomechanical parameters and boundary conditions can be 

extracted for conducting a poroelastic analysis or for use in machine learning. In this paper, the necessary 

data for machine learning and evaluating parameters affecting wellbore instability, as well as constructing 

a poroelastic model for an oil well in its horizontal section under 2 different stress regimes (normal and 

reverse); have been obtained as shown in Figure 1 and Table 1. It should be noted that these parameter 

values were collected using well logging data analyzed by IP software, as well as geological reports, 

drilling operations and the designed mud window for this well. 

The well was originally drilled vertically at (E: 1956108.00, N: 902229.00 in Lambert projection 

system, Nahrwan UAE, Zone: Iraq) located in the central part of Mansouri structure. The well was 

spudded on 24 March 1970, drilling operation ended on 16 June 1970 and the well was drilled to the total 

depth of 3,003 m (RKB = 17 m) in to upper Sarvak and have been producing from Ghar: 2,334 - 2,341.5 

m, Asmari (Dolomite): 2,435 - 2,443 m and Sarvak: 2,939 - 2,982.5 m. This well originally was planned 

to be a re-entry well from main well with multi-lateral horizontal legs (3 legged), but actually it was 

drilled in 2 legs (i.e. main leg and leg#1) in Sarvak and directed to the south of the original well. The 

horizontal section spudded on 1,382, 11, 16 (31 January 2004) in order to turn the vertical main well to a 

horizontal multi-lateral oil producer in the central part of the Mansouri structure. Stratigraphic section 

from Jahrum to Sarvak formation (Eocene to middle Cretaceous) were drilled in this well, which mainly 

consists of limestone deposited in a shallow marine environment which base on the fluctuation of the sea 

level some intervals are interbedded with shale, argillaceous limestone with chert nodules. A brief 

lithological description is the same as follows: A - Jahrum Formation (Eocene) from: 2,651.5 - 2,748.4 m 

with Interbedded chalky limestone, with dolomite, brown, fine grain, vuggy, in the lower section it 

consists of limestone light brown, with fossil and nodules and lenses of chert, B-Pabdeh Formation 

(Paleocene) from: 2,748.4 - 2,947 m with Limestone, grey, brown, very argillaceous with nodules and 

lenses of chert, C-Gurpi Formation (Upper Cretaceous) from: 2,947 - 3,011 m with Limestone gray to 

light gray, soft, in parts argillaceous with inter-beds of shale and marl and D-Sarvak (Middle Cretaceous) 

from: 3,011 - 3,560 m (Main Leg), 3,223 - 3,526 m (Leg-1) with Limestone light brown, fossil-ferrous 

with Rudists and benthonic foraminifera, dolomite light brown, crystalline, vuggy.  

In Figure 1, the 1st column shows a section of the well length in the horizontal part of it, while the 

2nd column contains 3 logs of gamma ray, compressional wave velocity and shear wave velocity. The 3rd 

column displays relevant logs for in-situ stress fields such as vertical, minimum and maximum horizontal 

stresses. The 4th column includes logs related to mechanical properties of rocks such as static Young’s 

modulus, Poisson’s ratio, uniaxial compressive strength, internal friction coefficient and bulk density of 

rock. The 5th column discusses parameters related to rock-fluid interaction including permeability, Biot 

coefficient, pore pressure, porosity and degree of saturation. The 6th column presents the difference 

between the sizes of drill bit and caliper log to indicate unstable areas in the wellbore wall. The 7th 

column describes the volume content of reservoir fluid in rocks while the last column indicates the 

lithology of the studied well section. 
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Figure 1 Geomechanical parameters of rock and reservoir fluid in the horizontal section of well. The 

depth column indicates the length of the well and it is not true vertical depth or TVD. 

 

Table 1 Description of the geomechanical parameters of rock and reservoir fluid in the horizontal section 

of the well in 2 different stress regimes. 

Standard deviation Average Max Min 
Unit Symbol 

Reverse Normal Reverse Normal Reverse Normal Reverse Normal 

2.140 3.53 72.95 63.11 76.67 69.25 69.26 57.02 MPa 
Sigma V (Vertical 

Stress) 

9.18 4.42 85.26 57.08 100.9 69.24 69.26 50.6 MPa 
Sigma H (Max 

Horizontal Stress) 

9.18 4.42 85.26 57.08 100.9 69.24 69.26 50.6 MPa 
Sigma h (Min 

Horizontal Stress) 

7.66 12.45 67.83 50.6 85.78 86.13 27.74 7.68 Gpa E (Elastic Modulus) 

0.0036 0.0131 0.2367 0.2477 0.2805 0.3645 0.2322 0.2325 1 
PoisRatio (Poisson’s 

Ratio) 

4.478 6.28 36.01 29.36 42.99 42.99 24.64 9.71 MPa 
UCS (Uniaxial 

Compression 

Strength) 

2.08 2.53 26.07 24.30 31.11 33.81 21.3 20.87 deg 
FA (Coulomb 

Friction Angle) 

