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Accurate prediction of mud loss volume in drilling operations is a critical
challenge in industries such as petroleum engineering and geothermal well
construction. Unforeseen mud loss leads to substantial economic losses,
operational delays, and environmental concerns, underscoring the urgent need
for robust predictive models. To address this, current study investigates the
application of advanced ensemble machine learning techniques. Specifically,
this study presents models utilizing Random Forest (RF), Adaptive Boosting
(AdaBoost), and Decision Trees (DT), alongside a custom stacking-based
Ensemble Learning framework that integrates Random Forest, AdaBoost, and
Decision Tree models, to model and predict mud loss volume. The analyses
incorporated key influencing factors: mud viscosity, differential pressure, hole
size, and solid content. Empirical data comprising 2,820 observations were
utilized from a Middle Eastern oil field. Data integrity was ensured through
the leverage technique for outlier detection, and model generalizability was
enhanced using 5-fold cross-validation during the training phase (90% of the
dataset), with 10% reserved for independent testing. Among the evaluated
models, the AdaBoost approach demonstrated superior predictive performance.
It achieved a test coefficient of determination (R?) of 0.828, on the testing
dataset. Sensitivity analyses revealed that mud viscosity and solid content
inversely affect mud loss, while hole size and differential pressure consistently
lead to its increase. These results confirm the efficacy of AdaBoost for highly
accurate mud loss prediction. This work distinguishes itself by providing a
comprehensive comparison of multiple advanced ensemble ML techniques on
a large, real-world dataset from an active oil field. The findings offer a more
reliable and robust tool for forecasting mud loss, thereby enhancing operational
efficiency and risk mitigation in drilling operations. This contributes to optimizing
drilling decisions beyond the capabilities of traditional analytical methods by
providing data-driven, actionable insights.

KEYWORDS
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1 Introduction

The drilling industry occupies a critical position within the framework of
modern industrial operations, underpinning a diverse array of sectors, including
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petroleum, geothermal energy production, hydrogen storage,
and carbon dioxide sequestration (Mohamed et al, 2021;
Song et al., 2023; Ugarte and Salehi, 2021; Kumar Singh and
Priyadarshini Nayak, 2024). This industry fuels global energy
demands and has a significant role in the transition toward energy
sources. In petroleum extraction, drilling operations are essential
for accessing and producing fossil fuels, while geothermal drilling
offers renewable energy alternatives, tapping into the Earth’s heat
for sustainable power generation. Furthermore, the emergence
of hydrogen storage techniques and CO, sequestration strategies
highlights the versatility of drilling operations, where advanced
approaches are used to enhance the safety of resource extraction
and subsurface storage. As such, effective management of drilling
operations has profound implications for economic viability
and environmental stewardship (Okoro et al., 2018; Lavrov and
Tronvoll, 2021; Pang et al., 2024).

However, mud loss is a significant challenge in drilling
operations, which can lead to severe financial and operational
difficulties. The mud loss can result in significant monetary losses
due to non-productive time, increased operational costs, and
potential damage to the drilling equipment (Taheri et al., 2024;
Orun et al, 2023; Saihood and Samuel, 2022; Asadimehr, 2024).
Moreover, mud loss can lead to complications such as pipe
sticking, which can immobilize the drill string and necessitate
expensive retrieval operations, or the onset of kicks, an uncontrolled
influx of formation fluids into the wellbore that can escalate
into a dangerous blowout situation. These challenges underscore
the importance of effectively understanding and managing mud
loss to safeguard personnel, equipment, and operational budgets
(Brankovic et al., 2021; Zhu, 2022).

Mud loss can arise from various factors, including geological
disturbances, the properties of the fluids, and the approaches
utilized while the drilling operation. For instance, the permeability
of the drilled formation can significantly impact the mud loss
rate. Additionally, the composition and features of the drilling
mud, including viscosity and density, play pivotal roles in
either containing or exacerbating the mud loss phenomenon.
Moreover, human factors, such as decision-making and operational
procedures, further contribute to the complexity of mud loss
incidents (Taheri et al., 2024; Shad et al,, 2021; Agwu et al., 2021).
Several preventative measures are employed within the drilling
industry to mitigate the risks associated with mud loss. Techniques
such as properly selecting fluid composition while drilling and
monitoring parameters and employing various wellbore integrity
strategies are pivotal in minimizing mud loss incidents. For
example, utilizing non-damaging fluids or specialized mud
additives can enhance the mud’s ability to seal porous formations
effectively, thereby reducing the chances of loss. Furthermore,
proactive monitoring systems that provide live data on well
conditions can enable engineers to adjust drilling parameters
dynamically, thereby increasing the chances of successful operations
while minimizing mud loss (Zhang Z. et al., 2022; Mahdi and
Alrazzaq, 2024; Keshavarz and Moreno, 2023).

Despite the various strategies in place, the phenomenon of mud
loss is influenced by several interconnected factors, including hole
size, differential pressure between the wellbore and the surrounding
formations, and the rheological properties of drilling fluids. These
parameters can interact in complex ways, leading to unpredictable
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loss volumes, necessitating a comprehensive understanding of their
interdependency. For drilling engineers, predicting the occurrence
and volume of mud loss poses a considerable challenge, as
the multitude of influencing factors can result in sudden and
unanticipated changes in drilling conditions, thus complicating
preventative measures and operational strategies (Pang et al., 2022a;
Magzoub et al, 2021; Pang et al, 2022b). The unpredictability
of mud loss has led to exploring various methodologies to
quantify this critical parameter. Traditional approaches, such as
empirical models and analytical solutions, have often proven
inadequate due to their reliance on simplified assumptions and
linear correlations, which do not account for the non-linear
complexities inherent in drilling operations. While some methods
have attempted to provide rudimentary predictions based on
historical data or geologic analogs, these approaches often lack the
granularity and adaptability needed to address the dynamic nature
of drilling environments (Gowida et al., 2022; Wood et al., 2022;
Zhang et al,, 2021; Ji et al., 2023).

