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Abstract

Proper determination of the bottomhole pressure in a gas lift well is essential to enhance
production, tackle operating concerns, and use the least amount of gas. Mechanistic
models, empirical correlation, and hybrid models are usually limited by the requirements
for calibration, large amounts of inputs, or limited scope of work. Through this study,
sixteen well-tested machine learning (ML) models, such as genetic programming-based
symbolic regression and neural networks, are developed and studied to accurately predict
flowing BHP at the perforation depth, using a dataset from 304 gas lift wells. The dataset
covers a variety of parameters related to reservoirs, completions, and operations. After
careful preprocessing and analysis of features, the models were prepared and tested with
cross-validation, random sampling, and blind testing. Among all approaches, using the
L-BFGS optimizer on the neural network gave the best predictions, with an R2 of 0.97,
low errors, and better accuracy than other ML methods. Upon using SHAP analysis, it
was found that the injection point depth, tubing depth, and fluid flow rate are the main
determining factors. Further using the model on 30 unseen additional wells confirmed
its reliability and real-world utility. This study reveals that ML prediction for BHP is an
effective alternative for traditional models and pressure gauges, as it is simpler, quicker,
more accurate, and more economical.

Keywords: gas lift wells; machine learning models; symbolic regression; Bottomhole
Pressure Prediction; neural networks

1. Introduction
1.1. The Importance of Predicting Bottomhole Pressure

A gas lift well is an artificial method used in the oil and gas field to produce more
fluids, mainly when the reservoir pressure is low and fluids do not rise to the surface
properly [1–3]. To use a gas lift system, high-pressure gas is injected into the wellbore
through a special valve, which reduces the BHP [4–6]. With a lowered BHP, the movement
of reservoir fluids into the wellbore is enabled [7–9]. The flowing BHP at the perforation
depth in gas lift wells is essential to know for a number of reasons [10,11]. First, accurate
BHP prediction enables better management of reservoir behavior, reservoir pressure, and
well performance [12–15]. It supports optimal gas injection rates, which are essential for
maximizing production efficiency while minimizing gas usage [16,17]. Second, it also
helps in determining if there is a problem with excessive liquid loading, malfunctioning
gas lift valves, or formation damage [18,19]. Moreover, if many connected gas lift wells
are relying on the same surface gas supply, accurate BHP predictions help to prevent any
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inefficiencies in gas management [20,21]. In addition, the well’s BHP at perforation depth
lets engineers determine if the well needs a stimulation treatment or artificial lift system
adjustment [22,23]. Having accurate BHP numbers is vital for producing more, operating
safely, lowering expenses, and increasing the lifetime of the reservoir [24,25]. This means it
plays a crucial role in designing and running gas lift systems [26–28].

1.2. Traditional Prediction Methods

To calculate the flowing BHP of a gas lift well, one must understand the hydrostatic
head, fluid friction, and fluid acceleration [29,30]. The hydrostatic head is the result of
pressure from the fluid column’s density [31,32]. Fluid friction reflects the loss of pressure
as fluids move through the wellbore due to factors such as the tube roughness, internal
diameter of the tube, fluid velocity, fluid density, length of the tube, and flow regime [33,34].
While it is usually less significant than the others, fluid acceleration must be considered
when there is a sudden increase in flow speed, especially in high gas injection and high gas–
oil ratio scenarios [35]. These components interact with well-specific variables like the gas–
liquid ratio, water cut, wellhead pressure, operating gas injection pressure, injection point
depth, and temperature gradients, making flowing BHP estimation a complex task that
must capture the dynamic, multiphase flow conditions present in gas lift operations [36–38].

Traditional prediction methods for BHP in gas lift wells include physics-based mod-
els, empirical correlations, and hybrid models [39]. Physics-based models, particularly
mechanistic multiphase flow models, such as those developed by Taitel and Dukler (1976)
and Taitel et al. (1980), offer detailed and rigorous representations of fluid dynamics
within wellbores [40–42]. They tend to perform well in making accurate predictions if
the data they use are extensive and reliable. Yet, they are rarely used in big operations
or real-time scenarios because running them requires powerful computers and a lot of
time spent adapting them to the environment [43,44]. Field data-based correlations from
Duns & Ros, Aziz et al., Mandhane et al., and Beggs & Brill (all published in 1963, 1972,
1974, and 1973) are easy to apply and fast, yet they may not give accurate results when
applied in other regions [45–47]. Integrating physics models with empirically developed
equations produces hybrid models that are flexible, accurate, and easier to use in many
circumstances, but setting up and ensuring their accuracy can be complicated [48,49].

