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Abstract: This study develops an efficient meta-ensemble paradigm for predicting 
geotechnical-geological parameters namely static Poisson’s ratio (PR) and 
maximum horizontal stress (MHS) significant to casing collapse hazards. Engineers 
strive to reduce the risk of casing collapse due to drilling through the meticulous 
design of wells and operation practices. Thus, identifying casing collapse hazards 
in oil and gas wellbores necessitates a thorough geotechnical examination. For this 
purpose, a stacking ensemble paradigm was developed to predict PR and MHS, the 
two most important variables of casing collapse hazards. Three conventional 
models (viz., gradient boosting regressor, decision tree regressor, and k-nearest 
neighbour regressor) and linear regressor were used as base models to construct a 
stacking ensemble paradigm (ENSM) in which a random forest regressor was used 
as the meta-model. The performance of the ENSM model was compared with two 
additional standalone models namely feed-forward neural network and extreme 
learning machine. Experimental results exhibit that the ENSM paradigm delivers 
higher prediction accuracy than all other employed models with R2 values ranging 
from 0.9755 to 0.9991. The experimental results confirmed that the proposed 
ENSM paradigm achieves high prediction accuracy in predicting the PR and MHS 
of soils and can be considered an effective approach to aid engineers in assessing the 
risk of casing collapse hazards in oil and gas wellbores and operation practices. 

 Keywords: wellbore casing collapse; geological sub-surface model; applied 
geophysics; ensemble machine learning model; artificial intelligence 

1. Introduction 

Despite significant advancements in drilling technologies, the extraction of oil and gas from subterranean 
reservoirs in many global locations continues to be a challenging, costly, and hazardous endeavour. The primary 
challenges arise from uncertainty pertaining to the underground stress fields and their impact on the rock strata 
that must be traversed to successfully reach and exploit productive reservoirs. The areas of a wellbore that are 
susceptible to drilling difficulties are typically characterized by changing tectonic forces, aberrant pressure zones, 
poorly consolidated material, and weak formations. In many scenarios, achieving continuous drilling from a 
surface to a target reservoir in a stable wellbore condition with a uniform-gauge hole size is highly challenging. 
Consequently, drilling engineers are required to strategically plan and execute the construction of a wellbore in 
discrete sections. These sections are fortified with a robust steel pipe, referred to as casing, which possesses a 
substantial diameter. Additionally, the casing is firmly secured and interconnected with the surrounding rock 
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formations through the application of a cement sheath. This cement sheath serves the crucial purpose of 
establishing a reliable high-pressure seal [1,2]. 

The drilling process of oil and gas wells, particularly in deep and ultra-deep wells, presents challenges related 
to well completion, production, complicated strata, and operating modes. This leads the oil and gas well casings 
being exposed to complex load conditions, including irregular borehole-induced uneven stratum rheology [3,4], 
water absorption-induced mudstone expansion [5], stratum subsidence, slip [6], and casing eccentricity and cement 
quality [7]. These factors collectively result in abnormally significant non-uniform extrusion effects on the oil and 
gas well casings. Therefore, the occurrence of oil and gas well casing collapse failure is highly possible, causing 
a variety of adverse consequences, such as frequent workovers, liner, and tubing damage-induced production 
reductions, the potential for oil and gas leakage to the surface, and ultimately, the probability of losing control 
over the well [8]. 

It has been shown that the natural and structural features of rock layers are linked to one of the key 
mechanisms leading to the oil and gas well casing collapse in wellbores. Creep is a factor affecting the gradual 
deformation of layers over time. In the realm of long-term creep phenomena, salt and clay-rich shale represent two 
particularly formidable geological strata [9,10]. The cement sheath and the well casings are subjected to 
compressional and shear stresses by these movements, in some cases so severe that they may lead to the collapse 
of well casings [11]. Poisson’s ratio (PR) is regarded as a useful criterion often used to express the ability of such 
materials to deform when subjected to pressure. However, the maximum horizontal stress (MHS) is a useful 
criterion used to express the disruptive force of the stresses affecting the oil and gas well casing-protected 
wellbores from the underground stress field. Consequently, the emphasis of this machine learning analysis is on 
the accurate estimation of these two variables. 

Wang and Samuel [10] examined the effects of salt creep behaviour on wellbore casing using a three-
dimensional finite element model (FEM) with rheological constitutive equations. Willson et al. [3] investigated 
the oil and gas well casing loads in uncemented borehole sections using a novel numerical model. Tong et al. [12] 
examined the effects of salt creep on casing-bearing strength using a two-dimensional FEM that included the salt 
structure deformation and a multistep coupling FEM. Hedayatikhah and Abdideh [13] used a FEM to analyse well 
geo-mechanical data in the Marun oil field. Salehi et al. [14] investigated the collapse in the oil and gas well 
casings using an artificial neural network (ANN), considering different broad potentially effective variables, such 
as latitude, longitude, total well depth, corrosion factor, time and collapsed zone details. Mohamadian et al. [2] 
studied the prediction of collapse in the oil and gas well casings using two hybrid neural network models 
constructed using particle swarm optimization and genetic algorithm. Other machine learning algorithms (MLAs) 
used in casing failure modeling and the estimation of well casing collapse in oil and gas wells include random 
forest, gradient boosting, and so on [15–17]. 