Recent advances in machine learning have demonstrated its
transformative potential across diverse domains of geotechnical and
materials engineering (Bassir and Madani, 2019; Hasanzadeh and
Madani, 2024; Madani and Alipour, 2022), further underscoring its
applicability to drilling-related challenges. For instance, Thapa and
Ghani (2025) introduced hybrid deep learning models integrated
with environmental assessment frameworks to advance Sustainable
Development Goals (SDG 9 and SDG 12), showcasing how ML can
optimize soil stabilization strategies for urban resilience. Similarly,
Benzaamia et al. (2025) highlighted the efficacy of ensemble
tree-based algorithms in forecasting durability performance of
concrete, thereby contributing to sustainable construction practices.
In another notable study, Le et al. (2022) demonstrated the ability of
ANN models to capture complex nonlinear relationships between
rock properties and mechanical strength, offering predictive insights
that surpass traditional empirical correlations.

Machine learning offers the potential to harness vast
amounts of drilling data to identify relationships that may
not be obvious through traditional statistical analyses. The
successful use of machine learning in calculation analyses in
different fields underscores its value in enhancing operational
efficiency and decision-making (Noshi and Schubert, 2018;
Lawal et al, 2024; Nabavi et al., 2025). By integrating machine
learning into the prediction of mud loss, it becomes possible to
develop adaptive models that respond dynamically to the many
variables that influence drilling operations. This paradigm shift
represents a significant opportunity to advance understanding of
mud loss phenomena and improve drilling operations’ safety and
efficiency.

While various studies have explored the application of
machine learning in drilling operations, a comprehensive and
comparative analysis utilizing advanced ensemble techniques
on a large, real-world mud loss dataset from an active oil field
remains underexplored. Previous efforts have often relied on
smaller, synthetic, or generalized datasets, or focused on a limited
range of less sophisticated models (Abdollahfard et al, 2025;
Chen et al., 2025; Egbuna et al., 2025). Key novelty of this research
lies in its systematic investigation and comparative evaluation of
multiple state-of-the-art ensemble machine learning algorithms
(Random Forest, Adaptive Boosting, Decision Trees, and Ensemble

frontiersin.org


https://doi.org/10.3389/feart.2025.1750129
https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org

Alkwai et al.

Learning) using an extensive empirical dataset of 2,820 observations
directly from a Middle Eastern oil field. This study offers one of the
most robust and data-driven assessments of mud loss prediction
to date, providing practical insights into the complex interplay of
drilling parameters and demonstrating a predictive accuracy that
significantly surpasses conventional empirical or less sophisticated
modeling approaches. This work aims to bridge the gap between
theoretical ML applications and real-world operational challenges
by delivering a highly reliable and actionable predictive tool for mud
loss management (Jafarizadeh et al., 2023; Sabah et al., 2021).

Current study aligns with existing efforts to leverage machine
learning for lost circulation management, particularly those
utilizing field data from major oil fields. For instance (Al-
Hameedi etal., 2019), employed statistical models for lost circulation
volume prediction in the Dammam formation, demonstrating
improved accuracy over older models and providing empirical
equations for operational optimization. Similarly, (Okai et al., 2024)
explored deep learning algorithms (LSTM, GRU, CNN) for
classifying lost circulation severity in large oilfield datasets. Building
upon these foundations, this work distinguishes itself by primarily
focusing on the precise quantification of mud loss volume through
a rigorous comparative analysis of advanced ensemble machine
learning techniques (Random Forest, AdaBoost, Decision Trees,
and a custom Ensemble Learning framework).

The superior performance of AdaBoost model (test R* of
0.828) for this specific regression task, coupled with a detailed
sensitivity analysis providing quantifiable operational insights into
parameters like mud viscosity and solid content, offers a distinct
and highly actionable contribution beyond general prediction
or classification. This approach provides a robust, interpretable,
and directly applicable tool for enhancing real-time drilling
fluid management and significantly mitigating the economic and
environmental impacts of lost circulation.

Conventional models for predicting mud loss are limited
by simplified assumptions, linear correlations, and site-specific
heuristics, which hinder their accuracy and adaptability in complex
drilling environments. They often fail to generalize across diverse
geological conditions and are further weakened by reliance on
small or synthetic datasets. To address this gap, the present study
develops advanced predictive models using ensemble machine
learning techniques including Random Forest, AdaBoost, Decision
Trees, and a custom ensemble framework applied to a large, real-
world dataset from a Middle Eastern oil field.

Critical input parameters such as hole size, differential pressure,
mud viscosity, and solid content are systematically analyzed, with
outlier detection via the leverage method ensuring data integrity.
Model robustness is reinforced through k-fold cross-validation,
while sensitivity analyses and multiple performance metrics provide
deeper insights into parameter significance and predictive reliability.
By combining methodological rigor with practical field data, this
research offers a more accurate and generalizable framework
for mud loss prediction, thereby enhancing decision-making,
operational efficiency, and risk mitigation in drilling practices.

