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A B S T R A C T   

Many researchers have examined the benefits of machine learning (ML) algorithms in geothermal drilling, 
especially for predicting the rate of penetration (ROP) of drilling. However, little attention has been given to 
enhancing the explainability of ML algorithms. Motivated by this, this study examines the feasibility of an 
explainable ML approach for elucidating the behavior of the drilling parameters to generate explainable insights 
regarding the surface-controllable drilling parameters that could maximize the ROP for drilling effectiveness 
(DE). First, this study presents a performance analysis using hyper-parameter technique of the ensemble su
pervised machine learning (ESML) for ROP predictions. Secondly, this study uses an explainable ML method to 
explain the drilling parameters’ behavior based on the ESML prediction. The results show that the ensemble 
CatBoost model shows the best performance for ROP prediction. Then, the explainable ML successfully revealed 
several influential drilling parameters that could maximize the ROP for DE. In earlier drilling (0–4,000 m in 
depth), temperature and pressure contribute to a lower ROP, and the drilling fluid flow rate and rotary speed 
contribute to a higher ROP. On the other hand, as the drills go deeper into the earth (4,000–7,536 m in depth), 
maximum ROP can be obtained by maximizing the drilling pressure, weight on bit (WOB), surface torque, and 
rotary speed (RPM) of the drill bit, while drilling fluid flow rate does not significantly contribute to ROP. The 
explainable ML also highlighted the drilling parameters’ inflection points when a switch from low to high rates of 
ROP occurs. Overall, the findings show the proposed model’s strength in generating explainable insights that can 
improve the selection of appropriate ROP settings and support future decision-making processes in geothermal 
drilling.   

1. Background 

Geothermal energy is commonly considered a renewable and sus
tainable form of energy, as opposed to fossil fuels. Geothermal energy 
uses the earth’s natural internal heat; typical fluids in the geothermal 
reservoir include water and steam at high temperatures. However, its 
exploitation requires deep drilling, which can be difficult and costly. The 
development of geothermal resources has many challenges; this is pri
marily caused by a lack of funding and insufficient technology to explore 
sites of such depth and high temperature (Muther et al., 2022). When 
drilling for geothermal resources, many factors can impact the ROP 
(Wang et al., 2022, 2023). Those factors, which include rock strength 

properties, drilling fluid properties, and drilling bit wear, are some of the 
parameters of concern that increase the uncertainty level of the drilling 
operation or ROP (He et al., 2021; Wang and He, 2023). Therefore, re
searchers estimate that geothermal drilling accounts for around 30%– 
50% of the total project cost (Allahvirdizadeh, 2020; G. Li et al., 2022). 
The cost will expand even more when dealing with complex oil and gas 
resources like offshore and ultra-deep reservoirs (Okoroafor et al., 
2022). 

ROP is the increase in speed or progression of the drill bit when the 
formation rock breaks (Sobhi et al., 2022). It is determined by measuring 
the required amount of time to drill a given unit of depth, and it is 
generally reported in feet per hour, with the typical average ROP 
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between 6 and 13 feet per hour (Rosberg and Erlström, 2021). Drilling at 
the highest ROP possible is necessary to lower the drilling expense per 
foot (Ben Aoun and Madarász, 2022; Okoroafor et al., 2022). However, 
drilling at the highest ROP possible should be balanced with safety 
considerations and risk management. The optimization of drilling pa
rameters and equipment should always prioritize safety and the pres
ervation of wellbore stability (Gomez et al., 2021). Therefore, drilling 
for geothermal resources have many serious challenges, requiring 
technological innovation to model or simulate the drill bit’s penetration 
rate, thus decreasing the risks and costs. 

Nowadays, ML technologies have become a solution to the chal
lenges of drilling for geothermal resources. The integration of ML 
technology in geothermal drilling has rapidly increased over the last two 
decades because it provides the solution for technological innovation 
which can significantly improve DE and reduce the risks and project 
costs (Alsaba et al., 2020; G. Li et al., 2022; Okoroafor et al., 2022). ML 
has been applied as a tool for drilling simulation that has been proven to 
reduce the risks and cost of geothermal drilling development (Ben Aoun 
and Madarász, 2022). ML technologies for ROP modeling have always 
been the primary concern of researchers and companies in the industry 
since ROP is directly related to the drilling cost (Sobhi et al., 2022). 
Therefore, many researchers have implemented those technologies in 
many drilling areas, such as intelligent optimization and prediction, 
drilling trajectory optimization, drilling risk management, drilling 
cementing evaluation, fracturing optimization, and completion man
agement through automated equipment to reduce risks and drilling costs 
(He et al., 2022; G. Li et al., 2022). 

Mostly, ML technologies for geothermal drilling studies can be 
grouped into intelligent algorithms and intelligent equipment. Intelli
gent algorithms apply ML algorithms to solve complex nonlinear prob
lems, such as intelligent drilling prediction, which uses drilling 
parameters as input for the ML model to predict the ROP. Conversely, 
intelligent equipment supplies data sources and hardware support to 
determine and confirm intelligent models (G. Li et al., 2022). Many 
researchers have utilized these intelligent drilling predictions for many 
years, for example, Hegde et al. (2017). Their experimental work 
compared three physics-based or conventional models (i.e., Bingham, 
Motahhari, and Hareland) with ML models (i.e., linear regression and 
random forest regressor) for ROP prediction. Their ML models utilize 
controllable parameters (such as weight on bit, rotary speed, and flow 
rate) as input features. Both models were compared based on the coef
ficient of determination (R2). Based on the results, ML models were 
obtained better performance than physics-based models. Similarly, 
Shahdi et al. (2021) and Han et al. (2019) compared ML models to 
physics-based models and found that ML achieved the best performance. 

Despite the extensive research regarding intelligent drilling predic
tion, little attention has been given to enhancing the explainability of 
ML algorithms. To our knowledge, no studies explain which types of 
drilling parameters may potentially lead to maximizing ROP for DE. It is 
still challenging to dynamically manipulate the controllable parameters 
of drilling to ensure an effective ROP (Sobhi et al., 2022). Finding the 
right balance and optimizing drilling parameters based on the particular 
drilling circumstances and formation characteristics is crucial for 
maximizing ROP (Bani Mustafa et al., 2021). Therefore, understanding 
the controllable drilling parameters is essential, as it can provide 
knowledge to evaluate the geothermal project risks and costs. The 
knowledge gained from this study is beneficial because it (a) helps en
gineers choose the optimal drilling parameters to maximize ROP for 
future drilling projects (Ben Aoun and Madarász, 2022), (b) allows en
gineers to estimate the drilling risks (G. Li et al., 2022), and (c) allows 
researchers to optimize algorithms for maximizing ROP (Muther et al., 
2022). 

Explainable ML is a technique that describes the underlying pro
cesses in ML models in a way humans can understand (Barredo Arrieta 
et al., 2020). Numerous studies have utilized this technique. In experi
mental studies, Chakraborty et al. (2021) used the explainable ML 

technique to explain the compressive behavior of high-performance 
concrete. Zhipeng and Gani (Zhipeng and Gani, 2022) employed the 
explainable ML technique to elucidate the harmful content in video 
games, and it has also been utilized in the transportation field, such as to 
explain road traffic accidents (K. Li et al., 2022). Although previous 
studies have confirmed the promise of explainable ML regarding its 
interpretability, no study has used it to examine drilling parameters. 
Current research studies focus on intelligent drilling prediction and 
optimization to obtain metrics with the highest prediction accuracy of 
ROP (Ben Aoun and Madarász, 2022; Han et al., 2019; Hegde et al., 
2017; G. Li et al., 2022) but lack a detailed analysis of the ML used for 
the purpose. Previous review studies have also raised the fact that no 
drilling studies focus on explainability (G. Li et al., 2022). Our study 
tackles these research omissions identified in previous experimental and 
review papers. 