1.3. Machine Learning Models for Predicting BHP

Regression ML models serve to predict continuous results by spotting patterns in a
set of data [50–53]. They are key tools in engineering because they can handle challenging,
complicated, and high-dimensional data without demanding detailed and complicated
physical formulations [54–57]. Although progress has been made in the oil and gas industry
related to data-driven models in hydraulic fracturing [58–62], reservoir engineering [63–65],
production engineering [66–68], and completion engineering [69–71] for the last several
years, there is little work published on predicting BHP related to gas lift wells. Symbolic
regression is an emerging way to construct equations from data that are understandable,
and it often shows a competitive accuracy compared to black-box models [72,73]. It has
been shown by recent studies that physics-informed machine learning methods combine
the strengths of machine algorithms and physical science, thus making models both more
reliable and accurate [74–76]. For example, Abdulwarith and Ammar et al. (2024) developed
a hybrid model capable of predicting friction pressure losses during hydraulic fracturing
with an error margin below 5%, thereby contributing to enhanced operational efficiency in
fracturing processes [77].

More studies are needed to better understand what ML can do in predicting BHP in
gas lift systems. Because of this missing advanced models, this study is designed to develop
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and compare sixteen advanced ML models using readily available field data. Although
individual ML models to predict BHP have been examined in previous research, our
research is unique in that it thoroughly benchmarks a variety of sixteen models, as well as
provides interpretable symbolic regression and SHAP-based feature analysis. Such a scope
of comparison, together with the blind testing and field data, improves the performance
and explainability of ML methods on gas lift well modeling, providing a more scalable
and interpretable option to conventional methods. There is less cost and time needed with
machine learning models than with the common bottomhole pressure gauges, which often
prove hard to place [78]. In addition, they outperform standard physics models, empirical
solutions, and existing hybrid approaches in terms of accuracy, adjustment to many field
conditions, and scalability [79–81]. Because they can process extensive data, they can more
accurately estimate bottomhole pressure in real time and thereby improve both operational
efficiency and decision making.

2. Methodology
Five steps are used as the methodology for this study, as shown in Figure 1. Each part

of the process is improved according to established objectives and later applied to develop
a model for predicting BHP in gas lift wells.

Figure 1. Overview of the methodological framework.

2.1. Data Collection

In this study, we used real data from 304 gas lift wells. The dataset includes the
tubing inside diameter (TID), tubing depth (TD), perforation depth (PD), wellhead pressure
(WHP), reservoir temperature (RT), gas–oil ratio (GOR), water cut (WC), and fluid flow rate
(FFR). Other operational considerations, such as the operating gas injection pressure (OGIP),
gas lift injection rate (GLIR), and injection point depth (IPD), are also used. The flowing
bottomhole pressure (BHP) is what the model is trying to predict. The machine learning
models were built from the compiled dataset and assessed by comparing their results to
BHP measurements from the downhole pressure gauges used during the production test.
These gauges were deployed via wireline during routine gas lift flow surveys to assess
well performance under operational conditions. Initially, the study collects data from
304 gas lift wells in Egypt’s Western Desert, summing up to 3648 points. Table 1 shows the
parameters included in the datasets. For this study, all of the wells are vertical and produce
from multiple formations under varying operating conditions. The gathered dataset is
characterized by having an extensive range of completion specifications, properties of the
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reservoir, and operational parameters. This diversity is key to creating reliable regression-
based machine learning models that can handle complex associations, achieve accurate
predictions, reduce certain biases, and do well in various tasks.

Table 1. Summary statistics for the collected data.

Parameter Units MIN MAX AVG Median

Tubing inside diameter inches 2.441 2.992 2.731 2.992
Tubing depth ft 3002 10,494 7022.441 7506
Perforation depth ft 3052 10,544 7116.322 7656
Wellhead pressure psi 30 250 109.4079 100
Reservoir temperature f 110.52 185.44 151.1632 156.56
Gas–oil ratio scf/stb 100 1600 654.9605 600
Water cut % 0 99 71.21053 81.5
Operating gas injection pressure psi 800 1100 912.5 900
Gas lift injection rate mmscf/d 0.3 1.2 0.566447 0.5
Bottomhole pressure psi 415 1669 830.2862 803.5
Injection point depth ft 2304 9390 6099.862 6379.5
Fluid flow rate stb/d 22 1963 730.2566 676

The pair plot in Figure 2 shows the connections among the essential variables in the
dataset meant for flowing BHP predictions. The distribution of each variable is plotted
diagonally, and correlations between bivariate variables are plotted off the diagonal. There
is a degree of linear correlation noted between bottomhole pressure (BHP) and TD, PD,
RT, GOR, WC, and FFR, suggesting expected dependencies. It is notable that TD, RT, IPD,
and PD are strongly linearly correlated, as this is common during normal gas lift operation.
Looking at pair plots is necessary to notice patterns of correlation and similarities in the
data, which are important for enhancing model performance and ensuring the inclusion of
relevant, non-redundant input variables in ML models.