The remainder of this manuscript is organized as follows.
Section 2 provides the theoretical background of machine learning
methods, including ensemble learning, AdaBoost, Decision Trees,
and Random Forest. Section 3 describes the dataset, preprocessing
procedures, and model development framework. Section 4
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presents the results of model evaluation, sensitivity analyses, and
interpretability assessments. Finally, Section 5 concludes the study
by summarizing the key contributions and highlighting its practical
relevance for drilling operations.

2 Background of machine learning
2.1 Ensemble learning

As the flow chart presented in Figure 1, it is a powerful
technique paradigm that can combine various approaches, known
as base learners, to construct more powerful predicting models.
The primary advantage of ensemble methods is their ability
to enhance overall performance by leveraging the strengths of
various algorithms, thereby improving accuracy, stability, and
resilience against over-fitting. By integrating the outcomes of
several approaches, ensemble learning capitalizes on the concept
that the errors made by individual models are less likely to
correlate, leading to more reliable high-level predictions. This
approach has gained significant traction in various applications,
including classification, regression, and anomaly detection
(Zhang Y. et al., 2022; Yaghoubi et al., 2024; Mamun et al., 2022).

The primary benefits of ensemble learning are its capability
to improve the accuracy and robustness of techniques, reduce
overfitting, and enhance predictive performance in complex
datasets. Ensembles can better generalize than individual models
by aggregating predictions from multiple models. However, the
challenges associated with ensemble methods include increased
complexity in model interpretation, higher computational costs
during training and prediction phases, and the necessity for
careful selection and tuning of base learners to avoid overfitting
in specific contexts. Despite these challenges, ensemble learning
remains a prominent approach in machine learning, particularly
in competitive settings where maximizing predictive power is
paramount. Applications span various domains, including finance,
healthcare, and artificial intelligence, where ensemble methods
often yield superior results compared to single-model approaches
(Yang et al.,, 2023; Mhawi et al., 2022; Tan et al., 2022).

2.2 AdaBoost

AdaBoost, a shortened form of Adaptive Boosting, is a
pioneering technique that enhances the classification performance
of weak classifiers by combining their predictions into a robust
model (see Figure 2). Presented by Freund and Schapire (1996),
AdaBoost transforms weak learner collections into simple models
like decision stumps (trees with a single split) into a strong predictive
model. The fundamental idea behind AdaBoost is to focus on the
mistakes made by previous classifiers by adjusting the weights of
incorrectly classified instances during training. This iterative process
allows the model to improve its accuracy progressively and is
particularly effective at reducing bias and variance.

The AdaBoost algorithm operates sequentially, wherein it
adjusts the weights of training instances after each weak learner
is trained. The approach starts by putting equal weight on each
instance in the training dataset. During each iteration t, a weak
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Training Data
Labels & features

Random Forest AdaBoost Decision Tree
Prediction 1 Prediction 3 Prediction 5

Voting Averaging Stacking
Majority/Weighted Majority/Weighted Meta-Learner

Final Prediction

FIGURE 1
Flowchart of the ensemble learning machine learning method.

Input data

Initial Sample

Weak Learner 1 Update Weights
Decision stump according to errors

Weak Learner 2
Decision stump

Final prediction

FIGURE 2
A schematic overview of AdaBoost.

classifier h, (x) is trained using the weighted dataset (Ren et al., 2022; Where w; represents i-th instance weight, y; is the true label, 1
Amirruddin et al,, 2022). The weak classifier’s performance is (.) is an indication function that renders one in a true condition, and
measured by its weighted error rate, as shown in Equation 1. zero in not true. Weak classifiers are used for weighted data train, at

is calculated through Equation 2.

N
. Zi:lwi'l(yi # hy(x;)) (1) 1 l1-¢
t N o o = Elog< ) (2

i=1 &t

Frontiers in Earth Science 04 frontiersin.org


https://doi.org/10.3389/feart.2025.1750129
https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org

Alkwai et al.

Equation 2 expresses the importance of the weak learner; better-
performing classifiers receive higher weights. Finally, the AdaBoost
ensemble model’s predictions are made using the weight vote of
the weak classifier. The final output H(x) of the AdaBoost model
is given by Equation 3.

T
H(x) = sign( Z ah,(x) )
t=1

In Equation 3 T is the number of weak classifiers, and

©)

sign (.) denotes the sign function, which outputs the class label.
The framework can be adapted for regression tasks, and the
predictions would be averaged instead of voting. The adaptive
nature of AdaBoost, where the model emphasizes instances that
previous learners struggled with, coupled with its capability to
match numerous weak classifiers into a strong ensemble, makes
it a powerful method for improving predictive accuracy across
various usages, such as text classification, and bioinformatics.
Nevertheless, the AdaBoost approach is weak due to inaccurate data
and outlier sets, which can adversely affect model performance.
this
sensitivity, such as modifying the learning rate or employing
robust base learners (Mohebbanaaz et al, 2022; Tyralis and

Implementations often incorporate safeguards against

Papacharalampous, 2021). The schematic diagram of the AdaBoost
algorithm is illustrated in Figure 2.

2.3 Decision tree

Decision Trees, shown in Figure 3, are a famous machine-
learning approach implemented in classifications and regressions.
The primary objective of a decision tree is to split the datasets
into subsets, including instances sharing similar values of the
target variable. This hierarchical structure mimics human decision-
making, making it easy to understand and interpret. For all internal
tree nodes, a decision is made according to the particular value,
leading to the creation of child nodes that further partition the
dataset based on additional features. The approach reaches a stop
criterion like reaching a maximum depth or a minimum sample
number in a leaf node (Navada et al., 2011; Elhazmi et al., 2022).