0.060 0.1024 2.57 2.47 2.808 2.74 2.422 1.70 Kg/m3 
RHO (Density of 

Rock) 

0.76E - 15 50.49E - 15 0.3E - 15 5E - 15 6.36E - 15 1E - 12 0 0 m2 Perm (Permeability) 

0.0337 0.0520 0.051 0.1039 0.14 0.50 0.0001 0.0001 1 PHI (Porosity) 

0.0906 0.1284 0.0811 0.1616 0.3891 0.7283 0.0002 0.0004 1 
BIOT (Dynamic Biot 

Coefficient (𝜶)) 

6,095 775.81 14,256 538.44 25,294 4,273 4,282.5 264.8 Bar PP (Pore Pressure) 

0.9975 0.2735 –0.078 –0.079 1.526 0.698 –5 –1.816 in 
ERROR (Bit Size- 

Caliper) 
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 Data analysis using machine learning (Pearson correlation matrix, XGBoost algorithm 

optimized by Bayesian algorithm, and interpretation of results using SHAP algorithm) 

In recent decades, the use of modern computational methods has been increasingly popular. 

Machine learning and deep learning are among these modern methods in geomechanics, and research in 

this field includes references to articles [18-20] in the area of stability of oil well walls. The aim of this 

section of the article is to present a machine learning-based method using the XGBoost algorithm to 

determine the parameters that affect the stability of the horizontal part of an oil well based on a series of 

real data obtained in the previous section. Therefore, after calculating the Pearson correlation coefficients 

on the data, the XGBoost algorithm is briefly examined, and in order to achieve optimal results from the 

fitting by machine learning, the Bayesian optimization algorithm is used to adjust the input hyper 

parameters of the XGBoost algorithm, which will be briefly explained. Finally, the final output of the 

optimized XGBoost algorithm is presented using an interpretable artificial intelligence method or the 

SHAP algorithm.  

 

Spearman correlation matrix  

The range of geomechanical parameters considered in these analyses is provided in Table 1. 

Additionally, this table presents the range of differences between 2 log, bit size and caliper (as a 

characteristic for instability and wall failure of the well) that will be considered as ERROR hereafter. In 

data science, the relationship between 2 quantitative variables is measured by calculating the correlation 

coefficient. Two common types of these methods are Pearson and Spearman correlation, both of which 

have values between 1 and –1 for their coefficients. Thus, if the correlation coefficient is close to or equal 

to 1, there is a strong and positive relationship between the 2 variables. Since the Pearson correlation 

coefficient is calculated based on the mean and variance, it may be biased against outliers and not 

accurately reflect the degree of correlation. In such cases, the Spearman rank correlation coefficient is 

used. The Spearman rank correlation coefficient, like the Pearson coefficient, indicates how much a 

variable tends to follow other variables [21]. The Spearman correlation coefficient of the parameters 

listed in Table 1 in 2 different sections of the well, which are related to 2 different stress regimes, is 

presented in Figure 2, using approximately 73,000 real data of the well. The last row of these figures 

shows the correlation coefficients of ERROR values with other reservoir parameters. Based on these 

values, it can be said that in both stress regimes, an increase in parameters such as pore pressure, Biot 

coefficient, porosity, permeability, Poisson’s ratio and in-situ stress is directly related to instability in the 

well wall and an increase in them causes fractures and changes in shapes. On the other hand, an increase 

in parameters such as elasticity modulus, uniaxial compressive strength and density of the intact rock has 

an inverse relationship with the level of instability in the wellbore walls. An increase in these parameters 

leads to a decrease in the occurrence of fractures and deformations. 

 

 

Figure 2 The Spearman correlation coefficients of geomechanical parameters of the wellbore. The 

ERROR parameter represents the difference between 2 logs (bit size and caliper) as an indicator of 

instability and failure in the wellbore walls.  
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XGBoost algorithm 

In recent years, various machine learning models have been introduced, among which the XGBoost 

algorithm was proposed by Chen and Gastrin [22]. This method is a gradient boosting algorithm based on 

decision tree methods and has been widely used in various engineering fields due to its regularization and 

parallel processing, which has shown very good performance. The main parameters of this algorithm can 

be determined by other optimization algorithms (such as the Bayesian algorithm used in this article), and 

it allows the user to customize the objective function. Additionally, it requires less feature analysis. Since 

XGBoost implements parallel processing, it has a low computational cost, and it has low bias and 

variance. This algorithm also has the ability to deal with outliers and manage them. Based on the 

availability of labeled data, machine learning can be classified into supervised, unsupervised and boosted 

learning. However, most of these models do not provide any insight into the correlation between the 

available parameters and the importance of the studied variables. 