Figure 3 provides insights into how all the used parameters are distributed for esti-
mating bottomhole pressure (BHP), using violin plots. Data along the x-axis contain the
variables, and the y-axis displays normalized values that are limited to the range of 0 to
1. Both the box plot and kernel density estimate are shown with each violin plot, helping
to present a brief statistical summary and the distribution of the data. The white line in
the center represents the median, and the black bar above it outlines the middle 50% of the
data (represented by the IQR). The sections of a violin are wide when there are numerous
values grouped closely and narrower when there are fewer values grouped. Each outlier
is drawn as a single point, unlike the rest of the density estimation. For all parameters,
distributions are found to be substantially different. For example, TID highlights that there
are two different groups of values, suggesting bimodality. There is a high level of symmetry,
a dense appearance, and little variation in TD, PD, and RT. Both WHP and GLIR have
wider ranges because they include more variation. The GOR and WC are tightly clustered,
while OGIP has a narrow peak with barely any changes. BHP is fairly well spread, and
IPD shows a slightly skewed distribution. There is a broad distribution in the FFR column,
indicating significant variability in fluid production rates across the wells in the dataset.
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Figure 2. Pair plot illustrating the relationships among all variables in the dataset used for
BHP prediction.

Figure 3. Violin plots illustrating the distribution of each parameter in the dataset.

2.2. Feature Ranking

Relevant insights can be found in the data provided to machine learning models. These
ML models require strong and meaningful connections between the inputs and the target
for good outcomes. For this reason, it is important to understand the meaning of features
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linked to the correlation coefficient. The correlation coefficient was computed by employing
Pearson’s and Spearman’s methods in this study. Pearson’s correlation coefficient is used
to show the straight-line relationship between two uninterrupted variables, but it can be
easily affected by outliers. Unlike Pearson’s, Spearman’s rank correlation coefficient (ρ)
is not greatly affected by outliers and is suitable for non-normally distributed data that
only show a monotonic relationship. Pearson’s r should be used for linear correlations only,
whereas Spearman’s ρ is able to discover any trend, even if they are not straight lines. Both
measures of correlation have values between −1 and +1. If two variables have a +1 value,
then an increase in one is always matched by an increase in the other. If a perfect negative
correlation exists, a value of −1 indicates that the two variables are always moving in
opposite directions. A value of 0 indicates that there is no connection between the variables.
Both measures are described by the Equations (1) and (2).

r =
∑
(
Xi − X

)(
Yi − Y

)√
∑
(
Xi − X

)2 ·
√

∑
(
Yi − Y

)2
(1)

Here,

• Xi and Yi are the individual data points;
• X and Y are the means of X and Y;
• The numerator is the covariance of X and Y;
• The denominator is the product of their standard deviations.

ρ = 1 − 6 ∑ d2
i

n(n2 − 1)
(2)

Here,

• di is the difference between the ranks of corresponding values in X and Y;
• n is the number of data points.

The graph in Figure 4 demonstrates the level of impact that input parameters such
as WC, TID, GOR, FFR, RT, PD, TD, OGIP, WHP, GLIR, and IPD have on BHP. A strong
correlation between BHP and WC, TID, and FFR is clear, while the rest of the parameters
show moderate correlations.

Figure 4. Ranking of input features according to their influence on BHP.

Figure 5 displays a heat map that graphically displays how each parameter in the
dataset is linked with the others based on the Pearson correlation matrix. There is a
significant link between IPD and PD (95%), TD (95%), and RT (95%) because they show
strong positive correlations. BHP has a positive and somewhat strong relationship with
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WC (0.52) and a weaker moderate one with FFR (0.28), but it tends to go negative with
TID (−0.37). WHP, OGIP, and GLIR hardly correlate with most variables, which indicates
they are independent. These insights clarify, with great importance, the parameters that
influence gas lift systems and those that do not, helping explain their behaviors and predict
how they will act.

Figure 5. Pearson correlation heatmap illustrating the linear relationships between features in the
dataset applied for bottomhole pressure (BHP) prediction.

In Figure 6, Spearman’s correlation between the features available in the data to predict
the BHP is presented as a heatmap. There is a MODERATE positive link between WC, FFR,
and BHP (0.5 for WC and 0.4 for FFR). Alternatively, the inverse relationship between TID
(−0.5) and BHP is at the MODERATE level. Minimally direct influence can be found by
analyzing features that are less connected to BHP.