The tree-building process begins with the entire dataset at the
root node, which is subsequently split based on the feature that
results in the highest gain in purity (the reduction in impurity
after the split). This is done by evaluating the chosen criteria (Gini
impurity, Entropy) across all possible splits for each feature. The
feature that yields the highest information gain or reduction in
impurity is selected for the split. Once a feature is chosen, the
dataset is partitioned into subsets according to the value of that
feature, and the process is recursively repeated for all subsets. The
recursion continues until a stopping criterion is reached, such as
a maximum tree depth or when further splits do not significantly
reduce impurity.

When a Decision Tree is made, predictions will be made by
traversing the tree structure from the principal node to a leaf node
as the decision rules based on the feature values of each instance. For
classification tasks, the class label assigned to the instance typically
represents the majority class of the samples in the leaf node, while for
regression tasks, the predicted value is the average of the outputs of
the instances in that leaf. The interpretability of Decision Trees is one
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of their significant advantages; the hierarchical structure allows for
straightforward visualization and understanding of how decisions
are made. Decision Trees can easily overfit, especially when they’re
deep. To prevent this and improve performance, consider pruning
them, limiting their depth, or using ensemble methods like Random
Forest (Zulfigar et al., 2021; Bansal et al., 2022).

2.4 Random forest

The Random Forest manner, depicted in Figure 4, builds
multiple decision trees and then aggregates their outcomes. To
build each tree, it uses a bootstrapped sample of the training
data (sampling with replacement) and considers only a random
subset of features for each split. This inherent randomness is key;
it makes the trees diverse and less prone to overfitting, ultimately
leading to a more robust model that performs well on new data
(Sarica et al., 2017; Biau and Scornet, 2016; Rigatti, 2017).

For each decision tree within this method, the splitting criterion
typically used is either the Gini impurity of classifications plus mean
squared error (MSE) for regressions. The Gini impurity G(p) is
defined as Equation 4.

G(p)

=1-) P (4)

Where P; denotes the instance proportion regarding class i in the
node. Once all DT are fabricated, the last estimate of this approach
is attained through an aggregation of the individual tree predictions.
In classifications, the mode is computed as Equation 5.

y=mode(y,y,)r) )

Equation 6 details how to calculate the final prediction for
regression tasks in a Random Forest: it's the average of all individual
tree predictions (yt), where T represents the total number of trees in
the forest.

™M=

y= Ve (6)

~ -

1

This ensemble approach utilizes the “wisdom of crowds”
principle, leading to higher accuracy and reduced variance
compared to individual decision trees. Moreover, Random
Forest is effective in its predictive abilities and provides
visions into feature importance, allowing experts to discern
which variables most influence the outcomes, thus enhancing
interpretability of various applications (Mohapatra et al.,, 2020;
Feng et al., 2020; Ao et al., 2019).

3 Data overview and model
performance
3.1 Data overview

The data used to develop and evaluate these predictive models
came from empirical mud loss volume data collected during

drilling operations in a Middle Eastern field. Table 1 provides a
comprehensive summary of the statistical characteristics of the input
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Decision tree algorithm schematic.
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FIGURE 4
Random forest algorithm schematic.

Input Data set

Nth Tree

Average all predictions

Average all predictions

parameters, which encompass hole size, mud viscosity, differential
pressure between the wellbore and surrounding formations, and
the solid content of the drilling mud. Additionally, the output
variable, defined as mud loss volume, is included in this analysis. The
statistical metrics presented in the table consist of key descriptors.
Notably, the dataset for developing the data-driven machine
learning model comprises 2,820 observations. To ensure a robust

Frontiers in Earth Science

train and check, 90% of dataset were allocated for the training
and validation. This allocation was implemented using k-fold cross-
validation, specifically with 5 folds, to enhance the model’s reliability
and mitigate overfitting. The remaining 10% of the dataset, namely
the testing phase, was reserved for assessing the efficacy and
predictive power of the developed models, enabling an accurate
evaluation of their performance in real-world scenarios. This

frontiersin.org


https://doi.org/10.3389/feart.2025.1750129
https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org

Alkwai et al. 10.3389/feart.2025.1750129

TABLE 1 Descriptive statistics of the input features and output response.

Parameters Kurtosis Skewness Standard deviation
Hole size 413 26.00 12.25 12.40 -0.27 0.37 493
MVIS 27.00 100.00 44.00 46.92 -0.06 0.66 12.01
Retort solid (%) 0.00 61.00 18.00 22.81 -1.31 0.39 16.58
Delta P (psi) ~5767.95 7295.03 673.62 727.95 3.08 0.03 1416.45
Mud loss (bbl/hr) 0 696.92 17.02 55.83 12.20 3.16 97.33
Data pre-processing analysis
Input DP Mud Viscosity
parameters
e Solid content

=

FIGURE 5
Overall flowchart on methodology of current research.

methodological framework underscores the rigor and systematic
approach employed, thereby contributing to the overall robustness
and validity of the research findings. Figure 5 illustrates the overall
flowchart on methodology of current research.