 The XGBoost algorithm cannot be classified as an interpretable AI model. A comprehensive 

interpretable AI model should be able to evaluate the correlation between each registered variable and the 

output class, demonstrates the correlation between them, measure the effectiveness of their importance, 

and rank them according to their importance [23]. Therefore, in this article, the SHAP algorithm has been 

used to interpret the results of the XGBoost algorithm. SHAP, as a major breakthrough in interpretable 

AI, can provide all necessary evaluations for different machine learning models and improve transparency 

and reliability [24]. Based on the game theory approach, SHAP can provide a fair output for each 

interpretable AI model and explain the importance of each feature in the output classification [25]. This 

algorithm can be combined with a boosted gradient model (such as XGBoost) to create a desirable model 

for various data evaluations. The steps of the analysis using machine learning algorithms in this article are 

illustrated in Figure 3(A). 

The XGBoost algorithm used in this article is an enhanced gradient boosting method that provides a 

boosted parallel tree to solve regression and classification problems. Assuming we have a dataset 𝐷 =
{(𝑥𝑖 , 𝑦𝑖)}: 𝑖 = 1, … , 𝑛} with n samples and m features(𝑥𝑖 ∈ 𝑅𝑚, 𝑦𝑖 ∈ 𝑅) and R represents real numbers, 

the proposed tree model in this method uses an additional function z to approximate the model output, as 

follows [26]: 

 

𝑦𝑝 = 𝜙(𝑥𝑖) = ∑ 𝑓𝑧(𝑥𝑖)𝑍
𝑧 = 1 , 𝑓𝑧 ∈ 𝐹                             (1) 

 

In this equation 𝑦𝑝 is the target 𝑦𝑖 , F is the problem space consisting of fitted decision trees, which 

is defined as follows [26]: 

 

F = { 𝑓(𝑥) = 𝑤𝑞(𝑥)}(𝑞: 𝑅𝑚 → 𝑇, 𝑤 ∈ 𝑅𝑇)                               

(2) 

In the above equation, q represents the structure of the decision tree, w is the weight of each leaf in 

the decision tree, and T represents the number of leaves in the tree. In this equation, f is a function that 

depends on the values of q, and the weights w are dependent on each of the decision trees. To optimize 

the set of decision trees and reduce the error, the task of the algorithm is to minimize the objective 

function as follows [26]: 

 

𝐿(𝑡) = ∑ 𝑙 (𝑦𝑒 , 𝑦𝑝
(𝑡 − 𝑙)

+ 𝑓𝑡(𝑥𝑖))𝑛
𝑖 = 1 + (𝑓𝑡)                    (3) 

 

In the above equation 𝑦𝑒 is the prediction 𝑦𝑖 and l is the loss function used to calculate the 

difference between 𝑦𝑒 and 𝑦𝑝, and t is the iteration number for minimizing the error. The function (𝑓𝑡) is 

also a penalty function used to reduce the complexity of the model fit. In this article, the XGBoost 

algorithm is implemented using the free library written for various programming languages and used in 

the Python programming language [27]. 

 

Optimizing XGBoost algorithm 

In machine learning algorithms, there are 2 types of variables usually referred to as parameters and 

hyper parameters. Parameters are variables that are obtained during the minimization of the objective 

function using the training dataset. One example of such a variable is w in Eq. (2). On the other hand, 

hyper parameters are variables that must be set by the user before executing the algorithm. By changing 

hyper parameters, the performance of the machine learning model can be improved. Various methods 

have been proposed for determining hyper parameters, including grid search, random search and the use 
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of optimization methods. Bayesian optimization is one of the optimization methods that have been used in 

various research studies, such as [28-30], to adjust hyper parameters of machine learning algorithms. In 

this article, the free Bayes-opt library, which is written for the Python programming language, has been 

used for Bayesian optimization [31]. 

The input and output data of each problem have different units and ranges of variation. Therefore, to 

achieve satisfactory results in machine learning algorithms, the dataset must be scaled to a specific range. 

In this case, the dataset has been scaled to the range of 0 to 1. Different performance metrics have been 

proposed for evaluating the performance of various machine learning models, including the root mean 

squared error (RMSE), mean squared error (MSE), mean absolute error (MAE) and linear correlation 

coefficient (R2) [32]. In this article, 4 main metrics, MSE, RMSE, MAE and R2, have been used to 

evaluate the performance of the model.    

One of the problems with machine learning algorithms is the possibility of overfitting. In this case, 

as shown in Figure 3(B), the dataset should be randomly divided into 2 sets of training and testing. 

Before optimization, important hyper parameters of the algorithm must be identified and the range of 

their variations for optimization should be specified. The XGBoost algorithm has a total of 35 hyper 

parameters [27]. In this study, 7 categories of the most important hyper parameters of this algorithm have 

been selected and their default values are given in Table 2. Usually, during hyper parameter optimization, 

cross-validation is used to increase accuracy. In this method, as shown in Figure 3(B) for 5 sets, the 

dataset required for optimization is divided into k sets and the algorithm is run k times. In each iteration, 

one of the k selected sets is assumed to be the test data and the remaining sets are considered as training 

data. In each iteration, the optimization algorithm is first trained with k-1 sets and then the algorithm 

performance metric (for example, MSE) is calculated using one of the remaining sets. Finally, the output 

performance metric of the algorithm in each optimization iteration is the average of k algorithm runs. This 

is done to reduce the effect of data selection in optimization iterations. In this article, k is considered to be 

equal to 5. 