Nonetheless, as per the existing literature, it becomes apparent that there is a scarcity of experiments that 
have explored the potential of ensemble learning algorithms in predicting collapse in gas and oil well casings. 
Notably, there has been a resurgence of interest in the application of ensemble learning methodologies within the 
domains of engineering and sciences in recent years. Moreover, ensemble learning algorithms have the advantage 
of being data-driven and self-adaptive, and they can learn to characterize predictive models concerning a given 
dataset. Besides, it has been proven that such techniques can solve a variety of problems in different disciplines [18–22]. 
Several researchers use ensemble learning techniques in civil engineering fields including geotechnical and 
geological engineering [23–25], slope stability [26], construction and building materials [27–30], and sub-grade 
modelling [31], and found notable results. 

This study utilizes a stacking ensemble (ENSM) paradigm for the estimation of PR and MHS in the collapse 
evaluation of oil and gas well casings. The stacking is a commonly employed technique in ensemble learning. It 
involves utilizing predictions generated by various MLAs, referred to as base learners, as inputs for a secondary 
learning algorithm known as the meta-model. In this study, linear regressor (LR), gradient boosting regressor 
(GBR), decision tree regressor (DTR), and K-nearest neighbour regressor (KNR) were used as the base learners 
in the first layer, whereas random forest regressor (RFR) was used as the meta-model in the second layer. This 
stacking ensemble approach has been designated as the ENSM paradigm. The robustness of the proposed ENSM 
paradigm was also evaluated in comparison to the performance of base learning separately and two other 
standalone models including a feedforward neural network (FFNN) and extreme learning machine (ELM). 

The subsequent sections of this study are structured in the following manner. Section 2 provides the research 
significance, while Section 3 offers an overview and methodological description of the models that were utilized 
in the study. The data description is provided in Section 4, followed by the presentation of results and subsequent 
discussions in Section 5. Section 6 concludes the discussion by providing a summary and conclusions. 
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2. Research Significance 

Over the past two decades, there has been a significant proliferation of modern machine learning models that 
have been introduced and widely employed. These inventions have been developed with the objective of 
forecasting the outcomes of different tasks in the domain of engineering and sciences [32–35]. The observed events 
demonstrate significant non-linear properties and behaviors, making it difficult to rely on deterministic 
methodologies traditionally used. However, in recent times, there has been an increased interest in the utilization 
of ensemble learning approaches in the field of engineering and sciences [20–22,36]. Nevertheless, existing 
research in the field of geo-mechanical sub-surface modelling lacks sufficient application of ensemble learning 
modelling using a meta-model-based stacking ensemble approach. Thus, this research presents an ENSM approach 
constructed using RFR as a meta-model for the estimation of PR and MHS in casing collapse hazard. 

3. Methodology 

This section presents methodological details of the employed paradigms, including FFNN, ELM, LR, GBR, 
DTR, and KNR. Notably, a brief overview is presented for these algorithms. In addition, the methodological 
development of the stacking ENSM paradigm using RFR is presented. 

3.1. Brief Details of Standalone Models 

ANN is a prevalent soft computing framework derived from the principles of human brain functioning. ANNs 
employ multiple layers of mathematical processing to acquire knowledge from observed data. One of the classical 
types of ANNs is the feedforward neural network (FFNN). FFNN is like ANN with three layers, including an 
input, a hidden, and an output layer. It is a network where no cycles are generated by inter-node connections. 
FFNNs are the most basic networks that process data in just a single direction. While data can travel through 
multiple hidden nodes, they only flow in a single direction, with no backward data movement. FFNNs are used in 
data-driven modelling owing to their simplified and straightforward structure. Previous research has gone into 
more detail about FFNNs and their applications [37,38]. 

ELM is also a widely used soft computing framework which comes under the neural network category. ELM 
has only one layer of hidden neurons and hence called a single-layer feedforward network (SLFN). The output 
weights of ELM are determined based on the least squares method, given that the biases and weights of the hidden 
layer are already established. Unlike traditional FFNNs, ELMs employ a continuous probability distribution 
function in lieu of iterative solutions for their operations. ELM has a lower complexity in design and can solve 
regression and classification problems more quickly. Consequently, iterative training techniques that decompose 
estimation data into local minima rather than global minima are no longer needed. Details of the mathematical 
background of ELMs can be seen in the original study of Huang et al. [39]. 