To ensure machine learning algorithms are both effective and
generalizable, K-fold cross-validation was used. This approach
meticulously divides the dataset into ‘K’ segments, or folds. Each
of these folds is used as a validation set exactly once, with the
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other ‘K-1' folds forming the training set. Running this training and
validation loop ‘K’ times, and then averaging the outcomes, helps
minimize the inherent bias from arbitrary data splits, leading to a
more dependable evaluation of the model’s performance (Wong and
Yeh, 2019; Fushiki, 2011).

K-fold cross-validation is particularly useful for preventing
overfitting, as it allows us to thoroughly evaluate a model’s predictive
performance on different parts of the dataset. Figure 6 provides a
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FIGURE 6
K-Fold algorithm diagram, highlighting the process of data partitioning, training, and validation across multiple folds.

visual overview of this robust process. For this study, a 5-fold cross-
validation approach was applied to each algorithm in its training.
This methodology selection ensures a more reliable assessment of
model performance and promotes the design of more robust models.

To ensure that overfitting did not compromise the reliability
of the developed models, several safeguards were implemented
during the training and evaluation process. First, a 5-fold cross-
validation strategy was applied to the training dataset, allowing
each subset of data to serve as both training and validation in
rotation, thereby reducing bias from arbitrary splits. Second, an
independent test set comprising 10% of the data was reserved
exclusively for final evaluation, ensuring that model performance
was assessed on unseen data. Third, hyperparameter tuning was
conducted with careful monitoring of validation metrics to avoid
overly complex configurations that could memorize noise rather
than capture generalizable patterns. Finally, sensitivity analyses and
SHAP-based interpretability checks confirmed that the models were
learning meaningful relationships rather than spurious correlations
(Asteris et al., 2021; Armaghani and Asteris, 2021).
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3.1.1 Dataset description and representativeness

The empirical foundation of this study is a comprehensive
dataset comprising 2,820 individual data points compiled from
historical drilling operations (2010-2023) in the Majnoon oil field,
located in the southeastern region of Iraq. This dataset provides
a rich and diverse source of real-world information, critical for
developing robust predictive models. The following sections detail
the context, characteristics, and pre-processing steps applied to
ensure data quality and model reliability.

To properly evaluate the generalizability of the machine learning
models, it is essential to understand the environment from
which the data were sourced. The key contextual parameters are
as follows.

1. Geological Setting: The wells captured in this dataset were
drilled through predominantly sandstone formations. The
depth of the logged intervals ranges from approximately
2,150 m-4,210 m, covering various pressure and temperature
regimes inherent to these depths.
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2. Drilling Fluid System: All operations utilized a Water-Based
Mud (WBM) system. The rheological properties of this fluid
system were characterized using the Bingham Plastic model, a
standard approach in the drilling industry for describing the
relationship between shear stress and shear rate.

3. Operational Conditions: Drilling was conducted under
overbalanced drilling (OBD)
hydrostatic pressure of the drilling mud column intentionally

conditions, where the
exceeds the formation pore pressure. The dataset includes
operations performed with both tricone (roller-cone) bits
and Polycrystalline Diamond Compact (PDC) bits. The
mud circulation rate, a key operational parameter, varied
significantly across the dataset, with values ranging from 100
to 720 gallons per minute (gpm).

Prior to model development, the raw dataset underwent
rigorous pre-processing and cleaning to resolve inconsistencies
and noise, ensuring the fidelity of the data used for training. The
leverage statistical method was applied to identify potential high-
leverage points, which represent observations with extreme feature
values that can influence model behavior. Although hat-values were
computed, none of these high-leverage observations were removed.
This choice preserved the full variability of the dataset, prevented
unnecessary narrowing of the feature space, and maintained the
model’s ability to generalize to real operational conditions where
extreme but valid cases commonly occur. In addition, no data
point containing missing values was used. Only complete and
fully observed samples were retained to avoid bias introduced by
imputation and to ensure that model training relied solely on reliable
and directly measured information.

Furthermore, mud loss is not a monolithic phenomenon. For
this study, a critical distinction was made between different types
of loss. The models were specifically developed to predict seepage
and partial losses, which typically occur through porous formations
or small fractures and can be managed by adjusting drilling
parameters and mud properties. Instances of catastrophic or total
loss, characterized by a sudden and complete loss of circulation
into large natural or induced fractures, were identified and excluded
from the dataset. This exclusion is justified because catastrophic
events represent a different physical mechanism that often requires
immediate and drastic interventions, rather than the fine-tuning
of operational parameters that this predictive model is designed to
support. This focused approach ensures that the model is trained
on a consistent problem domain, enhancing its practical utility for
routine drilling operations.

3.2 Models' evaluation

To determine the predictive capabilities of the constructed
models, a range of performance metrics is systematically calculated
for each model, using Equations 7-10 (Madani et al,, 2021;
Madani et al., 2017; Asteris et al., 2025; Sarir et al., 2021):

red _ _exp
RE%=<OPOTPO>><IOO )
N pred _  exp
100 0"~ o,
AARE% = WZ( ZOTP’ ) (8)

i=1
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In this framework, the subsequent performance metrics are
employed to evaluate model precision: MSE, RE%, AARE%, and R*.

MSE = 9

RP=1- (10)

= MNyin
norm = (1 1)
Nax ~ Pmin
In the Equation 11, n denotes the current data point, max is the

highest value in the dataset, min is the lowest value, and n is the

norm
resulting normalized data value.