 

 

Table 2 Comparison of final values of optimized and unoptimized performance metrics along with hyper 

parameters adjusted by the Bayesian algorithm.  

Method 

XGBR final XGBR Base 

Reverse Normal Reverse Normal 

0.00017 0.00209 0.01174 0.01030 MSE 

0.0133 0.0458 0.1084 0.1015 RMSE 

0.0087 0.0285 0.0729 0.0701 MAE 

0.9917 0.821 0.4543 0.1195 R2 

0.053912 0.110982 0.1 0.1 learning_rate 

H
y

p
er

 P
a

ra
m

et
er

s
 

 

128 500 10 10 n_estimators 

15 15 2 2 max_depth 

0.01 0.35631 0.3 0.3 eta 

0.736262 0.65838 0.5 0.5 subsample 

0.648616 0.582746 0.2 0.2 colsample_bytree 

14 11 5 5 min_child_weight 

 
Results and discussion 

SHAP algorithm 

Interpretability of a model is a key issue for machine learning methods. In this regard, SHAP is a 

game-theoretic based framework that provides a unified approach for interpreting the predictions of 

machine learning models and determines the importance of each feature in the input variables. SHAP is a 

method for interpreting the predictions of machine learning models using SHAP values proposed by 
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Lundberg and Lee. The SHAP values for each feature are the average marginal contribution of all 

permutations of that feature, indicating its impact on the output generated. In this interpretive model, g(z) 

is a linear add-on of the input features and is expressed according to the following formula [33]: 

 

𝑓(𝑥) = 𝑔(𝑧′) = 𝜑0 + ∑ 𝜑𝑖𝑧𝑖
′𝑀

𝑖 = 1                       (4) 

 

where  𝑧′ is the simple input and M represents the number of features, 𝜑0 is a constant and 𝑧𝑖
′ is a binary 

variable indicating whether feature I is observed or not. Given the model f, the values of 𝜑𝑖 for each input 

feature can be computed according to the following formula, where S is a set of non-0 indices in 𝑧′ and N 

denotes the set of all input features [34]:    

 

𝜑𝑖 = ∑
|𝑆|!(𝑀 − |𝑆| − 1)!

𝑀!𝑆∈𝑁\{𝑖} [𝑓(𝑆 ∪ {𝑖})  −  𝑓(𝑆)]                  (5) 

 

In the plots shown in Figure 4, the results of this process on well data are displayed for both normal 

and reverse fault stress regimes. Based on the processing steps shown in Figure 3(A), the final output of 

the SHAP algorithm, which is an interpretation of the XGBoost algorithm optimized for well data, 

indicates the impact of each of the parameters in Table 1 on the amount of ERROR (the difference 

between the values of 2 log, bit size and caliper measurements), which also represents the amount of well 

borehole failure and instability at different depths. As shown in Figures 4(A) - 4(B), in the normal fault 

stress regime, parameters such as vertical stress, maximum and minimum horizontal stresses, pore 

pressure, etc., have the maximum impact on well borehole instability, and the values shown in each bar 

chart (Figures 4(A) - 4(C)) indicate the degree of influence of the corresponding parameter on well 

borehole deformation in inches (all positive or negative values are shown as positive). Also, in the chart 

on the right (Figures 4(B) - 4(D)), which is known as the “beeswarm” chart, the horizontal axis shows the 

output values of the SHAP algorithm, where higher values represent a greater impact of that parameter on 

the ERROR or deformation of the wellbore wall, similar to a bar chart. The difference is that the red color 

indicates the impact of higher values of that parameter on the SHAP value, and the blue color indicates 

the impact of smaller values of that parameter on the SHAP value. The charts in Figure 4(C) - 4(D), 

which are for the inverse fault stress regime, are also interpretable, similar to the previous charts. 

Additionally, based on the results shown in Figure 2, which represents the correlation coefficients of the 

well data, it can be concluded that there is a strong and significant similarity between these correlation 

coefficients and the results obtained from machine learning on this data. 

 

 

(A)                            (B) 

Figure 3 Steps of machine learning (A) and random division of the dataset and optimization using 5-fold 

cross-validation (B).   
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Figure 4 SHAP algorithm values for parameters affecting the instability of the well wall: Normal fault 

(A) and (B); Reverse fault (C) and (D).   