Therefore, the goal of this paper is to examine the feasibility of 
explainable ML models for elucidating the behavior of drilling param
eters based on ROP prediction to generate explainable insights regarding 
the drilling parameters that could lead to maximizing the ROP for DE. 
This paper suggests two main methods to enhance the explainability of 
ML models. First, this study utilized hyperparameter optimization and 
compared six advanced ESML models to determine the best model for 
ROP prediction. The models were Random Forest Regressor [RFG], 
Gradient Boosting Regressor [GBR], CatBoost Regressor [CBR], Ada
Boost Regressor [ABR], XGBoost Regressor [XGB], and LightGBM Re
gressor [LGR]. Then, this study applied an explainable ML technique for 
explaining the controllable drilling parameters based on the ESML 
prediction. This study proposes several explanations to increase the 
model’s explainability using global and local interpretability analyses 
based on SHapley Additive exPlanation (SHAP) and Local Interpretable 
Model-agnostic Explanations (LIME) framework. 

This study first provides an overview of the application of ML in 
geothermal ROP prediction. Next, this study explains the materials, 
method, and development process of the ESML model and explainable 
ML in this work. Further, this study presents a performance analysis of 
ESML to determine the best model for interpretable analysis. Then, this 
study applies an explainable ML approach to elucidate the drilling pa
rameters based on the ESML prediction. This approach generates new 
knowledge regarding the influences of the drilling parameters on the 
ROP and enables practitioners to identify appropriate ROP settings. 
Finally, this study discusses potential applications and future research 
directions in geothermal drilling. 

1.1. Why Ensemble Supervised Machine Learning (ESML)? 

The ESML integrates numerous base models to create a single best 
predictive model. Many researchers claimed that the ESML model per
forms better than the non-ESML model because it (a) has the potential to 
achieve higher predictive accuracy (Mohammed and Kora, 2023), (b) 
can decrease specific errors generated by individual models, resulting in 
a more accurate overall prediction by combining the predictions of 
numerous models (S. Zhang et al., 2021), (c) can minimize the impact of 
the outliers and make more reliable predictions (Lu et al., 2022), (d) can 
capture diverse features of the dataset and create more thorough pre
dictions. Different models may have distinct biases, assumptions, or 
perspectives, and by integrating them, ESML methods can utilize their 
accumulate intelligence (Dong et al., 2020) and (e) can potentially 
provide new data insights and model predictions. It is feasible to un
derstand better the underlying patterns and factors impacting pre
dictions by studying the contributions of individual models within the 
ESML (Chen et al., 2020). 

Over the years, the ESML model has successfully been implemented 
in numerous areas, such as software defect prediction (Sharma et al., 
2023), bioinformatics (Cao et al., 2020), cancer prognosis and diagnosis 
(Zolfaghari et al., 2023), and solar irradiation (Alam et al., 2023). 
Further, many researchers reported that the ESML model outperformed 
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non-ESML models regarding their predicted accuracy. For example, 
Akano and James (Akano and James, 2022) reported that the ESML 
model (i.e., gradient boosting, XGB, and ABR) outperformed the 
non-ESML model (i.e., artificial neural network, support vector ma
chine, decision tree, and linear regression) in predicting crude oil vis
cosity. Amin et al. (2022) identified that ABR and RFG models 
performed better than decision tree and support vector regression in 
predicting the mechanical properties of fly ash/slag-based geopolymer 
concrete. Additionally, Y. Li and Chen (Y. Li and Chen, 2020) compared 
the performance of the ESML model (i.e., RF, ABR, XGB, and LGR) and 
non-ESML model (i.e., neural network, decision tree, logistic regression, 
naïve bayes, and support vector machine). Their experimental findings 
reveal that the performance of the ESML model is better than the 
non-ESML model. In short, previous research has demonstrated the su
premacy of the ESML model over the non-ESML model. In addition, to 
our knowledge, the ESML models for ROP prediction are not yet 
researched by previous works. Therefore, studying ESML models for 
ROP prediction in the more recent observation time will be beneficial for 
the current understanding. 

1.2. Why interpretability analysis using SHAP and LIME? 

SHAP is a game theory-based method that provides a powerful and 
insightful evaluation of a feature’s importance in a model (Lundberg and 
Lee, 2017). LIME is a technique that uses a local interpretable model to 
approximate any black box ML model and explain each prediction 
(Ribeiro et al., 2016). LIME generates a modified dataset to fit an 
explainable model, whereas SHAP requires a whole sample to derive 
SHAP values. This means that LIME requires only one observation, 
whereas SHAP requires many observations. Both LIME and SHAP are 
model interpretation techniques. LIME focuses on local explanations via 
perturbations and simpler models, whereas SHAP provides global ex
planations using Shapley values. 

In the recent years, SHAP and LIME have successfully been imple
mented in numerous areas, such as anomaly detection (Antwarg et al., 
2021), suicide attempt risk (Nordin et al., 2023), compressive strength 
predictions (Ekanayake et al., 2022), drug concentrations (Ogami et al., 
2021), NO2 forecasting (Vega García and Aznarte, 2020), nasopharyn
geal cancer survival (Alabi et al., 2023), Classification of Cardiac 
Arrhythmia (Abdullah et al., 2023), and prediction of tight gas (Ma 
et al., 2023). The LIME and SHAP approaches are by far the most 
complete and prevalent across the literature methods for showing 
feature interactions and feature relevance when explaining any 
black-box model (Linardatos et al., 2020). The LIME and SHAP ap
proaches are model-agnostic and have also been shown to work with any 
form of data (Saranya and Subhashini, 2023). In brief, past research has 
demonstrated the strength of the SHAP and LIME techniques to explain 
the predictions of ML models. Therefore, considering the research gaps 
revealed by the prior studies discussed in the previous section, this study 
utilizes the SHAP and LIME framework to explain the behavior of dril
ling parameters based on ROP prediction. 

2. Literature review 

In recent years, many researchers have implemented ML models in 
the prediction of ROP. Based on the review papers (G. Li et al., 2022; 
Okoroafor et al., 2022). ML application in intelligent drilling prediction 
is divided into two groups. The first is the application of ML in the 
intelligent prediction of ROP, and the second is intelligent drilling 
optimization for ROP prediction. 

2.1. Intelligent drilling prediction of ROP 

ML prediction models usually use a single model or hybrid models to 
improve the accuracy of ROP predictions. For example, Diaz et al. 
(2018) implemented a Fourier transform filter to smoothen the collected 

data and utilized multiple linear regression analysis and a shallow 
neural network to predict ROP. Both linear regression and shallow 
neural network models improved the accuracy of ROP prediction, with 
the smoothened data influencing the model’s high performance. Diaz 
et al. (2019) implemented a shallow neural network algorithm on 
datasets such as pore pressure gradient, equivalent circulating density, 
and surface drilling data to predict ROP. These training datasets were 
then divided into two scenarios which comprised (1) a scenario that 
applied accumulative data and (2) a scenario that applied data resam
pling. Although the shallow neural network model performed well in the 
scenario of accumulating training data, it was discovered that accuracy 
decreased when the well’s depth was increased. The strategy involving 
data resampling had the lowest mean percentage error. Thus, the au
thors suggested combining accumulative and resampling data for ROP 
prediction. Next, Diaz and Kim (Diaz and Kim, 2020) investigated the 
possibility of predicting ROP using neighboring wells. The research used 
a filtering procedure to choose high-quality data using a statistical 
method, and it fitted those data sets into a deep neural network with 
three hidden layers. They found that deep neural networks accurately 
predicted ROP. 