Figure 6. Spearman correlation heatmap illustrating the linear relationships between features in the
dataset applied for bottomhole pressure (BHP) prediction.
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2.3. Data Preprocessing

The process of data preprocessing in machine learning guarantees that the data are
reliable and fitting for developing a model. Processing the data involves carrying out steps
that make sure they are reliable, consistent, and accurate, which elevates the performance
and quality of the model. The first step is to handle the missing data. We handled missing
values by removing records with missing data and using the method of linear extrapolation
from nearby points to estimate the gaps. We also detected unusual data points with the
help of box plots and removed them, since they might interfere with the learning process.
After that, data integration merges numerous data sources into one dataset.

Final processing includes standardization or normalization. This approach helps
features of different scales to influence the model in a similar way. Regression machine
learning models, which often use gradient descent, depend heavily on feature scales, as
they impact the success of the model. Some popular methods of normalization are min–max
scaling and z-score normalization. The study relied on the min–max scalar technique to
process its data. When you have boundary information or favor knowing the exact range
of the data, min–max scaling helps and is frequently used in k-NN and neural networks.
Min–max scaling can be expressed in the following mathematical way:

X′ =
X − Xmin

Xmax − Xmin
(3)

where

• X is the original value;
• Xmin is the minimum value in the feature;
• Xmax is the maximum value in the feature;
• X′ is the normalized value (scaled to the range [0, 1]).

Lastly, the processed data were separated into 80% for use in training and 20% for
testing. We chose this number to help ensure that the model has enough information
for learning and enough unseen data to judge its ability to solve any new problem and
notice overfitting.

2.4. Models Structure
2.4.1. Traditional Machine Learning and Neural Network-Based Approaches

Python 3.10.12 was used to set up and analyze fifteen models, and each model re-
quired the hyperparameter settings listed in Table 2. Running the data through a multiple
regression such as Neural Network-L-BFGS (NN-LBFGS), AdaBoost (ADAB), Extreme
Gradient Boosting-XGBoost (XGB), Gradient Boosting-scikit-learn (GB-SKL), kNN by Dis-
tances (kNN-D), Gradient Boosting-CatBoost (GB-CB), Stochastic Gradient Descent (SGD),
Support Vector Machine (SVM), Random Forest (RF), kNN Uniform (kNN-U), Neural
Network-Adam (NN-Adam), Extreme Gradient Boosting Random Forest-XGBoost (XGB-
RF), Linear Regression (LR), Decision Tree (DT), or Neural Network-SGD (NN-SGD) is
necessary for this study. This process allows us to compare various models to see which
performs the best on our data, as every model has certain advantages. Not every machine
learning model is good for every kind of analytics; they are valuable for some and not for
others. An example is that Gradient Boosting works best by reducing errors with each
boost, leading to greater accuracy in situations with many complex and related variables,
while Random Forest performs better at generalizing results by combining several Decision
Trees with the ability to estimate how important each feature is and does well with high-
dimensionality data. Support Vector Machines try to find the best division of cases based
on kernel transformations, but their ways are not as simple and straightforward as those of
Decision Trees. The quality of results stands out in K-Nearest Neighbors, since its training
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process is simple. Since linear relationships between variables can be addressed in a linear
manner, Linear Regression suits this well and remains easy to understand while being
efficient to compute. Neural networks can successfully discover the complex nonlinearity
by the multi-layered structure with the ability of auto feature extraction. Stochastic Gradi-
ent Descent allows for optimizing the parameters of large datasets by performing small
updates at a time. With all these algorithms available, we can choose the most suitable one
for us in terms of how easy it is to interpret, the computational effort it requires, or how
well it predicts results.

Table 2. Summary of machine learning and deep learning models with their hyperparameter
configurations.

Model Model Parameters

GB (scikit-learn)

• Number of trees is 100
• Learning rate is 0.1
• Limit depth of individual trees is 3
• Does not split subsets smaller than 10
• The fraction of training instances is 0.8

EGB (xgboost)

• Number of trees is 200
• Learning rate is 0.05
• Lambda (L2 regularization) is 1
• Limit depth of individual trees is 6
• Fraction of training instances is 0.8
• Fraction of features for each tree is 0.8
• Fraction of features for each level is 1
• Fraction of features for each split is 0.8

EGB-RF (xgboost)

• Number of trees is 200
• Learning rate is 1
• Lambda (L2 regularization) is 2
• Limit depth of individual trees is 5
• Fraction of training instances is 0.8
• Fraction of features for each tree is 0.7
• Fraction of features for each level is 1
• Fraction of features for each split is 0.8