One of the most significant, simplest, and frequently used regression techniques is LR. In general, there are 
two types of LR, including simple linear and multiple linear regression. When doing LR of some dependent 
variable 𝑦 to a series of independent variables  𝑥 =  (𝑥₁, … , 𝑥ᵣ), where 𝑟 indicates the number of predictors, a 
linear relationship can be assumed between 𝑦 and  𝑥: 𝑦 =  𝛽₀ +  𝛽₁𝑥₁ +  ⋯  +  𝛽ᵣ𝑥ᵣ +  𝜀, called the regression 
equation. where 𝛽₀,𝛽₁, … ,𝛽ᵣ indicate the regression coefficients and 𝜀 indicate the bias or error term. LR models 
the estimators of the regression coefficients or simply the predicted weights, represented by  𝑏₀,𝑏₁, … , 𝑏ᵣ. They 
characterize 𝑓(𝑥)  =  𝑏₀ +  𝑏₁𝑥₁ +  ⋯  +  𝑏ᵣ𝑥ᵣ as the estimated regression equation, which should be able to 
accurately evaluate the dependencies between the inputs and output variables [39]. 

GBR is a widely used MLA that utilizes an ensemble approach by integrating fundamental models into a 
unified composite model. Boosting is referred to as an additive model due to the sequential introduction of basic 
models, also known as weak learners, while keeping the trees in the model constant. A more robust predictive 
capability can be attained through the integration of more foundational models. The term “gradient boosting” 
pertains to the utilization of gradient descent by the algorithm to minimize losses. Gradient boosting employs 
decision trees as weak learners, with a squared error loss function. Subsequently, a suboptimal model is trained 
using GBR to establish a mapping between the features and the residuals projected by a weak model. These 
residuals are subsequently included into the input of the existing model; hence, facilitating the model’s alignment 
with the desired target. The overall predictive efficiency of the model is improved as this step is repeated 
continuously [8]. 

DTR is also a widely employed MLA in solving regression-based problems. During the training phase, the 
input variable(s) are assigned specific values that are considered by a particular function. The process by which a 
decision tree (DT) is generated from specific cases is commonly known as the stimulus for the DT. The technique 
aims to identify optimal DTs by minimizing the fitness function. The objective of the DTR is to forecast a 
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continuous target variable, as opposed to a categorical one. This characteristic renders it highly advantageous in 
situations when predictions are required based on several input features. The decision-making process within a 
DTR entails iteratively partitioning the dataset into subgroups, utilizing the feature that yields the most optimal 
division. This determination is often made by evaluating metrics such as mean squared error or variance reduction. 
The iterative procedure persists until a predetermined stopping condition is satisfied. Although DTRs are prone to 
overfitting if not appropriately controlled, they are highly regarded for their capability to handle both numerical 
and categorical data [40–42]. 

KNR is a simple method that stores all potential scenarios and makes predictions for numerical targets based 
on a similarity measure, such as distance functions. The KNR approach has been employed as a non-parametric 
tool in statistical estimations and pattern recognition. The computation of the mean value of the numerical goal in 
the KNR is a simple and direct application of the KNN algorithm. Another strategy that can be used is the 
calculation of an inverse distance weighted average of the K nearest neighbors. KNR uses the same distance 
functions as KNN classification, i.e., Euclidean distance. It is best to inspect the data before deciding on the best 
value for K. Although a high value of K is more accurate as it decreases the total noise, it comes at the cost of 
blurring the different boundaries within the feature space [43]. 

3.2. Stacking Ensemble Model 

The ensemble systems, as a mixture of experts, are defined as meta-algorithms combining many standalone 
MLAs (called base models) into one predictive model. Researchers have recently discovered various benefits of 
ensemble approaches in automated decision-making applications, particularly in the field of engineering. It is 
undeniable from a statistical standpoint that the acceptable efficiency of regressors on the training dataset does not 
imply an excellent efficiency on data not seen during the training phase. This indicates that even if the testing 
dataset is not a fair representation of potential field data, machine-learning algorithms with the same generalisation 
efficiencies will have various predictive efficiencies. 

In the stacking technique, multiple MLAs are employed as base models. However, an additional layer of the 
model, known as the meta-model, is also incorporated. In contrast to voting ensembles, this model employs distinct 
weight assignments for the base models and thereafter conducts the prediction task by stacking. Suppose there are 
four base models, namely LR, GBR, DTR, and KNR, and the meta-model in the second layer is the RFR. Now, to 
train the base models, a dataset should be given as input to every respective base model. After training the base 
models, the prediction data should be used to train the meta-model, RFR. Thus, the training data for the RFR will 
be different. Upon the introduction of the meta-model, it will allocate weights to the base models, resulting in the 
output of the base models being deemed as the ultimate output of the stacking algorithm. An illustration of the 
concept is presented in Figure 1. As discussed above, the proposed stacking ENSM framework incorporates LR, 
GBR, DTR, and KNR as base models, while the RFR functions as the meta-model. 

