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a b s t r a c t

CO2 flooding is an efficient technique for enhancing oil recovery and carbon sequestration, where ac-
curate estimation of the minimum miscibility pressure (MMP) is crucial. Conventional experiment and
numerical simulations are time-cost and often inaccurate. Therefore, it is essential to develop an effi-
cient and accurate model for MMP prediction. In this work, we introduced a genetic algorithm-
optimized random forest (GA-RF) model using 260 samples with eight input features, including
reservoir temperature (TR), molecular weight of C5+ pseudo-components (MWC5+), ratio of the mole
percent of volatile to intermediate fractions (vol./int.), and mole fractions of injected gas (CO2, H2S, CH4,
C2–C4, and N2). Four algorithms-random forest (RF), multilayer perceptron (MLP), support vector
regression (SVR), and gradient boosting decision tree (GBDT) are compared. RF performs best and is
further optimized by GA. The resulting GA-RF model outperforms traditional methods, with prediction
accuracy of 0.99 and a root mean square error of 0.74. The model was applied to CO2-hydrocarbons
system from different low-permeability reservoirs in China. Results show that the GA-RF model
demonstrated an average relative error of 3.43%. These findings highlight that the GA-RF model has
great potentials for predicting MMP during CO2 flooding and improving CO2 miscible flooding efficiency.

© 2026 Chinese Petroleum Society. Publishing services by Elsevier B.V. on behalf of KeAi
Communications Co. Ltd. This is an open access article under the CC BY-NC-ND license (http://

creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

With increasing global energy demand, CO2 flooding has been
widely adopted as an enhanced oil recovery (EOR) technique due
to its high displacement efficiency and cost-effectiveness (Du and
Nojabaei, 2019; Louk et al., 2017; Song et al., 2025). Chen et al.
(2022) systematically investigated the interaction between
displacement efficiency andmiscibility degree in CO2 enhanced oil
recovery processes under different pore scales by analyzing rela-
tive permeability curves under three distinct miscibility states.
Additionally, it contributes to carbon capture and storage, playing
a role in climate change mitigation (Tian et al., 2020). The fluid
state critically affects crude oil development, with MMP being a
key parameter in CO2 flooding (Liu et al., 2025b). The success of

CO2 flooding techniques is largely dependent on accurate esti-
mates of the MMP, a critical parameter in designing CO2 miscible
flooding determines whether CO2 can mix with crude oil. Previous
research has indicated that reservoir temperature, pressure, and
the composition of the injected gas are key parameters influencing
MMP (Silva and Orr, 1987). Accurately predicting the MMP is
essential. It helps control production costs, improves displacement
performance, and is crucial for both theoretical research and field
applications. A comprehensive understanding of the parameters
that influence MMP, together with refining the CO2-based
enhanced oil recovery process, is essential for improving oil and
gas recovery efficiency and promoting environmental sustain-
ability (Oyinloye et al., 2021).
MMP during CO2 flooding is primarily studied through theo-

retical models and experimental methods (Dindoruk et al., 2021).
Experimental methods such as slim-tube testing, rising bubble
apparatus, vapor density analysis, and vanishing interfacial ten-
sion measurements are widely used (Johns et al., 2002). Liu et al.
(2025a) conducted high-temperature and high-pressure NMR
displacement tests in Block L of Jiangsu Oilfield's ultra-low
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permeability reservoir, revealing the mechanism of CO2-enhanced
mass transfer in such reservoirs. Though these experiments can
obtain accurate MMP predictions, they are time-consuming,
expensive, and sometimes lack of high-precision apparatus and
repeatability (Wu and Batycky, 1990; Christiansen and Haines,
1987; Rao, 1997; Ayirala et al., 2003; Franklin and Kristian,
2007). Theoretical approaches encompass empirical relation-
ships, equation of state methods, tie line analysis calculation
methods, numerical simulationmethods, and artificial intelligence
(AI) prediction methods (Ghorbani et al., 2014). Most empirical
relationships are only applicable under strict conditions and often
produce large errors when applied to diverse reservoir conditions.
Equation of state involve computationally intensive thermody-
namic calculations (Ashrafizadeh and Ghasrodashti, 2011; Chen
et al., 2020). Similarly, numerical simulations demand substan-
tial experimental data in the initial stages to fit PVT properties and
the computations involved are resource-intensive.
With the rapid development of AI, intelligent models are

increasingly used to predict MMP. AI techniques are generally
categorized into machine learning (ML) and deep learning (DL)
(Song et al., 2024). Compared to conventional experimental or
numerical methods, AI-based approaches offer improved compu-
tational efficiency and predictive accuracy (Akbari et al., 2025).
Alatefi et al. (2025a, 2025b; 2025c) conducted a series of studies
using interpretable AI models, including developing efficient
analytical tools for designing and optimizing deep eutectic sol-
vents (DES), predicting the solubility of CO2–N2 mixtures in brine,
evaluating their impact on impurity-containing CO2 storage in
saline aquifers, and achieving precise predictions of water activity
in ternary ionic liquid systems. In the field of oil and gas devel-
opment research, Shokrollahi et al. developed a least squares
support vector machine (LSSVM) model for MMP prediction in
both pure and impure CO2-crude oil systems, achieving an R2 of
0.90 (Shokrollahi et al., 2013). However, the model lacked input
sensitivity analysis and interpretability. Tatar et al. and Hemmati-
Sarapardeh et al. proposed radial basis function neural network
(RBFNN) and feedforward neural network (FNN) models, respec-
tively, identifying reservoir temperature as the most influential
factor on MMP (Hemmati-Sarapardeh et al., 2016; Tatar et al.,
2013). Zhang et al. compared the performance of random forest
(RF), support vector regression (SVR), and artificial neural network