GB (catboost)

• Number of trees is 100
• Learning rate is 0.05
• Lambda (L2 regularization) is 3
• Limit depth of individual trees is 5
• Fraction of features for each tree is 0.8

AdaBoost

• The number of estimators is 100
• Learning rate is 0.05
• Boosting method is SAMME.R (Real boosting)
• Regression loss function is square

RF

• Number of trees in the forest is 10
• Number of attributes per split is 5
• Limit depth of individual trees is 5
• Do not split subsets smaller than 5

SVMs

• SVM cost is 1
• Regression loss epsilon: 0.1
• Kernel type is linear
• Numerical tolerance: 0.001
• Iteration limit is 1000
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Table 2. Cont.

Model Model Parameters

DT

• Minimum instances in leaves are 15
• Does not split subsets smaller than 7
• Maximal tree depth is 10
• The stopping point is at 95% of the majority

kNN (distance)
• Number of nearest neighbors is 5
• Metric is Euclidean
• Weight is by distance

KNN (uniform)
• Number of nearest neighbors is 5
• Metric is Euclidean
• Weight is uniform

LR

• Fit intercept
• Regularization: Elastic Net regression
• Alpha: 10
• L1:L2 mixing ratio: 0.5:0.5

NN (L-BFGS)

• Sklearn’s Multi-layer Perceptron (MLP) algorithm
• Neurons per hidden layer are 50
• Activation is ReLu
• Solver is L-BFGS-B
• Regularization: 0.01
• Maximum iterations are 1000

NN (Adam)

• Sklearn’s Multi-layer Perceptron (MLP) algorithm
• Neurons per hidden layer are 50
• Activation is ReLu
• Solver is Adam
• Regularization: 0.01
• Maximum iterations are 1000

NN (SGD)

• Sklearn’s Multi-layer Perceptron (MLP) algorithm
• Neurons per hidden layer are 50
• Activation is ReLu
• Solver is SGD
• Regularization: 0.01
• Maximum iterations are 1000

SGD

• Regression loss function is squared loss
• Regularization is Elastic Net
• Elastic Net mixing ratio is 0.5
• Regularization strength is 0.001
• Learning rate is constant
• Number of iterations is 1000

The behavior and functioning of machine learning models are defined by their model
parameters. Some of the values they include are the number of trees, the learning rate,
maximum tree depth, and regularization strength. Because of these parameters, a model
learns from given data, avoids over- and underfitting, and easily applies to new situations.
As an illustration, splitting trees into fewer levels or using regularization is useful to keep
the model’s complexity low, but adjusting the learning rate can make the model settle
down faster. SVM uses parameters regarding the number of nearest neighbors and kernel
type to interpret its input data. Selecting different loss functions, types of activations,
and optimizers for neural networks can make training more efficient and improve their
accuracy in making predictions. To ensure the best performance, generalization, accuracy,
and dependability, it is vital to be attentive to when and how to use these parameters.
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Figure 7 displays the Pythagorean Forest visualization. All learned Decision Tree
models from the RF model are shown in the Pythagorean Forest. The best trees are those
with the shortest and darkest-colored branches. This means there are few things that divide
the branches clearly. It is used to help understand the variety and detail in the Decision
Trees included in an RF model. It helps determine the role that a single tree plays in the
predictions and can point out any signs of overfitting or underfitting by noticing similarities
in their structure or excessive depth across trees.

Figure 7. The Pythagorean Forest visualizing all Decision Tree models constructed by the Random
Forest algorithm.

2.4.2. Genetic Programming-Based Symbolic Regression

Genetic programming-based symbolic regression (GPSR) is set as model number
sixteen. It involves the system automatically finding ways to model the relationships in the
data using the ideas behind natural selection and evolution. Python 3.10.12 (PySR package)
was selected to develop the GPSR model, and Table 3 shows the exact parameters that
were chosen. Rather than fitting data to specific equations, GPSR learns new equations
by using a group of candidate solutions that are chosen, crossed over, and mutated. With
this strategy, GPSR can discover complex patterns that do not follow a specific pattern
beforehand. A major point in favor of this model over traditional ML models is that it is
easily interpreted. Using GPSR, the model provides simple equations rather than black-box
predictions that people can read and use to understand what is happening beneath the
predictions. It is also outstanding in the simulation of systems that function by laws that
are not fully known, since both transparency and discovering the system’s structure matter
most. Furthermore, thanks to its use of smaller datasets and ability to work with noise and
irregular data, GPSR is very suitable in gas lift well modeling.