 

Figure 1. Flow chart showing the working principle of sa tacking ensemble model. 

3.3. Overall Methodology 

Figure 2 presents the overall methodology of the presented study. Notably, after data collection, four base 
models, namely LR, GBR, DTR and KNR, were used to predict the PR and MHS parameters. Subsequently, these 
base models were integrated using a stacking ensemble paradigm (ENSM), in which the RFR was employed as 
the meta-model to generate the final predictions. Finally, the performance of all the models, i.e., LR, GBR, DTR 
and KNR, FFNN, ELM, and ENSM, was compared and discussed. 
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Figure 2. Flow chart showing the overall methodology. 

4. Data Description and Performance Assessment 

A total of 22,323 data was collected from the work of Mohamadian et al. [2], consisting of five influential 
variables, including well depth (D in m), compressional wave velocity (DTC in µs/ft), shear wave velocity (DTS 
in µs/ft), bulk density (RHOB in g/cm3), and pore pressure (PP in MPa). These variables were used as inputs to 
estimate PR (in -) and MHS (in psi) of soils in the oil and gas well casings. Descriptive statistics of the collected 
dataset are tabulated in Table 1. According to the table, the parameter D lies in the range of 1993.01 m to 3693.95 m. 
The minimum and maximum values of DTC and DTS are 43.54 µs/ft, 95.75 µs/ft and 91.44 µs/ft, and 157.34 µs/ft, 
respectively. Similarly, the minimum and maximum values of RHOB and PP are 1.73 g/cm3, 77.34 MPa and  
3.02 g/cm3, 80.71 MPa, respectively. The output parameters PR and MHS are fall in the range of −0.23 to 0.43 
and 13,162.18 psi to 22,212.32 psi. The standard error values suggest that the gathered dataset exhibits minimal 
associated error, while the variance values indicate that the dataset encompasses a broad range of variables. 

Table 1. Statistical summary of the variables. 

Parameters D DTC DTS RHOB PP PR MHS 
(m) (µs/ft) (µs/ft) (g/cm3) (MPa) (-) (psi) 

Minimum 1993.01 43.54 95.75 1.73 77.34 −0.23 13,162.18 
Mean 2843.48 66.46 118.95 2.31 77.71 0.26 15,935.46 

Maximum 3693.95 91.44 157.34 3.02 80.71 0.43 22,212.32 
Stnd. Error 3.29 0.05 0.06 0.00 0.01 0.00 10.81 

Stnd. Deviation 491.05 7.53 9.26 0.30 0.83 0.07 1614.49 
Variance 241,131.12 56.63 85.78 0.09 0.70 0.01 2,606,592.32 
Kurtosis −1.20 0.38 1.23 −0.46 2.87 1.79 0.99 

Skewness 0.00 0.02 0.16 0.87 2.04 −1.45 1.22 

However, to better demonstrate the gathered dataset, the Pearson correlation matrix and comparative 
frequency histogram are illustrated in Figures 3 and 4, respectively. According to the figures, the maximum 
negative correlation of −0.78 was found between DTC and MHS and −0.71 between DTC and PR. Similarly, the 
maximum positive correlation of 069 was found between RHOB and MHS and 0.11 between DTS and PR. The 
output parameters PR and MHS are positively correlated with R = 0.44, where R = degree of correlation. It is seen 
that MHS exhibits higher correlations with influential variables as compared to the correlations between PR and 
the same variables. Also, there is no significant correlation between the inputs and outputs, meaning that 
conventional learning methods, such as LR, are unable to simulate the nonlinear relationships between inputs and 
outputs, and nonlinear regression might produce better results. Contrarily, Figure 4 presents a comparative 
frequency histogram with data distribution from which the data range and distribution can be visualized. Notably, 
normalized values of variables were considered for this figure. 
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Figure 3. Correlation matrix of the input and output variables. 

   

Figure 4. Comparative frequency histogram with data distribution (based on normalized values) for (a) D, (b) DTC, 
(c) DTS, (d) RHOB, (e) PP, and (f) output parameters. 

In the domains of soft computing, data normalization is a pre-processing task which helps in adjusting the 
dimensionality effects of the variables under consideration. Thus, until the model is generated, all the variables are 
normalized in the range of 0 to 1 using the min-max approach. Notably, the main dataset was separated into training 
and testing subsets with a 70:30 ratio. The training subset (i.e., 70% of the main dataset) was used for model 
construction while the balance 30% dataset, called testing dataset, was used for model validation. Specifically, 
70% (i.e., 15,626 samples) and 30% (i.e., 6697 samples) of data were used as the training and testing datasets for 
the construction and validation of FFNN, ELM, LR, GBR, DTR, KNR, and ENSM models, respectively. During 
model training and testing, the values of MHS were multiplied by a factor of 0.001 to reduce overfitting. Therefore, 
all the estimated values of MHS should be multiplied by 1000 after de-normalization to get the actual estimated 
values. It is also mentioned that a model constructed and validated using a large sample can be considered 
appropriate. Given the substantial number of samples used for both training and testing, the constructed models 
can be considered statistically reliable and robust. Figure 5 illustrates the steps of computational modelling. 
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Figure 5. Illustration of computational modelling. 