Other researchers have implemented various ML models in the pre
diction of ROP, such as Hegde et al. (2017), who used an integrated 
random forest regressor, an artificial neural network, and linear 
regression; Han et al. (2019), who used an artificial neural network and 
a long short-term memory model; and Soares and Gray (Soares and Gray, 
2019), who used random forest, support vector machines, and an arti
ficial neural network. Oyedere and Gray (Oyedere and Gray, 2020) used 
logistic regression, linear discriminant analysis, quadratic discriminant 
analysis, support vector machines, and random forest. Al-Sahlanee et al. 
(2023) applied random forest, gradient boosting, and extreme gradient 
boost. Leines Artieda et al. (2022) used a combination of a probabilistic 
algorithm, a gaussian mixture model, and a deep feedforward neural 
network. Lastly, Gong et al. (2019) used k-means clustering, artificial 
neural network, support vector machine, multivariate linear regression, 
and multivariate adaptive regression spine. 

In summary, previous works show that researchers generally use a 
single or combination of non-ESML models for ROP predictions. Then, 
the ML model is found to be more popular than physics-based models in 
discovering the complicated mapping relationship between the ROP and 
their affecting factors, such as formation characteristics, bit character
istics, and drilling parameters. In addition, to our knowledge, no pre
vious research has investigated ESML models for ROP prediction, and no 
study focuses on explainability in intelligent prediction of ROP area. 
Thus, the explainability using ESML models is one of the most essential 
issues in intelligent drilling. Interpretable models for intelligent pre
diction should be investigated in conjunction with actual drilling 
scenarios. 

2.2. Intelligent drilling optimization for ROP prediction 

The optimization prediction of the ROP is an extension of ROP pre
diction, whereby optimal drilling parameters (e.g., WOB, RPM, and flow 
rate) are achieved using optimization algorithms. Several related studies 
regarding drilling optimization for ROP prediction are described below. 

Liao et al. (2020) explored the effects of proper feature selection 
using intelligent techniques on the prediction and optimization of ROP. 
Six hundred and eighteen data sets, including RPM, flushing media, and 
compressive strength parameters, were measured and gathered for this 
purpose. Their study implemented an artificial bee colony to better 
optimize drilling parameters and utilized an artificial neural network to 
predict ROP. The collected results demonstrated that intelligent tech
niques could effectively improve the accuracy of ROP prediction. Meh
rad et al. (2020) studied a drilling rate prediction model using hybrid 
ML. They compared the combination of least-squares support-vector 
machines with the cuckoo optimization algorithm, least-squares sup
port-vector machines with particle swarm optimization, and 
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least-squares support-vector machines with genetic algorithms for ROP 
prediction. Their hybrid algorithms for ROP prediction utilized a dataset 
from southwestern Iran. For this goal, the study collected mud logging 
parameters, including depth, mud density, torque, standpipe pressure, 
equivalent circulating density, weight on bit, revolutions per minute, 
flow rate, and ROP. These were combined with geo-mechanical pa
rameters, including gamma ray logging, porosity, density, and uniaxial 
compressive strength. The outcomes demonstrated superior accuracy of 
the least-squares support-vector machines with the cuckoo optimization 
algorithm of all the examined models. Gan et al. (Gan et al., 2019a, 
2019b) proposed the prediction of ROP using hybrid support vector 
regression. They utilized a hybrid bat algorithm to optimize the 
hyper-parameters of the support vector regression model. Data from a 
drilling location in the Shennongjia region of central China was used to 
validate their proposed model. Their findings demonstrated that the 
suggested method was superior to eight well-known models in predic
tion accuracy. 

Other researchers in the field of geothermal drilling have used 
optimization methods and ML models in the prediction of ROP. Ane
mangely et al. (2018) utilized a hybrid model composed of a multilayer 
perceptron neural network together with either a particle swarm opti
mization algorithm or a cuckoo optimization algorithm. Abbas et al. 
(2019) applied the FSCARET optimization method and an artificial 
neural network. Sabah et al. (2019) applied decision trees, a random 
forest regressor, support vector regression, a multilayer perceptron, a 
radial basis function, and multilayer perceptron-particle swarm opti
mization. Zhang et al. (H. Zhang et al., 2020) applied a random forest 
regressor and particle swarm optimization. Jiang and Samuel (Jiang and 
Samuel, 2016) used a Bayesian regularization neural network and ant 
colony optimization. Hegde et al. (2019) utilized a random forest re
gressor and gradient ascent optimization algorithms. Gan et al. (Gan 
et al., 2019a, 2019b) used the support vector regression with bath al
gorithm and support vector regression with particle swarm optimiza
tion. Bataee and Mohseni (Bataee and Mohseni, 2011) applied artificial 
neural network-particle swarm optimization, and Arabjamaloei and 
Shadizadeh (Arabjamaloei and Shadizadeh, 2011) implemented applied 
artificial neural network-genetic algorithm. Moazzeni and Khamehchi 
(Moazzeni and Khamehchi, 2020) used the rain optimization algorithm, 
and Hegde and Gray (Hegde and Gray, 2018) applied random forest 
regressor-particle swarm optimization. Lastly, Li, Cheng, and Cheng (C. 
Li et al., 2023) used artificial neural networks and achieved the highest 
accuracy after genetics algorithms optimization. 

In summary, prediction is an extension of optimization that uses the 
optimal drilling parameters from the results of optimization algorithms. 
Previous works show that optimization algorithms and single or hybrid 
non-ESML models are the primary methods for improving prediction 
accuracy. The optimization results are an essential reference for pre
diction. The optimal drilling parameters (e.g., WOB, rotational speed, 
and pump press) are obtained using optimization algorithms. The opti
mization techniques make it easier to choose the best drilling parameters 
to obtain the best accuracy of ROP prediction. However, the explain
ability of ML models is research omissions identified in previous papers 
in the area of intelligent drilling optimization. Therefore, in combina
tion with real drilling scenarios, integration development of optimiza
tion algorithms with a well-tuned ESML model and an explainable ML 
technique should be explored in the current observation time. 

3. Materials and method 

The data set was sourced from the US Department of Energy’s 
Frontier Observatory for Research in Geothermal Energy (UTAH FORGE 
logs and data from the Deep Well 58-32 dataset) (Utah-EGI, 2018). The 
diagnostic drilling dataset is gathered using drill bits equipped with 
sensors, computers, and an entire networking infrastructure to collect 
the drilling data in real time. The dataset is a drilling dataset that covers 
from 0 to 7,536,25 m in depth. The collected data contains observations 

of the drilling rig’s performance from 27 parameters. 
For simplicity, this study chose five drilling-controllable parameters 

and two reservoir parameters: the ROP (feet/hour) as the output, and 
Weight on Bit (k-lbs), Temp In (F), Temp Out (F), Pump Press (psi), Rotary 
Speed (rpm), Surface Torque (psi), Flow in (gpm), and Flow Out (%) as the 
input parameters. The surface-controllable parameters are the parame
ters that can be adjusted at the surface to affect ROP (Ben Aoun and 
Madarász, 2022), while the reservoir parameters (i.e., Temp In, Temp 
Out) are temperature changes that occur while drilling (Podgorney et al., 
2021). The detailed definition of the drilling parameters can be seen in 
the Drilling Parameters Definition section at the end of this document. 
Then, this study divided the dataset into data covering 0–4,000 m in 
depth and data covering 4,000–7,536 m in depth to differentiate be
tween the early stage of drilling and drilling in deeper areas with high 
pressure and temperature. The final dataset characteristics are summa
rized in Table 1. 

3.1. Pre-processing techniques 

Pre-processing techniques were applied to the data training to 
improve predictive model performance. The dataset was fixed using 
several pre-processing procedures such as (1) feature selection (e.g., 
feature selection based on domain knowledge), (2) correlation mea
surement (e.g., Pearson correlation coefficient), (3) outlier removal (e. 
g., based on data visualization using both pair plot and boxplot), (4) data 
scaling (e.g., min-max normalization is used when standardization 
cannot be applied because the predictors do not follow a Gaussian dis
tribution), and (5) evaluation of ESML models.  