 

Porous elasticity relationships and the Biot coefficient (coupling of pore pressure-horizontal 

stress interaction and effective stress in rock failure) 

Pore pressure-horizontal stress interaction 

The Biot coefficient is usually assumed to be 1, but it can vary in 3 cases. Firstly, changes in pore 

pressure. Secondly, changes in the Biot coefficient due to changes in pore pressure (this occurs when 

changes in pore pressure cause changes in the volume of rock cavities and their porosity). And thirdly, in 

cases where changes in pore pressure itself can cause changes in the stress state of the well drilling range, 

known as pore pressure-stress coupling or PSC. In this case, the interaction between pore pressure and 

stress (minimum horizontal stress) is defined according to the following relationship as ∆𝜎h /∆P and 𝛼 is 

the Biot coefficient when 𝜗 represents the Poisson’s ratio [14]: 

 
∆𝜎ℎ

∆𝑃
 =  𝛼

1 − 2𝜗

1 − 𝜗
                                     (6) 

 

Therefore, pore pressures not only affects effective stress, but also total stress. In a stress regime 

such as the normal fault stress regime, 𝜎𝑣 or the vertical stress is not affected by the pore pressure-

effective stress interaction. Thus, increasing P decreases the value of 𝜎𝑣𝑒𝑓𝑓 . However, taking into account 

the interaction between P and 𝜎ℎ, increasing pore pressure leads to an increase in 𝜎ℎ. Therefore, the value 

of 𝜎ℎ𝑒𝑓𝑓  does not decrease with an increase in P, but rather changes due to the value of PSC, or the pore 

pressure-effective stress interaction. In a stress regime such as the reverse fault stress regime, 𝜎𝑣 is also 

not affected by the pore pressure-effective stress interaction, but due to the interaction between P and 𝜎𝐻, 
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the value of 𝜎𝐻 decreases with an increase in P, although this decrease is less than the value of 𝜎𝑣𝑒𝑓𝑓  [14]. 

These cases are shown in Figures 5(B) - 5(D) for 2 different stress regimes and in the cases of reservoir 

depletion and injection. Additionally, using real well data, the values of PSC were compared for the 

assumed case of 𝛼 =  1 and the case where the value of the Biot coefficient has its real value (Figures 

5(A) - 5(C)). Considering the mentioned results and what is observable in Figure 5, it can be concluded 

that assuming the Biot coefficient equal to 1 for estimating in-situ stress changes during the use of a 

reservoir, is an incorrect assumption.  

 

 

Figure 5 The interaction between effective stress and pore pressure during reservoir depletion and 

injection (reverse fault (A) and (B); normal fault (C) and (D)) along with Calculation of PSC values 

(Brown color assuming 𝛼 = 1 and blue color using the actual value of the Biot coefficient obtained from 

well data in (A) and (C)).  

 

The effect of effective stress on shear failure of fluid-containing rocks (rock-fluid interaction) 

The principle of effective stress, introduced by Terzaghi in the 1920s, plays a role in fundamental 

issues related to the deformation and failure of rocks, soil and other porous materials containing fluids 

and subjected to pore pressure, such as concrete. This principle allows us to predict the mechanical 

behavior of saturated porous media in the presence of pore pressure. Terzaghi stated that only a fraction 

of the total stress or (σ), which he called effective stress (σ’), is responsible for deformation and failure in 

soils and rocks, and is greater than the pore water pressure or (P), based on his empirical data. The 

proposed formula by Terzaghi for effective stress is given as a 1-dimensional equation in Eq. (7) [35]: 

 

𝜎′  =  𝜎 −  𝑃                         (7) 

 

In general, the stresses applied to a saturated porous medium are distributed between the solid rock 

structure and the pore fluid. The 1st part of these stresses is responsible for the deformation of the solid 

structure and is therefore called effective stress. In rock mechanics, tensile stresses are considered 

negative and compressive stresses are positive. Considering the existence of positive pore pressure in the 

porous rock medium, the equation for effective stress, taking into account the coefficient of Biot, is 

presented as Eq. (8):  

 

𝜎𝑖𝑗  =  𝜎𝑖𝑗
′  −  𝛼𝑃𝛿𝑖𝑗                         (8) 

 

In Eq. (8), 𝜎𝑖𝑗 and 𝜎𝑖𝑗
′  are the components of total stress and effective stress, respectively, and P is 

the pore pressure. The symbol 𝛿𝑖𝑗 refers to the Kronecker’s delta, which is defined as 𝛿𝑖𝑗 = 1 for 

elements with 𝑖 =  𝑗 and 𝛿𝑖𝑗 = 0 for elements with 𝑖 ≠  𝑗. The parameter α is also known as the Biot 
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coefficient, which as mentioned in the studies of Terzaghi, was considered to be 1, which is usually valid 

for soils. However, as will be mentioned later, it is not accurate for rocks with low porosity. Biot defined 

the α coefficient as Eq. (9) in 1941:  

 

𝛼 =  
𝐾

𝐻
                          (9) 

 

where in K represents the drained bulk modulus for porous materials like rocks, while 1/H is the 

coefficient of poroelastic expansion which was introduced by him. This coefficient describes the changes 

in the volume of the bulk modulus due to changes in pore pressure under constant stress conditions. For 

soft soils, the value of 𝛼 is considered to be 1. Soils are typically soft and have a highly compressible 

structure, while their solid particles have less compressibility. However, these properties are not always 

true for all types of rocks. As a result, the value of this coefficient will be completely different for 

different types of rocks [36].  