After the model construction, seven widely used performance indices namely coefficient of determination 
(R2), Willmott’s index of agreement (WI), Nash-Sutcliffe efficiency (NSE), root mean squared error (RMSE), 
mean absolute error (MAE), RMSE to observation’s standard deviation ratio (RSR), and weighted mean absolute 
percentage error (WMAPE), were assessed to investigate model performance. Notably, multiple indices were used 
to assess model performance from different perspectives, including amount of correlation, the degree of associated 
error, the weighted error, and so on. Mathematical expressions of these indices are given by: 𝑅ଶ = ∑ (𝑦௜ െ 𝑦௠௘௔௡)ଶ െ ∑ (𝑦௜ െ 𝑦ො௜)ଶ௡௜ୀଵ௡௜ୀଵ ∑ (𝑦௜ െ 𝑦௠௘௔௡)ଶ௡௜ୀଵ  (1)

𝑊𝐼 = 1 െ  ቈ ∑ (𝑦௜ െ 𝑦ො௜)ଶ௡௜ୀଵ∑ ሼ|𝑦ො௜ െ 𝑦௠௘௔௡| + |𝑦௜ െ 𝑦௠௘௔௡| ሽଶ௡௜ୀଵ ቉ (2)

𝑁𝑆𝐸 = 1 െ ∑ (𝑦௜ െ 𝑦ො௜)ଶ௡௜ୀଵ∑ (𝑦௜ െ 𝑦௠௘௔௡)ଶ௡௜ୀଵ  (3)

𝑅𝑀𝑆𝐸 = ඩ1𝑛෍(𝑦௜ െ 𝑦ො௜)ଶ௡
௜ୀଵ  (4)

𝑀𝐴𝐸 = 1𝑛෍|(𝑦ො௜ െ 𝑦௜)|௡
௜ୀଵ  (5)

𝑅𝑆𝑅 =  𝑅𝑀𝑆𝐸ට1𝑛∑ (𝑦௜ െ 𝑦௠௘௔௡)ଶ௡௜ୀଵ  
(6)

𝑊𝑀𝐴𝑃𝐸 = ∑ ฬ𝑦௜ െ 𝑦ො௜𝑦௜ ฬ௡௜ୀଵ ൈ 𝑦௜∑ 𝑦௜௡௜ୀଵ  (7)

where 𝑦௜ and 𝑦ො௜ are the actual and predicted 𝑖𝑡ℎ value, 𝑛 is the number of data samples in a dataset, and 𝑦௠௘௔௡ 
is the average of the actual values. 

5. Results and Discussions 

Emphasizing that the selection of an optimal prediction model necessitates the proper adjustment of  
hyper-parameters of the employed models is crucial. This is primarily because each algorithm has a unique set of 
hyper-parameters that affect the efficacy of a model. Consequently, various sets of hyper-parameters were utilized 
to evaluate the performance of the implemented models; the details of which are provided below. The subsequent 
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subsections also provide an analysis and presentation of the performance of the utilized models (i.e., FFNN, ELM, 
LR, GBR, DTR, KNR, and ENSM) for the estimation of PR and MHS in casing collapse hazard. 

5.1. Model Configuration and Performance 

As stated above, a total of 22,323 data was collected from the work of Mohamadian et al. [2], consisting of 
five influential variables. Subsequently, the training subset (i.e., 15,626 cases) was applied to train the models and 
the testing dataset (i.e., 6697 cases) was used to evaluate their robustness. FFNN with single hidden layer, the 
optimum number of hidden neurons (NHopt) was determined to be 11. The optimal predictive precision for ELM 
was achieved with NHopt = 12. Contrarily, n_estimators was set to 100 for GBR, max_depth of GBR and DTR was 
set to 3 and 10, respectively, and for KNR, n_neighbors was set to 10. The proposed stacking ENSM model was 
constructed using LR, GBR, DTR and KNR as base models and the RFR as the meta-model. An illustration of the 
proposed ENSM paradigm is presented in Figure 6. 

 

Figure 6. Illustration of the propped stacking ENSM paradigm. 