1) Feature Selection Based on Domain Knowledge 

This study selects the following features or predictors using domain 
knowledge for drilling engineering: 

Target variable Y: ROP (feet/hour). 
Predictors Xi: Weight on Bit (k-lbs), Temp In (F), Temp Out (F), Pump 

Press (psi), Rotary Speed (rpm), Surface Torque (psi), Flow in (gpm), and 
Flow Out (%).  

2) Correlation Measurement 

The Pearson correlation coefficient, which evaluates the linear 
relationship between two variables, calculates the correlation. The 
correlation data are summarized in Table 2. 

The correlation between ROP and predictors is moderate, showing 
that predictors are six negatively correlated and two positively corre
lated. None of the predictors have strongly correlated (either positively 
or negatively) with the ROP. It means that the relationship between the 
predictors and the response variable (i.e., ROP) may be more complex or 
nonlinear. Weak correlations can make it difficult for individual ML 
models to capture the relationship accurately. In such instances, ESML 
models can be helpful. By leveraging diverse models, ESML models can 
collectively capture various aspects of the data and improve the overall 
predictive performance, and they also offer opportunities for exploring 
complex relationships and uncovering hidden patterns in the data 
(Abbasi et al., 2022).  

3) Outlier Removal 

A dataset may contain extreme values that are out of the expected 
range and differ from the rest. These anomalies limit the capacity of the 
ML algorithm to generalize. Getting rid of these outliers boosts the 
model’s performance. There is no general approach for outlier reduc
tion. However, data visualization is commonly used. For this purpose, 
both the pair plot and the boxplot are used. The pair plot findings are 
shown in Fig. 1. 

The pair plot displays the distribution and scatter plots for each pair 

Z. Feng et al.                                                                                                                                                                                                                                     



Geoenergy Science and Engineering 231 (2023) 212231

5

of features. Outliers were discovered in the Flow In, Flow Out, Rotary 
Speed, and Surface Torque features. The boxplot was used to explore the 
detail of the outlier in depth. The ROP boxplot below clearly shows that 
Flow In greater than 2500 (gpm) is an outlier (Fig. 2 (c)). Flow Out less 
than 40 (%) is considered an outlier (Fig. 2 (d)). Rotary Speed above 150 
(rpm) is considered an outlier (Fig. 2 (e)). Finally, the Surface Torque of 
more than 250 psi is considered an outlier (Fig. 2 (g)).  

4) Data Scaling 

ML methods rely on minimizing the cost function. As a result, data 
normalization is used to speed up the gradient descent calculation. This 
entails utilizing a standard scale for the predictor values. Standardiza
tion cannot be used based on the probability distributions in Fig. 1 since 
our predictors do not have a Gaussian distribution. Instead, as described 
in Equation (1), min-max normalization is utilized. 

XMinMax =
X − Min X

Max X − Min X
(1)  

where X is a predictor value, Min X denotes the minimum value of the 
analyzed predictor, and Max X denotes the maximum value of the 
predictor.  

5) Evaluation of ESML models 

Finally, the performance of the ESML models was evaluated using 
four metrics: the coefficient of determination (R2), root mean square 
error (RMSE), mean absolute error (MAE), and mean absolute percent
age error (MAPE). The coefficient of determination, or R2, is a statistical 
measurement that looks at how variations in one variable may be 
explained by the difference in another when predicting the result of an 
event. This measurement examines how strong the linear relationship is 
between two variables (predictors and response variables). The close
ness of R2 values to 1 indicates how well a statistical model predicts an 
outcome. RMSE is the standard deviation of the residuals (prediction 
errors). Residuals are a measure of how far the data points are from the 
regression line, and RMSE is a measure of how dispersed these residuals 
are. In other words, it reveals the degree to which the data is centered on 
the line of best fit. MAE provides the average absolute difference or error 
between model prediction and target value in the same dataset. MAPE 
averages all absolute percentage errors between the predicted and target 

values. It shows the mean of the absolute percentage errors of each entry 
in a dataset to determine how accurate the predicted quantities were 
compared to the actual quantities. The formulations are given as follows: 

R2 = 1 −

∑n
i=1(xi − x̂i)

2

∑n
i=1(xi − xi)

2 (2)  

RMSE =

̅̅̅
1
n

√
∑n

i=1
(xi − x̂i)

2 (3)  

MAE=
1
n
∑n

i=1
|xi − x̂i| (4)  

MAPE=
1
n
∑n

i=1
|xi − x̂i| × 100% (5)  

Where xi is the ROP compliance of the i − th sample point in the dataset; 
x̂i Is the prediction value made by ESML models for the i − th sample 
point; and x is the average value of the ROP compliance. MAE and RMSE 
explicitly characterize the residual error at each sample point and can 
accurately evaluate model performance. In comparison, R2 normalizes 
the squared residual error with the variance of the dataset and creates a 
dimensionless score ranging from 0 to 1. 

The experiments were conducted on a Windows 10 platform with a 
16 GB graphics processing unit, a 1.80 GHz Intel Core i7 processor, 8 GB 
of RAM, and 256 GB of SSD storage. The Python environment (version 
3.7.6), Scikit-learn, and the Keras library were used to create algorithms. 
Six ESML models were performed with the configuration of 80% for 
training data and 20% for validation. Finally, the SHAP and LIME 
frameworks were used for the interpretability analysis. 

3.2. Development of the ESML Model and an Explainable ML Model 

The development process of the ESML and explainable ML models 
are displayed in Fig. 3. (1) The first step was a pre-processing step, as 
explained in the section on materials and methods. (2) The next step was 
model creation. This step developed six ESML models, including RFG, 
GBR, CBR, ABR, XGB, and LGR. (3) Then, the hyper-parameter tuning 
was performed using the GridSearchCV technique and 10-fold cross- 
validation to determine the best model (Prusty et al., 2022). Grid
SearchCV adjusts hyperparameters to determine the best values for a 
particular model. Hyperparameter tuning used the scikit-learn Grid
SearchCV library. GridSearchCV goes through all the parameters pro
vided into the parameter grid and creates the optimum combination of 
parameters based on scoring. The exhaustive search identified the best 
parameters for each different parameter of the ESML model (Agrawal, 
2021). Generally, it takes four arguments: estimator, parameter grid, 
cross-validation (CV), and scoring. The following is a description of the 
arguments: an estimator is the ESML model being used; a parameter grid is 
a dictionary that contains all of the parameters to try; scoring is an 
evaluation metric to use when ranking results; and cross-validation or CV 
is the number of cv folds for each combination of parameters. There is no 
rule for determining the appropriate parameters for each model. This is 

Table 1 
Final drilling dataset statistics.   

ROP Weight on Bit Temp In Temp Out Pump Press Rotary Speed Surface Torque Flow In Flow Out 

Count 7,302,000 7,302,000 7,302,000 7,302,000 7,302,000 7,302,000 7,302,000 7,302,000 7,302,000 
Mean 41,945 3,839,660 118,330 126,059 1,266,986 54,934 131,047 716,025 79,682 
Std 63,950 2,144,794 11,882 12,259 486,517 24,039 45,749 125,278 11,112 
Min 1469 94,590 91,107 84,070 305,081 0,000 3580 0,000 46,217 
25% 11,666 1,977,285 109,025 116,130 667,125 38,613 115,954 618,227 73,146 
50% 18,510 3,856,360 117,197 124,860 1,441,351 50,094 140,457 698,632 79,830 
75% 44,085 5,693,857 126,819 136,490 1,660,128 78,335 1660,128 825,379 88,298 
Max 818,840 7,536,250 145,636 151,7000 1,948,669 188,080 1948,669 1,103,256 104,981  

Table 2 
Pearson correlation results.  