As mentioned, the Biot coefficient is often assumed to be 1, which reduces Eq. (8) to (7) and, 

therefore, according to Eq. (8), effective stress can vary in 3 different states. In the theory of 

poroelasticity, mechanical processes of the solid part of the body and hydraulic processes of the fluid part 

present in the pores of the body are interrelated and interact simultaneously. This enables simultaneous 

modeling of these processes in a porous environment. Employing this type of modeling is generally 

essential in all processes where fluid flow through a porous medium is accompanied by deformation. Pore 

pressure, as a key variable, causes fluid flow and solid part movements and simultaneously affects various 

fluid parameters with changes in the solid part of the body. High fluid flow velocity inside rock pores 

may lead to rock deformation, such as in proximity to injection wells or oil depletion wells. This model 

takes into account fluid flow according to Darcy’s theory and linear elastic behavior for the solid part of 

the body to simulate reservoir mechanical behavior better [37]. A poroelastic model is defined in the 

Comsol Multiphysics software using Eq. (10): 

 

−𝛻 ∙ 𝜎 = 𝐹𝑉 . 𝜎 =  𝑠                              (10) 
𝑠 −  𝑠0 =  𝐶: (𝜀 − 𝜀0 − 𝜀𝑖𝑛𝑒𝑙)  −  𝛼𝑝𝐼 

𝜀 =  
1

2
((𝛻𝑢)𝑇  +  𝛻𝑢) 

𝜌𝑆
𝜕𝑝

𝜕𝑡
 +  𝛻 ∙ (𝜌𝑞)  =  𝑄 −  𝜌𝛼

𝜕𝜀𝑉

𝜕𝑡
 

𝑞 =  −
𝑘

𝜇
𝛻𝑝 

 

where 𝜎 and s are induced stress tensors, 𝑠0 is the in-situ stress field, I is the unit matrix, FV is the vector 

of volumetric forces, ε is the strain tensor, u is the deformation change vector, P is the pore pressure, C is 

the elastic (stiffness) matrix, and α is the Biot coefficient. The subscript 0 indicates initial values and inel 

indicates the plastic strain. As observed in the relevant equation regarding fluid flow, changes are time-

dependent. In this model, mechanical and hydraulic processes are combined. The hydraulic model is 

described by Eq. (11): 

 

𝜌𝑆
𝜕𝑝

𝜕𝑡
 +  𝛻 ∙ (𝜌𝑞)  =  𝑄 −  𝜌𝛼

𝜕𝜀𝑉

𝜕𝑡
                          (11) 

𝑞 =  −
𝑘

𝜇
𝛻𝑝 

 

where q represents the fluid velocity, k represents the permeability of the rock, μ represents the dynamic 

viscosity of the fluid, S represents the storage parameter, Q represents the fluid flow rate, and 𝜀𝑉 

represents the volumetric strain. As the equations above indicate, the Biot coefficient appears as a 

weighting factor in the stress-strain relationship to estimate the effect of fluid pressure on induced stress. 

Additionally, this coefficient is mentioned as one of the time-dependent hydraulic model parameters in 

Eq. (11). In the stationary state, the interaction between the rock and fluid is 1-sided because the time 

derivatives in the flow equation are eliminated, but in the time-dependent state, the mechanical and 

hydraulic interactions are mutual. This means that the effect of fluid pressure on the stress-strain 

relationship and the resulting deformation of the solid body are significant, and conversely, the flow 

equation is affected by the volumetric strain of the solid body [37]. 

 



Trends Sci. 2023; 20(12): 7036   12 of 17 

  

The Mohr-Coulomb 3-dimensional criterion for investigating shear failure in the wellbore 

wall using the concept of effective stress by the Biot theory 
There are many theoretical and empirical criteria for analyzing rock failure and soil behavior in 3-

dimensional stress states. However, the most important 3-dimensional criteria for shear analysis in 3 

dimensions are the Mohr-Coulomb, the Lade criterion and the Drucker-Prager criterion. These criteria 

present different relationships between rock failure and the 3 principal stress values.  

It should be noted that the 2-dimensional Mohr-Coulomb failure criterion is independent of the 

intermediate principal stress, or 𝜎2, and depends only on the minimum and maximum principal stresses, 

or 𝜎1 and 𝜎3, as well as the magnitude of pore pressure and the value of the Biot coefficient. In the 

Drucker-Prager criterion, we observe a significant increase in rock strength with an increase in 

intermediate principal stress, or 𝜎2, and the Lade criterion also predicts a gradual increase in rock strength 

with an increase in intermediate principal stress. Therefore, removing the intermediate stress value, or 𝜎2, 

in the 2-dimensional Mohr-Coulomb criterion will result in errors and incorrect estimates of rock strength 

in a 3-axis stress field. It is worth mentioning that the 3-dimensional Mohr-Coulomb criterion predicts a 

linear relationship between the intermediate stress and rock strength and can be considered as a linearized 

form of the Lade criterion, which is also very simple to use in numerical modeling [38,39]. Therefore, in 

this study, we used the Mohr-Coulomb 3-dimensional criterion as a failure function, similar to Eq. (12), 

to evaluate shear failure in the wall of a horizontal oil well under in-situ stresses and pore pressure. In 