3.3 Sensitivity analysis

This part introduces a sensitivity investigation by Pearson
coeflicient to evaluate how inputs affect the mud loss volume
during the well construction phase. In summary, an input variable’s
importance is established by its value’s magnitude; The absolute
value of this element reflects its importance. A positive value
suggests a direct relationship where both the input and target
variables increase together. In contrast, a negative value indicates an
inverse relation, meaning the target declines as the input raises. This
factor is then identified. (Madani et al., 2021; Bemani et al., 2023):

 T)@E-?)
VS (-T)Y (2 2)

In Equation 12, TJ
variable I;, while Z and Z represent the response variable and

(12)

denotes the average amount of the

its average. Figure 7 depicts the relative implication of various
factors on the mud loss volume, containing hole size, mud
viscosity, differential pressure between the wellbore and formation,
and mud solid content. The results indicate that mud viscosity
exerts the most pronounced effect on the mud loss volume,
characterized by a correlation coefficient (R-value) of —0.24, which
denotes an inverse relationship with the output parameter. In
contrast, the impact of hole size is minimal, as evidenced by
an R-value of 0.011. Furthermore, the analysis reveals that hole
size and differential pressure parameters positively influence mud
loss volume. In contrast, mud viscosity and solid content are
associated with a negative impact on the magnitude of this
output parameter.

In this study, the identified inverse relationships between
mud viscosity/solid content and mud loss volume provide crucial
insights for proactive drilling fluid management. Specifically, the
negative correlation of mud viscosity (R-value of -0.24) and
solid content with mud loss suggests that these parameters are
key levers for mitigation. Higher mud viscosity enhances the
formation of a robust filter cake, which can effectively seal
permeable formations and micro-fractures, thereby reducing fluid
invasion. Similarly, an optimized concentration of fine, inert solids
within the drilling fluid contributes to a low-permeability filter
cake that minimizes fluid loss into the surrounding rock. These
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Computed relevancy indices respective to mud viscosity, hole size, retort solid, and delta P.

findings underscore the importance of precise control over drilling
fluid properties as a primary strategy to prevent and manage
lost circulation.

Translating these insights into practical field applications,
drilling engineers can leverage the models predictions and
the sensitivity analysis findings to make informed, real-time
adjustments. When indicators of potential mud loss emerge,
a strategic increase in mud viscosity, achieved through the
addition of appropriate viscosifiers, should be considered to
reinforce wellbore stability and reduce fluid invasion. Concurrently,
rigorous management of solids control equipment is essential
to maintain the optimal type and distribution of solids that
contribute to a strong filter cake, without compromising other
mud properties. This proactive, data-driven approach, guided by
the model, empowers operators to minimize the economic and
operational impact of lost circulation, enhancing drilling efficiency
and safety.

To enhance interpretability, the SHAP framework was utilized as
a game-theory-based method that assigns each feature a measurable
impact on predictions. By assessing its influence across all feature
combinations, SHAP provides a consistent, mathematically sound
explanation of model behavior, clarifying how individual variables
shape the output.

Figure 8 highlights that hole size emerges as the dominant
parameter governing mud loss volume, exerting a stronger
influence than any other input variable considered in the analysis.
This observation is further substantiated by the SHAP feature
attribution plot in Figure 9, which provides a detailed breakdown
of how individual features contribute to the model’s predictions.
The visualization employs a color gradient to encode feature
magnitude, where red indicates higher values and blue denotes
lower values. Notably, the distribution of red points on the
negative side of the hole size axis demonstrates that larger
hole sizes are consistently associated with reduced mud loss
predictions. This pattern underscores the inverse relationship
between hole size and mud loss volume, offering a mechanistic
interpretation of the model’s behavior. In contrast, features with less
pronounced SHAP contributions exhibit weaker or more scattered
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distributions, reinforcing the central role of hole size in shaping the
predictive outcome.

3.4 Outlier identification

Leveraging technique is an analytical approach implemented
to identify anomalous datapoints via assessing the St.D
of residual values in conjunction with H. H is computed
using a specific formula, as detailed below. This approach
allows for the quantification of the influence that individual
observations exert on the fitted model, facilitating the detection

of outliers (Madani et al., 2021):

H=X(X"X)"'x" (13)

To derive the hat amounts for the data and assess H, it
is essential to calculate the entries of H using Equation 13.
The matrix is constructed by X that has dimensions n
(representing input parameters) by m (representing dataset),
in conjunction with XT. Formulas for determining leveraging
values is provided in the Equation 14. This calculation is crucial
for identifying the influence of individual remarks on the
constructed model (Bemani et al., 2023):

H* =3(n+1)/m (14)

After calculating the leverage values (H"), questionable
datapoint is identified via Williams plot. As depicted via Figure 10,
the suspected and leveraged threshold are employed to an acceptable
section, indicated by the green. Most data entries fall in the range,
while less than 1% of the datapoints marked as red. This research
includes whole initial dataset for developing robust predictive
models, enhancing generalization.

3.5 Computational considerations

While the implementation of robust techniques such as k-fold
cross-validation, outlier detection, and ensemble learning methods
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significantly enhanced the predictive accuracy and reliability of
the models, it is important to acknowledge their associated
computational costs.

The most substantial contributors to computational overhead in
this study were.

« K-Fold Cross-Validation: Performing k separate training and
validation runs for each model, rather than a single train-test
split, inherently increases processing time by a factor of k.
For example, a 10-fold cross-validation requires 10 times more
training iterations.

« Ensemble Learning Algorithms: Both Random Forest and
AdaBoost, by design, involve the training of multiple
individual decision trees. While Random Forest benefits
from parallelization, AdaBoost’s sequential nature means that
the training of each subsequent weak learner depends on
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the previous one, which can be computationally intensive,
especially with a large number of estimators.