Predictors Pearson Correlation between ROP and Predictors 

Weight on Bit (k-lbs) − 0,523443 
Temp In (F) − 0,221723 
Temp Out (F) − 0,426404 
Pump Press (psi) − 0,493190 
Rotary Speed (rpm) 0,289070 
Surface Torque (psi) − 0,380202 
Flow in (gpm) 0,481611 
Flow Out (%) − 0,116062  
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because the search can only test the parameters in the parameter grid, 
which can test further by adding new values and restarting the search. 
The parameter search range of GridSearchCV of all models is depicted in 
Table 3. 

In Table 3, each value added to the parameter grid dictionary can 
significantly increase the total runtime for the best parameter search. 
After tuning the parameters using GridSearchCV, the best parameters of 
each ESML model are depicted in Table 3, column best hyper- 
parameters. The configuration of GridSearchCV of all models is depic
ted in Fig. 4. The appendix displays the detailed best parameters of each 
ESML model. (4) Each model was executed using a 10-fold cross- 
validation to obtain the best model for the interpretability analysis 
step. Then, four metrics, R2, RMSE, MAE, and MAPE, were used to 

evaluate the performance of all ESML models. 
Finally, based on the well-tuned models, an explainable ML tech

nique using SHAP and LIME was applied to explain the underlying 
pattern of the prediction. 

4. Results 

In this section, this study compares the performance of our six ESML 
models and benchmarks their performance to the previous works using 
the same dataset. Then, this study presents the interpretability analysis 
for elucidating the behavior of the drilling parameters. 

Fig. 1. Pair plot of drilling dataset with outliers encircled.  
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4.1. Performance analysis 

This section presents the comparative performance of six ESML 
models. All models were evaluated using four metrics on the test data, as 
depicted in Table 4. This study compares six ESMLs, namely RFG, GBR, 
CBR, ABR, XGB, and LGR, to determine the best prediction accuracy 
model. In order to choose the best model, this study examined these 
models using four evaluation metrics: R2, RMSE, MAE, and MAPE. 

As shown in Table 4, the R2 of CBR is better than any other model, 
reaching 0,98. Besides R2, CBR has optimal performance in RMSE and 
MAE. In comparison, ABR has the worst performance of these six ESML 
models. Thus, this study used the CBR model as a prediction model for 
interpretability analysis. 

The results demonstrated that the best-performing models, CBR, 
GBR, and XGB, achieve comparable performance. Even though the 
findings showed the comparable performance of the models, the per
formance of algorithms is affected by numerous factors, such as the 
model’s complexity, configuration, and data quality. 

Our results outperformed the previous results using the same dataset 
(Ben Aoun and Madarász, 2022). The previous works achieved an R2 

score of 0,84 using the random forest regressor model. In contrast, our 
results achieved an R2 score of 0,98, 14% higher than previous results, 
showing that the model explained 98% of field ROP variability. Through 
pre-processing and hyperparameter optimization, four ESML models (i. 
e., CBR, GBR, XGB, and LGR) can obtain high accuracy in the testing set 
(R2 > 0,90), which vastly outperforms the previous models’ R2. The 

coefficient of determination of CBR, GBR, XGB, and LGR are 0,98, 0,97, 
0,97, and 0,94, respectively. 

In another domain, the CBR model reportedly outperformed XGB in 
predicting fiber-reinforced polymer (FRP) composite materials (Kim 
et al., 2022). Similarly, after hyperparameters tuning, CatBoost out
performed other models (i.e., ABR, LGR, XGB, and RFG) in predicting 
photovoltaic maximum current and achieved great accuracy above 99% 
in performance when applied to a testing dataset (Omer and Shareef, 
2022). Further, CBR reportedly outperformed XGB, RFG, ABR, and GBR 
in predicting loan approvals and staff promotion (Ibrahim et al., 2020). 
However, in another paper, XGB and LGR exceeded CBR in predicting 
loan of home credit (Al Daoud, 2019). Kolesnikov et al. (2019) also 
found that XGB surpassed CBR in predicting the spread of dengue fever. 
These results confirm that the pre-processing and cross-validated 
hyperparameter tuning improves the model’s predictability. Although 
the findings showed the comparable performance of ESML (i.e., CBR, 
GBR, XGB, and LGR), the authors noticed that numerous factors influ
ence algorithm performance, such as the model’s complexity, the quality 
and size of the training data, feature selection and engineering, hyper
parameter tuning, model evaluation and validation, and computing 
resources. 

4.2. Interpretability analysis 

In this section, this study provides the explainable ML results for 
global explanations and local explanations from the SHAP and LIME 

Fig. 2. Predictors boxplot.  
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explainers. 

4.2.1. Global interpretability analysis 
Global interpretability analysis aims to describe the expected 

behavior of a machine learning model concerning the entire distribution 
of values for its input variables. Averaging the SHAP values for all in
stances over the population is accomplished using SHAP. SHAP exam
ines each feature’s mean absolute SHAP value across all data. This 
measures the average contribution of each feature to the ROP predic
tion, whether positive or negative. 

Based on the calculated SHAP values, the results show the influence 
of various features on ROP prediction. Fig. 5 (a) and (b) shows a SHAP 
summary plot in which each dot represents an individual data point in 
the dataset. The position of the dots on the x-axis indicates the impact of 
the individual feature’s value on the ROP prediction. The y-axis displays 
the variable names in ascending order of importance from top to bottom. 
The red dots correspond to higher SHAP values, which indicate high 
ROP values. The blue dots correspond to lower SHAP values, which 
indicate lower ROP values. A positive SHAP value impacts prediction, 
leading the model to a higher ROP prediction. A negative SHAP value 
means a negative impact, leading the model to a lower ROP prediction. 
For example, Fig. 5 (a) shows that higher Flow In (red dots) correspond 
to higher SHAP values, which indicate high ROP values. 

Fig. 5 (a) shows that the top four features for 0–4,000 m in depth that 
primarily influence the global ROP predictions, from the highest to the 
lowest order, are Temp In, Pump Press, Temp Out, and Flow In. High values 
of Temp In, Pump Press, and Temp Out have a high negative contribution 
(represented by blue dots) on the prediction, while low values have a 
positive contribution (red dots). Flow In and Rotary Speed have a high 
positive contribution when their values are high, represented by red 
dots, which means the feature pushes the ROP prediction higher (i.e., 
higher Shapley values on the x-axis). Based on the interpretability of the 
SHAP framework, this study can hypothesize that the relative impor
tance of the drilling parameters on ROP prediction is in the order of 
Temp in > Pump Press > Temp Out > Flow In > Weight on Bit > Rotary 
Speed > Flow Out > Surface Torque. 

Fig. 5 (b) shows that the top four features for 4,000–7,536 m in depth 
that primarily influence the global ROP predictions, from the highest to 

the lowest order, are Temp Out, Pump Press, Weight on Bit, and Temp In. 
High values of Temp Out, Pump Press, Weight on Bit, and Temp In have a 
high positive contribution (represented by red dots) on the prediction, 
while low values have a negative contribution (blue dots). This shows 
that higher Temp Out, Pump Press, Weight on Bit, and Temp In (the dot 
extending towards the right is increasingly red) lead to higher ROP 
predictions. Flow In and Flow Out have SHAP values (x-axis) on the 
positive side, represented by a blue dot (the dot extending towards the 
right is increasingly blue). This indicates that Flow In and Flow Out have 
lower predicted ROP. Based on the interpretability of the SHAP frame
work, this study can hypothesize that the relative importance of the 
drilling parameters on ROP prediction is in the order of Temp Out >
Pump Press > Weight on Bit > Temp In > Surface Torque > Rotary Speed >
Flow In > Flow Out. 