Table 3. Summary of symbolic regression models with their hyperparameter configurations.

Model Model Parameters

GP-SR
• Number of evolutionary iterations is 100
• Maximum expression size is 20

3. Results and Discussion
3.1. Model Results

The precision of the machine learning models can be observed in Figure 8 using the
mean square error (MSE), root mean square error (RMSE), mean absolute error (MAE), and
coefficient of determination (R2). As a result of the computations, we can tell how accurate
each model is. An accurate model has a small error and a high R2 level, while high errors
and a low R2 prove that the model performs poorly. That is why the NN (L-BFGS) model
performs the best.



Fluids 2025, 10, 161 12 of 23

Figure 8. Performance evaluation heatmap of the implemented machine learning models.

Figure 9 shows how the NN (L-BFGS) model predicted the BHP values compared
to the BHP readings taken from the downhole gauges. Clusters of data on the diagonal
line indicate that the predictions are highly accurate. You can see from the blue-to-yellow
gradient that the model always works well, regardless of the pressure it is exposed to. The
small scatter across the diagonal lines reflects that those predictions only slightly differ
from the actual data. A smooth distribution of colors along the line helps prove that the
model is both accurate and reliable for all pressure values.

 

Figure 9. Normalized actual and predicted BHP comparison using neural network with
L-BFGS optimizer.
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The main variables influencing the BHP prediction, according to the NN (L-BFGS)
model with SHAP (SHapley Additive exPlanations), are reported in Figure 10. The values
from SHAP describe the impact of each feature on the outcome of the model so they can
clarify the model’s behavior. The SHAP values, or the effects of each input (positive or
negative), are found on the horizontal axis. Every observation is marked by a point that
relies on the feature’s values (blue is the lowest, and red is the highest), and its position
depends on the given SHAP value.

Figure 10. SHAP plot illustrating feature impact in the neural network with L-BFGS optimizer.

The importance of each parameter decreases as you move down, with the paramount
one placed at the top. IPD, TD, and FFR appear to contribute the most to the differences
in flowing BHP prediction, as they have the largest range of SHAP values going up and
down. SHAP showed results that were not the same as those of the Spearman and Pearson
models, as it focuses on the importance of features in a certain model, while these methods
only consider areas where one feature affects another in a linear or single-directional
manner. SHAP values are unlike correlation coefficients, which only restore the global
linear or monotonic trend, and instead measure the local effect of each feature in individual
predictions. This enables SHAP to detect nonlinear effects and interaction effects, for
example, when the effect of a feature on BHP varies with other reservoir or operational
parameters. So, SHAP identifies more complicated relationships and their significance
compared to simple correlation statistics. SHAP values can help domain experts interpret
the same results, learn how the model makes judgments, single out significant factors in
the domain, and check the actual meaning of the parameters applied in the study.

GP-SR was used with the normalized data to produce models we could easily interpret.
The chosen model (Equation (4)) delivered promising results when put to the test, having
an MSE of 0.007, an RMSE of 0.085, an MAE of 0.068, and an R2 of 0.802. Out of all the
symbolic models shown in Table 4, Equation (4) achieved the most suitable balance between
accuracy and simplicity. The lowest loss it experienced was 0.010488, and its complexity
was 15. Because symbolic models depend on both simplicity and being easy to read, some
highly important features might not be included if they have little effect on the equation’s
accuracy. In this case, we define complexity by the number of operations and variables
needed in the model, which makes the model harder to understand. A better model fits
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the data, as its error or loss is lower. Thus, Equation (4) is the best model choice because it
achieves good accuracy and is relatively simple.(√

FFR × 0.39444104 + (TD − (IPD × cos(WHP)))
)
× (WC + IPD) (4)

Table 4. List of generated symbolic models alongside their loss and complexity evaluations.

Complexity Loss Equation

1 0.040771 0.3271417

3 0.028801 WC/2.23883

4 0.028639 Sin (WC) × 0.51090336

5 0.024993 WC
ecos(PD)

6 0.024519 WC/(cos (PD)/0.36379465)

7 0.019756 WC × (TD − IPD + 0.42867288)

8 0.016829 PD − ((WC × −0.37555227) + sin (IPD))

9 0.015375 (OGIP + WC) × (0.2983757 − (IPD − TD))

11 0.014491 (WC + OGIP) × (0.24029268 − (IPD − (PD × 1.095866)))

13 0.013551 ((((FFR × 0.2097214) + 0.19042374) × (TD + WC)) + TD) − IPD

14 0.012628 (TD − ((FFR × WC) × −0.55305517)) − (cos (WHP) × (IPD/1.3678912))