Eqs. (13) and (14), So is equal to the Coulomb cohesion and φ is the Coulomb friction angle. It is 

necessary to mention that the values of 𝜎2, 𝜎3 and 𝜎1 in Eq. (12) are calculated in a poroelastic medium 

under pore pressure using the 2nd equation in Eq. (10) in the Comsol Multiphysics software. As a result, 

the effect of pore pressure is taken into account in them by the software itself, considering the value of the 

Biot coefficient. Additionally, in Eq. (12), the condition “fail = 0” indicates the moment of rock failure 

initiation, while the condition “fail < 0” represents sudden rock failure. Therefore, positive values of the 

failure function indicate stability and reduced risk of failure, while negative values indicate a higher risk 

of failure [40].  

 

𝑓𝑎𝑖𝑙 =  [𝜎3 −  𝑄𝜎1 +  𝑁 (1 + 
(𝜎2− 𝜎1)

(𝜎3− 𝜎1)
)]  <  0                       (12) 

 

𝑄 = [
1 +  𝑠𝑖𝑛 (𝜑) 

1 − 𝑠𝑖𝑛 (𝜑) 
]                             (13) 

 

𝑁 = [
2𝑆𝑜𝑐𝑜𝑠 (𝜑) 

1 − 𝑠𝑖𝑛 (𝜑) 
]                                     (14) 

 

As mentioned earlier, in the time-dependent solution, the solid-fluid interaction is bidirectional, 

while in the solution independent of time, it is unidirectional. Since the assumptions related to this paper 

are specific to the stability analysis of the drilling process and do not include time-dependent processes 

such as production from the well and injection into the well, stationary and time-independent solutions 

have been used for the related analysis. In this study, we will focus on the relationships between hydraulic 

and mechanical environments. In this research, a 3-dimensional hydro-mechanical finite element model 

with elastic deformation (in the elastic range) and Darcy flow is used. The mentioned model calculates 

the distribution of stress, strain and pore pressure (resulting from well pressure (Pw), reservoir pressure 

(P0), and in-situ stresses (𝜎𝑣, 𝜎ℎ and  𝜎𝐻)) throughout a cubic model domain with 1 m dimensions. The 

modeling results provide the distribution of strain and stress (including pore pressure) around a 1 m 

section of the well and are used to evaluate areas beyond the rock failure conditions according to Eq. (12). 

For fluid flow, a series of constant boundary conditions are considered, and free flow conditions are 

maintained on all external boundaries. It is also assumed that the distance between the boundaries is 

sufficiently far from the pumping regime, and the boundaries remain unchanged. For flow boundaries, the 

change in fluid pressure from the well to the reservoir edge is specified, and the well is the only outlet for 

fluid. Regarding the mechanical model, free deformation is possible inside the network, but all side 

boundaries are restricted according to the displacement conditions of Eq. (15) using the Roller operator. 

Here, we present the results for the static case, as these results represent the maximum final response of 

the earth system to changes in the stress regime. The modeled geometry consists of a 1 m cube with a 

horizontally drilled well of 6 inches in diameter, which is part of a larger network. The fluid only exits 

through the well and displacements are limited along the reservoir. However, the walls of the well deform 

freely. In Eq. (15), n is the normal vector in the direction of the boundary. 
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𝑝 =  𝑝0       𝜕𝛺  𝑅𝑒𝑠𝑒𝑟𝑣𝑖𝑜𝑟                            (15) 

𝑝 = 𝑝𝑤        𝜕𝛺  𝑊𝑒𝑙𝑙 
𝑛. 𝑢 =  0    𝜕𝛺  𝑅𝑒𝑠𝑒𝑟𝑣𝑖𝑜𝑟 

𝐹𝑟𝑒𝑒            𝜕𝛺  𝑊𝑒𝑙𝑙 
 

Shear failure analysis results in wellbore wall using the concept of Biot effective stress 

In this study, the processing was carried out in 2 stages. In the 1st stage, the parameters of Table 1 

were applied along with the boundary conditions of Eq. (15) for a selected depth of the well and the 

stability of the well was investigated. In the 2nd stage, using the parametric sweep feature of the software, 

the value of the Biot coefficient among the parameters in Table 1 for the selected depth was varied in the 

range of 0.1 to 1 with a step size of + 0.1. It should be noted that in the 2nd processing stage, only changes 

in the Biot coefficient were considered, and other parameters in Table 1 remained constant to investigate 

the stability of the well. Since the stable and time-independent state has been chosen for the analysis, the 

parameters related to the fluid are independent of solid stress-strain changes and, therefore, are not 

affected by changes in the Biot coefficient. In Figure 6, the total displacement is calculated at different 