4.2.2. Local interpretability analysis 
In this section, the local interpretability analysis is described. Local 

interpretability aims to explain each sample’s prediction and elaborate 
on how the model predictions differ from the feature values and in
teractions. Each input parameter’s SHAP value can describe each fea
ture’s contribution. 

4.2.2.1. Dependency and interaction analysis. As shown in Fig. 6, the 
value of features and corresponding SHAP values are plotted on the x- 
axes (the value of individual features) and y-axes (the SHAP value), 
respectively. The dependence plots are further highlighted by feature 
interactions (through color bars), which indicate the combined effects of 
features on prediction. It should be noted that the SHAP values do not 
represent causal linkages but rather characterize the model’s behavior. 

Fig. 6 (a) shows the impact of features on ROP for 0–4,000 m in 
depth. The dependence and interaction effects indicate lower ROP 
values (red dots) occurred when Temp In ≥ 114 ◦F and Pump Press ≥ 536 
psi. High values of Temp In and Pump Press drive down the SHAP values, 
corresponding to lower ROP values. Similarly, high Temp In and Temp 
Out values drive down ROP values. Furthermore, Fig. 6 (a) demonstrates 
a moderate positive relationship between Flow In and Rotary Speed. 
Higher ROP values (red dots) can be obtained when Flow In ≥ 859 gpm 
and Rotary Speed ≥ 85 rpm. 

Fig. 3. The development process of ESML and an explainable ML.  

Z. Feng et al.                                                                                                                                                                                                                                     



Geoenergy Science and Engineering 231 (2023) 212231

9

Fig. 6 (b) shows the impact of features on ROP for 0–7,536 m in 
depth. The dependence and interaction effects indicate higher ROP 
values (red dots) when Temp Out ≥ 123 ◦F and Pump Press ≥ 1,387 psi. 
Also, it reveals that higher values of Weight on Bit, Temp In, Surface 
Torque, and Rotary Speed drive up the SHAP values, corresponding to 
higher ROP values. Higher ROP values (red dots) can be obtained when 
Weight on Bit ≥ 29 k-lbs, Temp In ≥ 111 ◦F, Surface Torque ≥ 137gpm, 
and higher Rotary Speed ≥ 35 rpm. 

4.2.2.2. The inflection points. To further investigate the critical inflec
tion points that drive the high and low ROP rates, this study performed a 
detailed analysis with the LIME framework, as shown in Fig. 7. These 
plots explain the predictions of 18 instances from the ESML models for 
the ROP prediction to enhance their explainability. The inflection points 

are a perspective that explains the parameter at which the change from 
low to high ROP occurs. This analysis explains the critical inflection 
points of the predictor variables that trigger the transition between high 

Table 3 
The best parameters for each ESML model based on the GridSearchCV.  

Model Proposed Search Range Best Hyper-Parameters 

RFG Max Depth [700, 800, 900] 900  
Number of estimators [500, 600, 700, 800, 900] 600  
Minimum sample leaf [1, 2, 3, 4, 5] 1  
Minimum sample split [1, 2, 3, 4, 5] 2 

GBR Max Depth [3, 4, 5, 6, 7, 8] 3  
Number of estimators [10, 50, 100, 300] 100  
Learning rate [0,0001, 0,001, 0,01, 0,1] 0,1  
Subsample [0,5, 0,7, 1,0] 1,0  
Minimum sample leaf [1, 2, 3, 4, 5] 1  
Minimum sample split [1, 2, 3, 4, 5] 2 

CBR Max Depth [5, 6, 7, 8] 5  
Number of estimators [400, 500, 600] 600  
Learning rate [0,01, 0,05, 0,1] 0,01  
Minimum sample split [1, 2, 3, 4, 5] 3 

ABR Number of estimators [30, 40, 50] 50  
Learning rate [0,01, 0,1, 1] 1 

XGB Max Depth [4, 5, 6] 6  
Number of estimators [100, 200, 300] 100  
Learning rate [0,1, 0,2, 0,25, 0,300000012, 0,4] 0,300  
Minimum child weight [1, 5, 10] 1 

LGR Max Depth [3, 4, 5] 5  
Number of estimators [777, 888, 999] 999  
Learning rate [0,1, 0,03, 0,05] 0,05  
Number of leaves [7, 14, 21, 28, 31, 50] 31  
Minimum child weight [0,001, 0,01, 0,1] 0,001  
Minimum child sample [10, 20, 30, 40, 50] 20  

Fig. 4. Details of the ensemble ML models.  

Table 4 
Comparison of ESML models.  

Model R2 RMSE MAPE MAE 

RFG 0,88 34,92 1,42 26,72 
GBR 0,97 0,17 0,42 0,13 
CBR 0,98 0,14 0,55 0,11 
ABR 0,78 48,97 1,50 38,66 
XGB 0,97 10,43 0,11 3,75 
LGR 0,94 23,93 0,94 17,13 

*The value of each metric was repeated ten times, and the average of the value 
was used for Table 4. 
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and low ROP values. 
Fig. 7 (a) explains the ROP prediction models for 0–4,000 m depth. It 

reveals that the inflection points of Temp In, Pump Press, Temp Out, Flow 
In, and Rotary Speed are 114,07 ◦F, 536,04 psi, 116,25 ◦F, 859,31 gpm, 
and 85,50 rpm, respectively. Weight on Bit, Flow Out, and Surface Torque 
can be ignored since they have a minimal impact on ROP, according to 
the global interpretability analysis in Fig. 6 (a). Based on the above 
interpretability, this study hypothesizes:  

• H1: if Temp In ≥ ~114,07 ◦F, Pump Press ≥ ~536,04 psi, Temp Out ≥
~116,25 ◦F, Flow In ≤ ~859,31 gpm, and Rotary Speed ≤ ~85,50 
rpm, the ROP value will be low.  

• H2: if Temp In ≤ ~114,07 ◦F, Pump Press ≤ ~536,04 psi, Temp Out ≤
~116,25 ◦F, Flow In ≥ ~859,31 gpm, and Rotary Speed ≥ ~85,50 
rpm, the ROP value will be high. 

Fig. 7 (b) explains the ROP prediction models for 4,000–7,536 m 
depth. The inflection points of Temp Out, Pump Press, Weight on Bit, Temp 
In, Surface Torque, and Rotary Speed are 123,64 ◦F, 1,387,75 psi, 29,31 k- 
lbs, 111,31 ◦F, 137,83 gpm, and 35,27 rpm, respectively. Flow In and 
Flow Out can be ignored since they have a minimal impact on ROP, 
according to the global interpretability analysis in Fig. 6 (b). Based on 
the above interpretability, this study hypothesizes:  

• H3: if Temp Out ≤ ~123,64 ◦F, Pump Press ≤ ~1,387,75 psi, Weight 
on Bit ≤ ~29,31 k-lbs, Temp In ≤ ~111,31 ◦F, Surface Torque ≤

~137,83 gpm and Rotary Speed ≤ ~35,27 rpm, the ROP value will be 
low.  

• H4: if Temp Out ≥ ~123,64 ◦F, Pump Press ≥ ~1,387,75 psi, Weight 
on Bit ≥ ~29,31 k-lbs, Temp In ≥ ~111,31 ◦F, Surface Torque ≥
~137,83 gpm and Rotary Speed ≥ ~35,27 rpm, the ROP value will be 
high. 

This analysis can be used for engineers or future studies on strate
gically controlling drilling parameters and adjusting the constraints of 
optimal parameters for various scenarios. With such knowledge, engi
neers can manipulate drilling parameters and simulate them using an 
ML model to ensure an optimal ROP without requiring expensive and 
time-consuming experimental tests. This analysis is also essential for 
understanding how the model reached a specific result. 