Hyperparameter Tuning: The process of systematically
searching for optimal model hyperparameters (e.g., using Grid
Search) involved evaluating numerous model configurations,
each requiring a full training and cross-validation cycle. This
step was particularly resource intensive.

Despite these computational demands, the trade-off was deemed
acceptable and necessary. The enhanced model robustness, reduced
overfitting, and more reliable performance estimates obtained
through these methods are critical for a high-stakes application
like mud loss prediction in drilling operations, where inaccurate
forecasts can lead to significant economic losses and operational
inefficiencies. The computations were performed with an Intel Core
i7 processor and 16 GB RAM and the total execution time for
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FIGURE 10
Hat matrix for outlier detection.
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model training and evaluation was manageable within the scope of
this research.

4 Results and discussion
4.1 Hyperparameter tuning

Hyperparameter tuning for the various algorithms was
performed using the training and validation sets. Specifically,
the Decision Tree model's max-depth parameter
optimized to 18, a detail visible in Figure 11. As shown in

was

Figure 12, the optimized value of the number of estimators
hyperparameters in the AdaBoost machine model is 20, while
the tuned value of maxdepth in the random forest model, as
demonstrated in Figure 13, is set to 20. Notice that the Ensemble
Learning model comprises the decision tree base estimators,
random forest, and adaptive boosting, each with its optimum
hyperparameters.

4.2 Evaluation of the established models

Table 2 offerings the results of the evaluation metrics concerning
train, test, and total data points for the prediction utilizing the
established models. Three quantitative metrics, (R?), mean MSE,
and AARE%, were employed to ascertain the performance of the
developed soft computing methodologies. Based on these metrics,
the AdaBoost model emerged as the most effective estimator for
predicting mud loss volume, achieving R?, MSE, and AARE% values
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of 0.987, 118.4, and 12.4, respectively. The evaluation metrics are
visually represented in Figure 14 for the testing phase, facilitating
a clear and comprehensive comparison among the various models
developed in this study.

Two visualization techniques were employed to evaluate the
efficacy of the developed algorithms: relative errors and crossplots.
Figure 15 visually compare the observed and predicted mud loss
volumes for each algorithm employed in this study. Notably, the
AdaBoost exhibits a tight clustering of points proximal to the
y = x line, indicating a robust correlation among the actual and
predicted amounts. The linear regression lines derived from these
data points closely align with the ideal y = x line, suggesting that
the AdaBoost model accurately predicts the mud loss volume. The
scatter plots in Figure 15 further demonstrate the precision of
the AdaBoost model, with the relative error distribution closely
aligned with the x-axis. These visualization manners establish
a strong correlation among the actual mud loss data and the
results attained from the AdaBoost, underscoring its accuracy
and reliability.

4.3 Advantages

The proposed framework for mud loss prediction offers several
key advantages.

o Higher Accuracy: The Adaptive Boosting (AdaBoost) model
demonstrated significantly higher predictive accuracy,
achieving a test R of 0.828 on the test dataset. This
performance notably surpasses that of other evaluated
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Finding the tuned value of the estimators in the AdaBoost.

models, providing a more reliable tool for real-world
applications.

Operational Insights: The sensitivity analysis provided crucial
operational insights by quantitatively identifying the most
influential parameters affecting mud loss. Specifically, mud
viscosity was confirmed as the most impactful inversely
correlated parameter (Pearson R = —0.24), offering direct
guidance for optimizing drilling fluid properties.
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o Robustness: The rigorous methodology, including
the application of the leverage technique for
outlier detection and robust 5-fold cross-validation,
significantly ~ enhances the model's reliability —and

generalizability. These measures effectively mitigate the
risks of data integrity issues and overfitting, ensuring
the model's applicability

scenarios.

across varied operational
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TABLE 2 Evaluation metrics concerning three phases for all the models.

R2 ’ MSE ’
Training Test ‘ Total ‘ Training ‘ Test ‘ Total ‘ Training ‘
Decision tree 0.994555 0.5626062 0.966008 53.51638 2738.8148 322.0462 11.16078 95.056891 19.55039
AdaBoost 0.998759 0.8283642 0.987497 12.20052 1074.7262 118.4531 7.670637 55.34486 12.43806
Random forest 0.96352 0.7551114 0.949754 358.5526 1533.4111 476.0385 64.27638 81.265485 65.97529
Ensemble learning 0.993628 0.7766848 0.979291 62.62534 1398.3258 196.1954 28.00176 70.97087 32.29867

4.4 Limitations

While the present study demonstrates the strong predictive
capability of ensemble machine learning models for mud loss
volume, several limitations must be acknowledged to contextualize
the findings and guide future research. The dataset employed
in this study was derived exclusively from a Middle Eastern oil
field. Although the dataset is diverse within its local operational
context, encompassing a wide range of drilling practices and
fluid compositions, its geographic and geological specificity may
constrain the generalizability of the models. Subsurface formations
in other regions may exhibit distinct lithological, geomechanical,
and fluid interaction characteristics that could influence mud loss
dynamics differently.

To
of the developed models, external validation using datasets
from other oil fields and geological settings is essential. Such

strengthen confidence in the broader applicability

validation would confirm whether the predictive relationships
identified here hold across diverse drilling environments and
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operational conditions. A promising avenue for extending
the utility of this work lies in transfer learning. Pre-trained
ensemble models developed on the current dataset could be
fine-tuned with smaller, region-specific datasets from other
drilling environments. This approach would reduce the data
requirements for new sites while leveraging the predictive power
of the existing models, thereby facilitating rapid adaptation to local
geological contexts.