Notably, three-fold cross-validation (CV-1, CV-2, and CV-3) was performed in this study to select the most 
suitable testing subset. As stated above, the main dataset was partitioned into training and testing subsets with 70% 
and 30% ratio. Thus, a sum of 6697 datasets was selected at random to select three cross-validation sets. The 
results of cross-validation (based on the RMSE value) are presented in Table 2. Based on the results, the testing 
set of the CV-1 was used for further model validation. The outcomes of the developed/employed models are 
tabulated in Tables 3–6. The outcomes of PR estimation for the training (TR) and testing (TS) subsets are displayed 
in Tables 3 and 4, respectively, whereas the results of MHS estimation are presented in Tables 5 and 6 for the same 
subsets. The maximum prediction accuracy was achieved by the stacking ENSM for both PR (training phase:  
R2 = 0.9855 and RMSE = 0.0130; testing phase: R2 = 0.9755 and RMSE = 0.0171) and MHS (training phase:  
R2 = 0.9991 and RMSE = 0.0055 psi; testing phase: R2 = 0.9985 and RMSE = 0.0068 psi) estimation in casing 
collapse hazard. Also, the R2 index indicates that the developed/utilized paradigms exhibit accuracy values ranging 
from 0.9101 to 0.9855 for the training subset and 0.9072 to 0.9755 for the testing subset of PR estimation. 
Similarly, the R2 indices for the training subset and testing subset of the MHS estimation range from 0.9687 to 
0.9991 and 0.9675 to 0.9985, respectively. 

Table 2. Results of cross-validation based on the RMSE value. 

Models PR MHS 
CV-1 CV-2 CV-3 CV-1 CV-2 CV-3 

FFNN 0.0256 0.0272 0.0285 0.0137 0.0143 0.0145 
ELM 0.0284 0.0299 0.0306 0.0084 0.0096 0.0094 
LR 0.0333 0.0349 0.0352 0.0318 0.0318 0.0323 

GBR 0.0248 0.0256 0.0267 0.0131 0.0133 0.0131 
DTR 0.0212 0.0183 0.0186 0.0156 0.0132 0.0134 
KNR 0.0202 0.0211 0.0226 0.0079 0.0084 0.0081 

ENSM 0.0171 0.0177 0.0185 0.0068 0.0073 0.0070 
Note: CV-1 = Cross-validation part 1, CV-2 = Cross-validation part 2, CV-3 = Cross-validation part 3. 
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Table 3. Results for the training dataset (PR estimation). 

Index/Particulars FFNN ELM LR GBR DTR KNR ENSM 
R2 V 0.9480 0.9367 0.9101 0.9559 0.9842 0.9730 0.9855 
 S 3 2 1 4 6 5 7 

WI V 0.9865 0.9834 0.9759 0.9884 0.9960 0.9930 0.9963 
 S 3 2 1 4 6 5 7 

NSE V 0.9481 0.9367 0.9102 0.9558 0.9842 0.9728 0.9855 
 S 3 2 1 4 6 5 7 

RMSE V 0.0246 0.0271 0.0323 0.0226 0.0136 0.0178 0.0130 
 S 3 2 1 4 6 5 7 

MAE V 0.0088 0.0116 0.0171 0.0103 0.0067 0.0075 0.0048 
 S 4 2 1 3 6 5 7 

RSR V 0.2279 0.2515 0.2997 0.2101 0.1258 0.1648 0.1205 
 S 3 2 1 4 6 5 7 

WMAPE V 0.0116 0.0154 0.0227 0.0136 0.0089 0.0099 0.0064 
 S 4 2 1 3 6 5 7 

Total score 23 14 7 26 42 35 49 
Note: V = Value, S = Score, Bold values indicate best-fitted results. 

Table 4. Results for the testing dataset (PR estimation). 

Index/Particulars FFNN ELM LR GBR DTR KNR ENSM 
R2 V 0.9451 0.9326 0.9072 0.9486 0.9625 0.9665 0.9755 

 S 3 2 1 4 5 6 7 
WI V 0.9856 0.9823 0.9750 0.9864 0.9904 0.9911 0.9937 

 S 3 2 1 4 5 6 7 
NSE V 0.9451 0.9326 0.9072 0.9484 0.9625 0.9660 0.9755 

 S 3 2 1 4 5 6 7 
RMSE V 0.0256 0.0284 0.0333 0.0248 0.0212 0.0202 0.0171 

 S 3 2 1 4 5 6 7 
MAE V 0.0091 0.0120 0.0174 0.0110 0.0093 0.0085 0.0059 

 S 5 2 1 3 4 6 7 
RSR V 0.2343 0.2596 0.3046 0.2271 0.1937 0.1845 0.1566 

 S 3 2 1 4 5 6 7 
WMAPE V 0.0120 0.0159 0.0231 0.0145 0.0122 0.0112 0.0078 

 S 5 2 1 3 4 6 7 
Total score 25 14 7 26 33 42 49 

Note: V = Value, S = Score, Bold values indicate best-fitted results. 

Table 5. Results for the training dataset (MHS estimation). 