15 0.010488
(√

FFR × 0.39444104 + (TD − (IPD × cos(WHP)))
)
× (WC + IPD)

16 0.010348 (((WC + TD) × ((FFR × 0.2841561) + 0.13601056)) + TD) − (IPD × cos (WHP))

17 0.009773
(√

FFR×0.27031562+(TD−(cos(WHP)×IPD))
1.3074819

)
× (WC + TD)

18 0.00901
(

TD−(cos(
√

WHP)×IPD)
1.3286747 +

√
FFR × 0.12889326

)
× (WC + PD)

19 0.008182 (WC + TD)×
(

TD−(cos(
√

WHP)×IPD)
eGLIR +

√
FFR × 0.13287625

)

3.2. Model Testing and Validation

To determine the performances of the developed ML models, k-fold cross-validation
testing is carried out along with random sampling techniques. The methods presented
here give a set of procedures for validating the models and allow experts to agree on how
effective they are. K-fold cross-validation is used in machine learning to split the data
into K-folds, and only one-fold is tested at a time, with the rest being included in training.
The process happens K times, and the metrics for prediction accuracy are averaged after
each run. The technique is helpful in building models, since it gives a more dependable
measure of how the model will work with fresh data. It prevents assessing an algorithm’s
performance too positively by training and validating it with all the available data. It is
also essential for choosing the best hyperparameters, selecting which model to apply, and
lowering some types of bias. The cross-validation conducts training on nine folds and
tests the regression model by using the only remaining fold (used as a test set). Figure 11
presents the outcome of the 10-fold cross-validation process. For each model, the outputs
show the MSE, RMSE, MAE, and R2.

In repeated random sampling cross-validation (RRSCV), the dataset is randomly split
into training and testing subsets multiple times, and model performance is evaluated by
averaging the results across these randomized iterations. Unlike the fixed splits in K-fold
cross-validation, RRSCV uses multiple randomized splits to reduce the variation in its
performance estimates. The main benefit is that with small data, this method makes better
use of the data and results in more reliable findings of how the model would work on
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new data. It also works to identify if a model is overfitting and to adjust hyperparameters
properly, helping select the best model when the data are unclear. Figure 12 displays
the result obtained using the RRSCV technique after 10 iterations were performed. All
the models have their MSE, RMSE, MAE, and R2 presented with them. In K-fold and
RRSCV evaluation, the neural network (L-BFGS) model obtains a higher accuracy than the
other models.

Figure 11. K-fold cross-validation results across different models.

Figure 12. Random sampling results across different models.
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3.3. Field Application

Blind dataset validation is the next validation process we will discuss. Blind dataset
validation makes it possible to estimate the accuracy of a model in real life, as the new
dataset is never used for training, tuning, or feature selection. This type of validation
separates the test set up front, eliminating any risk of leaking data during a model’s
development. While we can increase consistency using K-folds and reduce bias by sampling
data several times, the truest and most accurate review comes from blind validation. For
this reason, the developed NN (L-BFGS) model, which is the most accurate algorithm, was
used with an independent set of data from 30 gas lift wells to estimate the flowing BHP
during production. Descriptive statistics for each parameter are presented in Table 5.

Table 5. Descriptive statistics for the dataset from 30 gas lift wells.

Parameter Units MIN MAX AVG Median

Tubing inside diameter inches 2.441 2.992 2.7165 2.7165
Tubing depth ft 3200 10,318 6598.633 6220
Perforation depth ft 3250 10,368 6686.3 6343
Wellhead pressure psi 30 250 114.3333 100
Reservoir temperature f 112.5 183.68 146.863 143.43
Gas–oil ratio scf/stb 100 1500 582.5 500
Water cut % 0 99 75.66667 90
Operating gas injection pressure psi 800 1100 905 900
Gas lift injection rate mmscf/d 0.4 0.9 0.52 0.5
Bottomhole pressure psi 448 1661 800.2 745.5
Injection point depth ft 2697 9253 5737.433 4799
Fluid flow rate stb/d 50 1794 780.3667 734.5

The comparison between the BHP predicted by the developed NN (L-BFGS) algorithm
and the memory gauge reading can be seen in Figure 13, and it is clear that the predictions
match the measurements well with an R2 value of 0.97. Consequently, the system should
make it possible to monitor the gas lift wells continuously and respond swiftly if an
optimization decision is called for during production.