Biot coefficients based on the distance from the wellbore wall. As it can be seen from this figure, changes 

in the Biot coefficient have a significant effect on the displacement and the total displacement increases 

with its increase. In Figure 7, using the software’s volume integral operator, the volume of the crushed 

rock around the wellbore was calculated according to the failure function Eq. (12) (fail function) at 

different Biot coefficients. As it is clear, assuming a value of 1 for the Biot coefficient results in a much 

higher amount of sand production than the actual state. In the case where, according to the real values, the 

well is stable and there is no sand production. The result that the comparison of the values of the caliper 

and bit Size charts also makes clear for us in this part of the well. Figure 8 also includes the effective 

parameters affecting the fail function in a section of the wellbore length under normal fault stress regime 

based on real data, along with the value of the ERROR parameter for a more accurate investigation. This 

serves as confirmation of the results presented in previous sections. 

 

 

Figure 6 The total displacement as a function of distance from the wellbore wall at different values of the 

Biot coefficient. 
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Figure 7 The volume of crushed rock around the wellbore at various values of the Biot coefficient, 

according to the fail function. 

 

 

Figure 8 Effective parameters on the fail function in a section of the wellbore length based on real data 

alongside the ERROR parameter value.  

 

 

Conclusions 

To achieve the best results in the 1st section of the article, the XGBoost algorithm, which is a 

gradient boosting regression method, was used. In addition, 7 categories of hyper parameters in this 

algorithm were optimized using the Bayesian optimization method. Finally, to interpret the results, an 

interpretable artificial intelligence model, or the SHAP algorithm, was used. Considering the 4 main 

criteria of MSE, RMSE, MAE and R2 for evaluating the quality of regression modeling by the XGBoost 
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algorithm, it should be noted that the values of these criteria, after optimization by the Bayesian method, 

have changed from values such as 0.01030, 0.1015, 0.0701 and 0.1195 to values such as 0.00209, 0.0458, 

0.0285 and 0.821 (in the stress regime similar to normal faults of the data), respectively. Also, the SHAP 

algorithm’s resulting graphs, with the optimized output visualization of the XGBoost algorithm, have 

reliable results in determining the effective parameters on the stability of the wellbore wall in 2 stress 

regimes of normal and reverse faults. Based on these results, in the normal fault stress regime, parameters 

such as vertical stress, maximum horizontal stress, minimum horizontal stress, pore pressure, uniaxial 

compressive strength, Biot coefficient, porosity, elastic modulus, internal friction coefficient of rock, rock 

density, Poisson’s ratio and fluid permeability have the most significant impact on instability. 

In the reverse stress regime, parameters such as elastic modulus, normal stress, maximum horizontal 

stress, Biot coefficient, pore pressure, Poisson’s ratio, minimum horizontal stress, permeability; internal 

friction coefficient, uniaxial compressive strength, porosity and ultimately rock density have the greatest 

impact on the instability of wellbore walls. From these results, it can be inferred that in the initial section 

of the wellbore, the ERROR parameter (difference between caliper log and bit size) is more related to in-

situ stresses, pore pressure, rock strength, and Biot coefficient, and wall failures are of the type of fracture 

and sand production. However, at greater depths and under the reverse stress regime, the ERROR 

parameter is more affected by plastic deformation of the wellbore wall (although fracture-induced failure 

is also observable in this area). It should be noted that simultaneous examination of Pearson correlation 

coefficient and SHAP algorithm plots is also highly useful for a better understanding of the geomechanics 

of this reservoir. It is also essential to mention that the results obtained are only applicable to the studied 

well in southwest Iran and in the Asmari formation. 

Furthermore, since the changes in pore pressure and horizontal stress in a porous medium such as oil 

reservoirs are interrelated and affect each other, the difference between assuming a value of 1 for the Biot 

coefficient compared to the actual value was investigated in order to calculate the PSC coefficient (pore 

pressure-stress interaction) and it was determined that using the poroelasticity equations can provide a 

more accurate solution for analyzing the geomechanics of the reservoir. Next, the effect of effective stress 

on the shear failure of fluid-containing rocks (rock-fluid pore pressure interaction) was discussed, and as 

was seen in the sensitivity analysis of the model to the Biot coefficient, assuming a value of 1 for the Biot 

coefficient, which results in the effective stress equation being similar to the Terzaghi effective stress 

equation, is an incorrect assumption for analyzing the stability of an oil well for shear fractures according 

to the Mohr-Coulomb 3D criterion. Assuming a value of 1 for the Biot coefficient compared to the actual 

value increased the volume of crushed rock resulting from shear failure (using the Mohr-Coulomb 3D 

criterion) by up to 13 times, and also increased the overall displacement in the wellbore wall by up to 36 

%. Therefore, any accurate analysis regarding the stability of this well’s wall using the concept of shear 

failure requires precise knowledge of the actual and non-ideal value of this coefficient. 
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