Index/Particulars FFNN ELM LR GBR DTR KNR ENSM 
R2 V 0.9941 0.9979 0.9687 0.9953 0.9951 0.9985 0.9991 
 S 2 5 1 4 3 6 7 

WI V 0.9985 0.9995 0.9922 0.9988 0.9988 0.9996 0.9998 
 S 2 5 1 4 3 6 7 

NSE V 0.9942 0.9979 0.9693 0.9953 0.9952 0.9986 0.9991 
 S 2 5 1 4 3 6 7 

RMSE V 0.0138 0.0083 0.0317 0.0124 0.0126 0.0069 0.0055 
 S 2 5 1 4 3 6 7 

MAE V 0.0095 0.0051 0.0216 0.0085 0.0086 0.0039 0.0034 
 S 2 5 1 4 3 6 7 

RSR V 0.0764 0.0459 0.1751 0.0682 0.0693 0.0378 0.0304 
 S 2 5 1 4 3 6 7 

WMAPE V 0.0307 0.0167 0.0702 0.0277 0.0280 0.0126 0.0110 
 S 2 5 1 4 3 6 7 

Total score 14 35 7 28 21 42 49 
Note: V = Value, S = Score, Bold values indicate best-fitted results. 
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Table 6. Results for the testing dataset (MHS estimation). 

Index/Particulars FFNN ELM LR GBR DTR KNR ENSM 
R2 V 0.9940 0.9977 0.9675 0.9945 0.9921 0.9980 0.9985 
 S 3 5 1 4 2 6 7 

WI V 0.9985 0.9994 0.9917 0.9986 0.9980 0.9995 0.9996 
 S 3 5 1 4 2 6 7 

NSE V 0.9940 0.9977 0.9674 0.9945 0.9921 0.9980 0.9985 
 S 3 5 1 4 2 6 7 

RMSE V 0.0137 0.0084 0.0318 0.0131 0.0156 0.0079 0.0068 
 S 3 5 1 4 2 6 7 

MAE V 0.0094 0.0052 0.0214 0.0089 0.0107 0.0044 0.0040 
 S 3 5 1 4 2 6 7 

RSR V 0.0775 0.0477 0.1805 0.0741 0.0887 0.0451 0.0387 
 S 3 5 1 4 2 6 7 

WMAPE V 0.0310 0.0171 0.0704 0.0293 0.0353 0.0146 0.0130 
 S 3 5 1 4 2 6 7 

Total score 21 35 7 28 14 42 49 
Note: V = Value, S = Score, Bold values indicate best-fitted results. 

To facilitate a rapid evaluation of outcomes, a score was assigned to each index, with a maximum value of  
7 representing the total number of employed/developed models and a minimum value of 1. The results of score 
analysis are also tabulated in Tables 3–6. Notably, the higher the total score, the better the model is. Moreover, the 
accuracy matrix and scatter plot are presented in Figures 7–10, respectively. An accuracy matrix provides multiple 
statistical variables that make it possible to the estimation of predictive efficiency quickly. Notably, Figures 9 and 
10 shows scatter plots of the best three performing models (as per RMSE index) for each case of PR and MHS 
estimations. Moreover, error between the actual and estimated values of PR and MHS parameters are illustrated 
in Figures 11 and 12, respectively. 

 

Figure 7. Accuracy matrix for PR estimation. 

 

Figure 8. Accuracy matrix for MHS estimation. 
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(a) (b) (c) 

(d) (e) (f) 

Figure 9. Scatter plots of best three models of PR estimation (a–c) training and (d–f) testing phases. 

(a) (b) (c) 

(d) (e) (f) 

Figure 10. Scatter plots of best three models of MHS estimation (a–c) training and (d–f) testing phases. 
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Figure 11. Error plot between the actual and estimated values of PR estimation (a–c) training and (d–f) testing phases. 
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Figure 12. Error plot between the actual and estimated values of MHS estimation (a–c) training and (d–f) testing phases. 
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and 84, of PR and MHS estimations. respectively. These results indicate that the LR is the least-effective model 
in all cases of PR and MHS estimations. However, to better demonstrate the results of score analysis, stacked bar 
plot is presented in Figure 13. Moreover, to investigate the reliability of the developed/ employed models, 
sensitivity analysis (SA) was performed. Notably, SA is used to evaluate the relative influence of the independent 
variables on the output. For this purpose, the Cosine amplitude method (CAM) was used [44]. To perform SA, the 
strength of relation (RS) of input parameters D, DTC, DTS, RHOB, and PP in predicting the PR and MHS were 
determined for the actual data and ENSM model and the results of which are illustrated in Figure 14. Note that the 
performance of the testing dataset is only presented. As can be seen, the DTS is the most influential parameter on 
the PR, followed by DTC, RHOB, D and PP. For the MHS, it has been found that the RHOB is the most influential 
variable, followed by D, DTC, DTS and PP. It is also worth noting that the proposed ENSM model almost modelled 
the actual output in predicting the PR and MHS in casing collapse hazard. 

(a) (b) 

  
(c) (d) 

  

Figure 13. Stacked bar plot of scores for (a) PR-training; (b) PR-testing, (c) MHS-training and (d) MHS-testing. 