Figure 13. Neural network (L-BFGS optimizer) prediction vs. actual BHP values across 30 gas lift wells.
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The use of the NN (L-BFGS) algorithm on 30 gas lift wells reveals that it can accurately
forecast bottomhole pressure (BHP) per well. With this, it is now possible to constantly
monitor and improve gas lift operations. Moreover, it is a cost-effective and reliable
alternative to bottomhole gauges. In addition, these ML models are less likely to experience
the accuracy issues seen with traditional methods based on physics, empirical correlations,
or hybrid models. In complex fields such as those with big gas lift operations, involving
thousands of wells operating concurrently, it is crucial to optimize operations as much as
possible in real time.

3.4. Limitations of Machine Learning Models for BHP Prediction

Although these ML models for predicting BHP in gas lift wells are very accurate,
they still have some limitations. They rely on substantial and well-prepared data and
can work poorly with inaccurate, insufficient, or biased information. Unlike physics-
based models, they are difficult to interpret, which makes the reasons for their behavior
unclear. Changes in operational settings or well configurations may require frequent
retraining. It is crucial to update ML models in a planned way when conditions in the field
change, for example, retraining the model at scheduled times (e.g., three or six months)
and keeping an eye on how accurately it predicts outputs to find out if any problems have
developed. Lastly, model performance may be sensitive to hyperparameter tuning and
data preprocessing techniques.

4. Conclusions and Future Work
It is based on the analysis of sixteen models that the NN (L-BFGS) model has shown

the best results, with an R2 of 0.965 and the minimal error metrics observed amongst all the
algorithms tested (MSE = 0.001, RMSE = 0.037, and MAE = 0.021). These findings affirm its
high predictability power in determining bottomhole pressure (BHP) using conventional
well parameters. The same result was observed in k-fold cross-validation and repeated
random sampling, which proved the model’s robustness and generalizability. In order
to have a complete and objective comparison of performance, sixteen different machine
learning models were trained on the same dataset. The method considers the variability
in the strengths of the algorithms, deals with different data features, and provides the
possibility to select the most accurate model to be used in the BHP prediction in complicated,
actual gas lift conditions. By using SHAP analysis, it became clear that there are difficult,
nonlinear relationships between injection point depth, tubing depth, fluid flow rate, and
bottomhole pressure that other models cannot pick up.

The generalizability of the model was tested by blind testing on a separate dataset of
30 gas lift wells, where the model once again gave an R2 of 0.97, which verified its strength
and its applicability to the real world. Additionally, the symbolic regression model gave
interpretable expressions with decent accuracy (R2 = 0.80) that could be used as lightweight
options when explainability is more important than accuracy. All the results prove the idea
that a well-adjusted neural network can become an accurate, trusted, and cost-efficient
substitute for the traditional BHP estimating techniques as well as downhole gauges.

More studies should focus on model generalizability by using various types of reser-
voirs, different operating situations, varying well structures, and several fluid types. If
time-series data and dynamic operational changes are added, it would help improve ac-
curacy and adaptability during real-time use. Additionally, applying physics-informed
machine learning to symbolic regression might lead to code-based models that are easy
to understand and yet perform well. Gathering global data from a wider range of field
studies and building software tools for repeated training and deployment of the model
will enhance opportunities for broad use. Overall, progress in ML will likely reshape
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optimization in gas lift operations, especially in complex mature fields such as those with
huge gas lift operations including thousands of gas lift wells.
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Nomenclature

AdaBoost Adaptive Boosting
Adam Adaptive Moment Estimation optimization algorithm
BHP Bottomhole pressure
DT Decision Tree
FFR Fluid flow rate
GB-CB Gradient Boosting (catboost)
GB-SKL Gradient Boosting (scikit-learn)
GLIR Gas lift injection rate
GOR Gas–oil ratio
GP-SR Genetic Programming-based Symbolic Regression
IPD Injection point depth
IQR Interquartile range
kNN-D K-Nearest Neighbor (by distances)
kNN-U K-Nearest Neighbor (uniform)
L-BFGS Limited-memory Broyden–Fletcher–Goldfarb–Shanno optimization algorithm
LR Linear Regression
MAE Mean absolute error
MAPE Mean absolute percent error
ML Machine learning
MSE Mean square error
NN Neural network
OGIP Operating gas injection pressure
PD Perforation depth
r Pearson’s correlation coefficient
R2 Correlation coefficient
RF Random Forest
RMSE Root mean square error
RRSCV Repeated random sampling cross-validation
RT Reservoir temperature
SGD Stochastic Gradient Descent
SHAP SHapley Additive exPlanations
SVMs Support Vector Machines
TD Tubing depth
TID Tubing inside diameter
WC Water cut
WHP Wellhead pressure
XGB Extreme Gradient Boosting (xgboost)
XGB-RF Extreme Gradient Boosting Random Forest (xgboost)
ρ Spearman’s rank correlation coefficient
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