5. Discussion 

Recent previous works have presented several models to predict ROP 
(Ben Aoun and Madarász, 2022). Their work showed that the random 
forest regressor achieved the best performance for the UTAH FORGE 
dataset, achieving an R2 score of 0,84. Our method outperformed those 
results using the same dataset. Using the pre-processing technique and 
hyperparameter optimization, the CBR achieved an R2 score of 0,98, 
meaning that the model explained 98% of field ROP variability, which is 
14% higher than previous work. 

Further, the results of the global interpretability analysis for 0–4,000 
m in depth show that the following features (in order of importance) 
have the most impact on ROP prediction: Temp in > Pump Press > Temp 
Out > Flow In > Weight on Bit > Rotary Speed > Flow Out > Surface 
Torque. Three features, Temp In, Pump Press, and Temp Out, negatively 
contribute to the ROP. That is, a low value (blue dots) for these features 
is strongly expected to lead to a low ROP. In contrast, Flow In and Rotary 
Speed contribute positively to the ROP. A high value (red dots) for these 
features drives the model output toward high ROP. 

As for the local interpretability analysis, the study quantified the 
critical inflection points in each predictor that led to the transition from 
low ROP to high ROP rates: (H1) if Temp In ≥ ~114,07 ◦F, Pump Press ≥
~536,04 psi, Temp Out ≥ ~116,25 ◦F, Flow In ≤ ~859,31 gpm, and 
Rotary Speed ≤ ~ 85,50 rpm, the ROP value will be low and (H2) if Temp 
In ≤ ~114,07 ◦F, Pump Press ≤ ~536,04 psi, Temp Out ≤ ~116,25 ◦F, 
Flow In ≥ ~859,31 gpm, and Rotary Speed ≥ ~ 85,50 rpm, the ROP value 
will be high. From a practical drilling standpoint, when the drills 
penetrate deeper into the earth, pressures and temperatures (i.e., Temp 
In, Pump Press, and Temp Out) push drilling equipment to its limits, and 
ROP can drop to a few feet per minute (Gautam et al., 2022; Mohamed 
et al., 2021). These results agree with the findings of other studies, 
which found that higher pressures and temperatures can exert signifi
cant mechanical stress on drilling equipment. Excessive pressure can 
cause structural deformation, leading to equipment failure. Similarly, 
elevated temperatures can weaken the materials and decrease their 
strength, making them more prone to damage. Thus, it can drop the ROP 
(He et al., 2021). Previous study also reported that higher pressures and 
temperatures can result in accelerated wear of the drill bit, and 
increased energy requirements, which can lower the ROP (Wang et al., 
2023). The high pressures and temperatures can influence the properties 
of drilling fluids, such as viscosity and density. High pressures can 
compress the drilling fluid, making it denser and potentially more 
challenging to pump, which can hinder the circulation and cooling of the 
drilling fluid. Raised temperatures can also affect the viscosity, reducing 
its lubrication properties and potentially increasing friction between the 
drill string and the wellbore walls (Mao et al., 2020; Palaoro et al., 
2022). Lastly, the high pressures and temperatures can lead to rock 
instability, and elevated temperatures can cause rock formations to 
become more plastic or prone to sloughing. This instability can increase 
the risk of stuck pipes or other drilling problems, impacting the ROP 
(Sygała et al., 2013). Thus, it is reasonable to argue that higher pressures 

Fig. 5. (a) Global feature influences on ROP at depths from 0 to 4,000 m. (b) 
Global feature influences on ROP at depths from 4,000–7,536 m. E.g., in (a), 
Temp In is the most influential feature, while Surface Torque is the least influ
ential feature for ROP predictions. A higher SHAP value indicates that the 
model predicts higher ROP values and vice-versa. 
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Fig. 6. (a) The impact of features on ROP for 0–4,000 m in depth; (b) The impact of features on ROP for 4,000–7,536 m in depth.  
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Fig. 7. (a) The inflection points for 0–4,000 m in depth; (b) The inflection points for 4,000–7,536 m in depth.  
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and temperatures would result in lower ROP. 
Flow in and Rotary Speed shows a positive impact on ROP, which is 

also reasonable, considering that an increase in flow rate also increases 
the hydraulic power that assists in improving the drilling performance 
because fluid flow through the drill string supports spins the bit, leading 
to higher rotation speeds and ROP (Cheraghi et al., 2022; Liu et al., 
2021). Higher Rotary Speed can help decrease the friction and torque 
between the bit and the formation, making the drilling process 
smoother. By minimizing friction, the bit encounters less resistance 
while drilling, leading to an increased ROP (Bani Mustafa et al., 2021). 

Meanwhile, the global interpretability analysis for 4,000–7,536 m in 
depth shows that the following features contribute most to the ROP 
prediction: Temp Out > Pump Press > Weight on Bit > Temp In > Surface 
Torque > Rotary Speed > Flow In > Flow Out. Three features, Temp Out, 
Pump Press, and Weight on Bit, positively contribute to the ROP. High 
values (red dots) for these features strongly influence a higher ROP. In 
contrast, Flow In and Flow Out (blue dots) drive the model output toward 
low ROP. 

As for the local interpretability analysis, the study presents two 
critical inflection points: (H3) if Temp Out ≤ ~123,64 ◦F, Pump Press ≤
~1,387,75 psi, Weight on Bit ≤ ~ 29,31 k-lbs, Temp In ≤ ~111,31 ◦F, 
Surface Torque ≤ ~137,83 gpm and Rotary Speed ≤ ~ 35,27 rpm, the 
ROP value will be low. (H4) if Temp Out ≥ ~123,64 ◦F, Pump Press ≥
~1,387,75 psi, Weight on Bit ≥ ~ 29,31 k-lbs, Temp In ≥ ~111,31 ◦F, 
Surface Torque ≥ ~137,83 gpm and Rotary Speed ≥ ~ 35,27 rpm, the 
ROP value will be high. Under these more demanding drilling condi
tions, when the drills penetrate deeper into the earth, pressures and 
temperatures (i.e., Temp Out, Pump Press, and Temp In) still significantly 
impact ROP. 

However, in contrast to 0–4,000 m in depth, the higher pressures and 
temperature result in a higher ROP. This is consistent with the results 
that an increase in Surface Torque, Weight on Bit, and Rotary Speed also 
increases drilling performance, which is reasonable, considering that 
when the drills penetrate deep, the engineers will push their drilling 
equipment to maximum limits. One interesting result discovered was 
that in contrast to 0–4,000 m in depth, the flow rate (i.e., Flow In and 
Flow Out), which should cause a high ROP as the drills penetrate deep, 
actually showed a negative contribution to ROP. It seems that ROP tends 
to decrease with increasing viscosity of flow rate due to mechanical 
friction (plastic viscosity) induced during drilling, influencing a reduc
tion in bit performance (Alum and Egbon, 2011). Thus, it can be inferred 
that low values for those flow rates lead to a high ROP (see Fig. 5 (b) 
represented by red dots of SHAP values). This indicates that a high ROP 
is attainable at 4,000–7,536 m in depth while minimizing the flow rate 
or volume of liquid that moves through a pipe, which may lead to cost 
savings in terms of the quantity of fluid required to achieve the 
maximum ROP by controlling these parameters. Nevertheless, it is 
crucial to remember that the optimal drilling fluid characteristics and 
rotation speed may have limitations. Excessive fluid flow rates or 
excessively high rotational speeds might lead to issues including 
excessive vibration, bit damage, or fluid loss (Badrouchi et al., 2022). 
Finding the proper balance and improving these parameters based on 
the unique drilling circumstances and formation features is critical for 
maximizing ROP. 