 

 

Figure 14. Results of SA for (a) PR and (c–d) MHS predictions (testing phase). 
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Table 7. Score summary of PR and MHS estimations. 

Subset FFNN ELM LR GBR DTR KNR ENSM 
Training (PR) 23 14 7 26 42 35 49 
Testing (PR) 25 14 7 26 33 42 49 

Training (MHS) 14 35 7 28 21 42 49 
Testing (MHS) 21 35 7 28 14 42 49 

Training + Testing (PR) 48 28 14 52 75 77 98 
Training + Testing (MHS) 35 70 14 56 35 84 98 

Note: Bold values indicate best results. 

Notably, due to the compositional differences in rock type, the PR fluctuates in the subsurface. The ductile 
salt formations, which have a high strain for a provided degree of tension, have a higher propensity for creep than 
some other rock formations, and may harm deep subterranean structures, including cased wellbores. Hooke’s law 
postulates that the magnitude of strain experienced by a rock formation or cemented casing string is directly 
proportional to the magnitude of tension exerted on the material, provided that the material remains within its 
elastic limit. As a result, to determine the strain experienced by sub-surface structures, the stress field must be 
known. Thus, the MHS is an important parameter for geotechnical modelling as well as wellbore stability 
optimization. This kind of study is essential for directed wellbore trajectory planning, subsurface fluid injection, 
and hydraulic fracture program design. So, PR and MHS are the objective functions of the well-log dataset 
examined, for example, the Marun oil field wellbore. Curves of PR vs. wellbore depth tend to exhibit dramatic 
leaps at lithology change locations, i.e., formation borders, especially when the juxtaposed rocks have differing 
geotechnical characteristics. Sharp changes in PR values, for example, are characteristic of salt-anhydride and salt-
marl formation interfaces. Significant discrepancies in PR values between two layers with varying creep potentials 
generate significant shear stress at their interfaces that might lead to failure. These naturally shear stresses tend to 
concentrate at formation interfaces, where they have a direct influence on the cement sheath as well as steel casing 
of wellbores that pierce them. Although PR and MHS are not directly connected, it can be demonstrated that at 
most sub-surface places where PR changes exist, concomitant changes in MHS also take place by superimposing 
the curves vs. depth. These crucial sub surfaces should be regarded as more vulnerable to casing failure. 

6. Summary and Conclusions 

This study proposes an efficient meta-ensemble paradigm for modelling the PR and MHS in casing collapse 
hazard, a geo-mechanical approach to casing collapse prediction in oil and gas wells. Specifically, stacking EMSM 
paradigm was developed and its performance was compared with six other paradigms including FFNN, ELM, LR, 
GBR, DTR, and KNR. A mapping function was developed using these prediction models to evaluate the PR and 
MHS using five influential parameters viz., D, DTC, DTS, RHOB, and PP. For this purpose, a sum of 22,323 data 
was collected from the literature and was divided into training and testing subsets for model construction and 
valuation, respectively. The proposed stacking ensemble model enhances predictive performance by integrating 
the strengths of four base models, thereby reducing individual model bias and variance. By employing the RFR as 
the meta-learner, the framework effectively captures complex nonlinear relationships and improves generalization 
capability, leading to more robust and reliable predictions. 

Based on the performance indices, the maximum predictive efficiency was achieved by the proposed stacking 
ENSM paradigm with R2 values of 0.9855 and 0.9755 for PR prediction, and 0.9991 and 0.9985 for MHS 
prediction during the training and testing phases, respectively. These results indicate strong model stability, with 
no significant variances, abnormal values, or overfitting-related deviations observed. The score-based analysis 
also confirmed that the stacking ENSM paradigm is more efficient once compared to others developed/employed 
models. Overall, the proposed ENSM paradigm seems to be an effective method for estimating PR and MHS in 
casing collapse hazard. 

The proposed ENSM paradigm has the following advantages: (a) simple architecture; (b) better predictive 
performance compared to standalone models; (c) robustness, and (d) easy implementation. Notwithstanding these 
benefits, the exploration of the hyper-parameter space remains a formidable challenge in ensemble-based 
modelling, necessitating numerous runs and a trial-and-error approach to arrive at the optimal model. On the 
contrary, even though this study was performed using a large database, the proposed approach should be validated 
by solving other engineering problems. Thus, the future work should include: (a) implementation and validation 
of the proposed approach in other fields; (b) a comparative analysis of the outcomes produced by alternative 
ensemble learning techniques (e.g., boosting and bagging); (c) integration of optimization algorithms to eliminate 
the need for iterative trial-and-error processes during optimal model construction through automated hyper-
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parameter exploration; and (d) utilization of dimension reduction techniques to reduce computation cost. 
Nevertheless, the ENSM paradigm that has been suggested can be regarded as a valuable framework for assisting 
professionals and engineers in evaluating the potential for enclosure failure in the context of careful well design and 
operation procedures. 
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