Finally, while the models provide actionable insights into mud
loss prediction, their integration into real-time drilling operations
requires further testing. Future work should explore coupling these
predictive frameworks with live drilling data streams and decision-
support systems to evaluate their performance under dynamic
field conditions. In summary, although the present study offers
a robust and data-driven framework for mud loss prediction,
its geographic specificity necessitates cautious interpretation.
Expanding validation efforts and exploring transfer learning
strategies will be critical to ensuring that the models achieve
practical utility across diverse drilling environments worldwide.
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4.5 Recommendations and future work

Future research could explore the integration of real-time
drilling parameters, evaluate additional advanced deep learning
architectures, and validate the models across a wider range
of geological settings and drilling conditions. Future work will
explore the integration of additional geological parameters, such
as formation permeability, rock mechanical properties, and more
granular pore pressure data, pending their availability and consistent
measurement across diverse datasets. This would allow for a more
comprehensive understanding of the interplay between operational
and geological factors influencing mud loss.

Furthermore, future work could significantly enhance the
model’s predictive power by integrating a more profound
understanding of the geomechanical environment and leveraging
advanced sensing technologies from related domains. For instance,
detailed characterization of pre-existing faults and fractures, which
are primary conduits for mud loss, is essential for proactive risk
mitigation in challenging reservoirs (Talib et al., 2023). This
geological insight can be complemented by a deeper analysis of
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rock damage mechanics, including the fractal analysis of limestone
damage under tool impact (Zou et al., 2025a) and modeling
the transient conditions of rock breaking and associated cutter
wear (Zou et al., 2024; Zou et al, 2025b). Moreover, obtaining
accurate formation properties as model inputs is critical; this can
be improved using advanced methods like Bayesian data fusion to
determine the properties of materials like clay (Zheng et al., 2025)
and by studying the dynamic shakedown behavior of granular
materials within the formation (Wang et al., 2023). To enable real-
time prediction, the model could be fed live data from advanced
downhole sensing technologies such as electromagnetic tomography
for multiphase flow monitoring (Ge et al., 2025). The validity
of applying such data-driven and theory-guided neural network
approaches is supported by their successful use in analogous
geomechanical problems, including the intelligent diagnosis of
pipeline blockages (Di et al., 2025) and predicting ground settlement
from construction (Li et al., 2025). Ultimately, integrating these
elements can contribute to a more holistic modeling framework that
captures diverse physical phenomena across a well’s lifecycle, such
as thermal-induced growth (Yu et al., 2024).
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Comprehensive performance evaluation of the developed machine learning models comparing actual versus predicted mud loss volumes and relative
error distribution for training and testing datasets. (A) AdaBoost. (B) Decision Tree. (C) Ensemble Learning. (D) Random Forest cross-plots and (E)
Decision Tree. (F) AdaBoost; (G) Ensemble Learning; and (H) Random Forest relative error distributions.
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5 Conclusion

This study developed and evaluated advanced ensemble
machine learning models such as Random Forest, AdaBoost,
Decision Trees, and a custom stacking-based ensemble to predict
mud loss volume in drilling operations.

« Alarge, real-world dataset comprising 2,820 observations from
the Majnoon oil field was used, ensuring empirical relevance
and robustness.

» AdaBoost emerged as the most accurate model, achieving a test
R? of 0.828, outperforming other ensemble techniques.

Sensitivity analysis revealed that mud viscosity and solid

content inversely affect mud loss, while hole size and

differential pressure positively contribute to it.

o The use of k-fold cross-validation and leverage-based outlier
detection ensured model generalizability and data integrity.

o The that ML models

significantly outperform traditional empirical approaches in

study demonstrated ensemble
predicting mud loss, offering a reliable and interpretable tool
for operational decision-making.
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Nomenclature

ML Machine learning

RF Random Forest

DT Decision Tree

AdaBoost Adaptive Boosting

EL Ensemble learning (stacking-based in this study)

CNN Convolutional Neural Network

LSTM Long Short-Term Memory network

GRU Gated Recurrent Unit

SHAP SHapley Additive exPlanations

SDG Sustainable Development Goal

y Target variable (mud loss volume)

Yr Target at final time step or total dataset label

¥; Target value for sample i

X Input feature vector

X; Feature vector for sample i

t Time step or sequence index

a, Activation or attention at time step ¢

h; Hidden-state/learner output for sample i

w Model weight, feature weight, or ensemble weight

e, Error/residual at time step ¢

P, Predicted mud loss for sample i

G(p) Gain/impurity reduction function of parameter p

D, Hole diameter (inches or mm)

AP Differential pressure between wellbore and formation
(MPa or psi)

u Mud viscosity (cP)

S. Solid content of drilling fluid (%)

V loss Mud loss volume (L, m?, or bbl)

Irr Random Forest base learner prediction

S ada AdaBoost base learner prediction

for Decision Tree base learner prediction

Arp> Xpda> XpT

Ensemble weights for RE, AdaBoost, and DT

y Final ensemble prediction (y = app frp + Xadafada + Corfo7)

R? Coefficient of determination

MAE Mean absolute error

RMSE Root mean squared error

MAPE Mean absolute percentage error (%)

k Number of folds in k-fold cross-validation

D:rain> Diest Training and independent test sets
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