Thus far, ESML models showed similar results between drilling at 
0–4,000 m and 4,000–7,536 m in depth regarding global interpretability 
analysis results. Temperature and pressure contribute to a lower ROP in 
earlier drilling (0–4,000 m in depth). In contrast, Flow In and Rotary 
Speed contributes to a higher ROP. This indicates that a high ROP is 
attainable while maximizing the drills’ flow rate and rotation speeds 
(see the inflection points for 0–4,000 m in depth). On the other hand, as 
the drills go deeper into the earth (i.e., 4,000–7,536 m in depth), 
maximum ROP can be obtained by maximizing the Pump Press, Weight on 
Bit, Surface Torque, and Rotary Speed, while flow rate (i.e., Flow In and 
Flow Out) do not significantly contribute to ROP. 

The dataset generally reflects a geothermal drilling operation’s 

expected behavior, consistent with this section’s global and local 
interpretability analysis. Many factors can influence the ROP, and a 
comprehensive study is required regarding the interaction between the 
drilling bit and the environment’s properties (i.e., hard rock), bit char
acteristics, and drilling parameters. This study does not claim that our 
outcomes, the understanding of controllable drilling parameters and 
using them in the drilling process, will directly maximize ROP; instead, 
based on data analysis, this study suggests that the controllable drilling 
parameters can be adjusted based on the constraints of optimal, ML- 
derived parameters, potentially leading to maximizing ROP for dril
ling effectiveness. Our ESML model can simulate the ROP without 
requiring expensive and time-consuming experimental tests. However, 
more experimental investigations, such as studies using different data
sets, are needed to understand the big picture of the drilling process. 

The overall result confirms that our model with pre-processing and 
hyperparameter optimization improves predictability and outperforms 
the previous results using the same dataset. The explainable ML tech
nique using a SHAP and LIME framework successfully reveals the 
behavior of controllable drilling parameters that can enhance the 
explainability and trustworthiness of the ML models. 

6. Conclusions 

The overarching goal of this paper is to examine the feasibility of an 
explainable ML approach for elucidating the behavior of the drilling 
parameters to generate explainable insights regarding the drilling pa
rameters that could lead to maximizing the ROP for DE. 

This study presents several pre-processing procedures and hyper
parameter optimization for the ESML models to generate the best model. 
The results of the comparative analysis revealed that the CBR or Cat
Boost model produces the most accurate predictions compared to other 
models and to any of the other models that have been utilized in the 
literature. 

Then, this study applies the explainable ML to elucidate the drilling 
parameters’ behavior that could lead to maximizing the ROP for DE. 
This study demonstrates that the explainable ML can generate new 
knowledge regarding the drilling parameters’ behavior on the ROP 
prediction. This study confirms that the explainability of ML was 
enhanced when the models were coupled with global and local inter
pretability analysis. Explainability in this context refers to fidelity (i.e., 
the prediction provided by an explanation should be as close to the real- 
world geothermal drilling operations as possible, and the explanation 
should be simple enough to understand). Such explanations can be used 
to establish testable hypotheses or demonstrate that the model resonates 
with real-world physical systems (Saranya and Subhashini, 2023). 

Our global interpretability analysis revealed that Temp In, Pump 
Press, and Temp Out are the most influential controllable parameters at 
the 0–4,000 m depth, while Temp Out, Pump Press, Weight on Bit, and 
Temp In are the most influential controllable parameters in 4,000–7,536 
m depth. Besides that, this study also presented a local interpretability 
analysis that quantified the critical inflection points in each predictor 
that led to the transition from low ROP to high ROP rates. This study 
virtually identified that if Temp In ≤ ~114,07 ◦F, Pump Press ≤ ~536,04 
psi, Temp Out ≤~116,25 ◦F, Flow In ≥~859,31 gpm, and Rotary Speed ≥
~85,50 rpm, the ROP value will be high at 0–4,000 m depth and if Temp 
Out ≥ ~123,64 ◦F, Pump Press ≥ ~1,387,75 psi, Weight on Bit ≥ ~29,31 
k-lbs, Temp In ≥ ~111,31 ◦F, Surface Torque ≥ ~137,83 gpm and Rotary 
Speed ≥ ~35,27 rpm, the ROP value will be high at 4,000–7,536 m 
depth. These findings can be used as guidance to select the appropriate 
ROP settings for DE. 

Furthermore, the knowledge gained from this study could inform 
future studies on understanding the behavior of different drilling pa
rameters. In practical, challenging scenarios during drilling, many 
complex features can affect the ROP. Hence, finding the best settings for 
controllable drilling parameters to maximize the ROP is essential. The 
proposed application has shown the ability to explain the controllable 
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drilling parameters that can be used to minimize the risks and costs of 
geothermal drilling. No additional time or money will be required 
because the chosen parameters are typically collected at the surface 
during drilling operations since the predictive variables are generated 
from the geothermal site in real time. In conclusion, the findings suggest 
that the strength of the proposed model can be expected to increase 
users’ confidence and support future decision-making processes in 
geothermal drilling. 

Future research directions can be proposed: (1) This study only uses a 
limited number of surface controllable drilling parameters as inputs for 
the proposed explainable ML. Other drilling parameters, such as depth, 
hook load, temperatures out, surface torque, standpipe pressure, iron 
roughneck torque, rock strength, pore pressure, mud weight, and well
bore trajectory, are also crucial to research to highlight different aspects 
of the drilling process. (2) Our interpretability analysis was based on the 
UTAH FORGE dataset, so datasets from other drilling sites were not 
explored. Future works should use data from other sites to obtain a 
broader understanding of the drilling process. (3) Finally, the proposed 
model using explainable ML can potentially be extended to build intel
ligent models that are interpretable and transferable. It can potentially 
be applied to other related fields, such as intelligent prediction and 
optimization of a well’s trajectory, intelligent warning and control of 
drilling risks, intelligent evaluation and optimization of cementing 
quality, intelligent design and optimization of the fracturing process, 
intelligent design and optimization of drilling completion, and overall 
optimization and intelligent decision-making of the geothermal drilling 
process. 
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Nomenclature 

Abbreviations 
ABR Adaboost Regressor 
CBR CatBoost Regressor 
DE Drilling Effectiveness 
ESML Ensemble Supervised Machine Learning 
F Fahrenheit 
GBR Gradient Boosting Regressor 
GPM Gallons Per Minute 
K-LBS Kilo Pounds 
LGR LightGBM Regressor 

LIME Local Interpretable Model-Agnostic Explanations 
M Meter 
MAE Mean Absolute Error 
MAPE Mean Absolute Percentage Error 
ML Machine Learning 
PSI Pounds per Square Inch 
R2 Coefficient of Determination 
RFG Random Forest Regressor 
RMSE Root Mean Square Error 
ROP Rate of Penetration 
RPM Revolutions Per Minute 
SHAP SHapley Additive exPlanation 
WOB Weight on Bit 
XGB Extreme Gradient Boosting Regressor  

Drilling Parameters Definition 
Abbreviations definitions 
Flow In Drilling fluid flow rate in (gallons per minute) 
Flow Out Drilling fluid flow rate out (gallons per minute) 
Pump Press Drilling pressure(psi) 
ROP Rate of penetration (feet/hour) is the speed at which a drill bit 

breaks the rocks 
Rotary Speed The number of complete rotations made by the drill bit 

(revolutions per minute) 
Surface Torque The rotational force between the drill string and the 

rock (psi) 
Temp In The temperature in while drilling (Fahrenheit) 
Temp Out The temperature out while drilling (Fahrenheit) 
WOB The amount of downward force exerted on the drill bit (kilo 

pounds) 

Appendix A 

https://www.dropbox.com/s/xyvshag43i9sgkj/Appendix%20Geoth 
ermal.docx?dl=0. 
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