(ANN) models using 170 experimental datasets (Zhang et al.,
2020). The RF model demonstrated superior accuracy in both
training and testing phases. Alatefi et al. (2024) developed data-
driven models to predict CO2 minimum miscibility pressure
(MMP), which could reduce laboratory costs and deliver rapid and
accurate predictions.
To enhance model performance further, researchers have in-

tegrated intelligent optimization algorithms (Mohammadian et al.,
2022; Riazi and Türker, 2018). The Genetic Algorithm (GA) is
particularly prevalent due to its effectiveness in solving complex
nonlinear problems. Emera and Sarma (2005) were among the first
to apply GA for MMP prediction (Emera and Sarma, 2005). Bian
et al. developed an SVMmodel based on 150 experimental samples
and improved its accuracy for both pure and impure CO2-crude oil
systems through GA optimization, although the mixed CO2 sys-
tem's prediction accuracy was limited to 0.92 (Bian et al., 2016).
Shakeel et al. proposed a hybrid forecasting model combining ANN
and adaptive neuro-fuzzy inference systems (ANFIS), incorpo-
rating ten key variables influencing MMP (Shakeel et al., 2023).
However, the study did not disclose the dataset size. Sayyad et al.
used particle swarm optimization (PSO) to optimize ANN weights
and biases, significantly reducing the mean absolute error (Sayyad
et al., 2014).
Stacking ensemble models have been gained significant trac-

tion in MMP prediction due to their enhanced generalization
capability achieved by integrating multiple base learners. Ghiasi
et al. developed an AdaBoost-CART model using 94 datasets to
predict MMP during CO2 flooding, demonstrating superior accu-
racy compared to individual base models (Ghiasi et al., 2021).
Hassan et al. proposed an ensemble framework combining ANN,
RBFNN, GRNN, and fuzzy logic systems, trained on 105 experi-
mental samples to estimate MMP in CO2-crude oil systems
(Hassan et al., 2019). However, the study noted that complex
models like ANN are prone to overfitting when trained on small
datasets, which undermines model stability and predictive reli-
ability (Altman, 1992).
Current studies reveal that the experiments suffer from pro-

longed cycles and high costs, especially for tight or shale forma-
tions. Numerical methods exhibit sensitivity to fluid properties
and prohibitively high computational costs. Additionally, they are
constrained by the applicability of formulas, and the models

Nomenclature

MMP minimum miscibility pressure
TR reservoir temperature
MWC5+ molecular weight of C5+ pseudo-components
vol./int the ratio of the mole percent of volatile to the

intermediate fractions
EOR enhanced oil recovery
AI artificial intelligence
ML machine learning
DL deep learning
RF random forest
GA genetic algorithm
MLP multilayer perceptron
SVR support vector regression
GBDT gradient boosting decision tree
LSSVM least squares support vector machine
RBFNN the radial basis function neural network
FNN the feedforward neural network
ANN the artificial neural network

SVM the support vector machine
ANFIS the adaptive neuro-fuzzy inference systems
PSO the particle swarm optimization
AdaBoost-CART Adaptive Boosting with Classification and

Regression Trees
GRNN generalized regression neural network
R2 coefficient of determination
APRE the average percentage relative error, %
AAPRE the average absolute percentage relative error, %
RMSE the root mean square error
SD the standard deviation
H(x) the random forest model
Hi(x) the ith decision tree
X the sample feature vector
Y the sample class label
I the indicator function
N the total number of data points
yiexp the experimental or actual values
yiped the predicted values
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sometimes have poor performance under complex reservoir con-
ditions. Although recent advancements in machine learning have
introduced new perspectives, model performance remains heavily
dependent on hyperparameter optimization. Conventional grid
search or manual parameter tuning are inefficient and fails to
guarantee global optimal solutions. Furthermore, most rely on
small sample datasets with simplistic data segmentation, limited
evaluation metrics, and insufficient validation. All these lead to
inconsistent results and potential overfitting. Therefore, in this
work, a comprehensive MMP prediction database is constructed
using both experimental and field data. Four machine learning
models-RF, SVR, MLP, and GBDT-are systematically evaluated for
predictive accuracy and generalization. The best-performing
model is further optimized using a -GA, and its performance is
rigorously validated through multiple techniques. A sensitivity
analysis is then conducted to examine the influence of eight key
parameters, including reservoir temperature, crude oil composi-
tion, and injected gas composition, on MMP. Finally, the proposed
models are compared with existing AI-based approaches. The re-
sults show notable improvements in both computational effi-
ciency and prediction accuracy. This study innovatively uses
genetic algorithms as an efficient global optimization tool and
combines it with the random forest model to achieve automatic
and precise optimization of key hyperparameters, overcoming the
limitations of traditional manual parameter tuning. Meanwhile, by
collecting a self-built dataset covering a wide range of reservoir
conditions for training and testing, the GA-RF model was applied
to the CO2-hydrocarbon system in China's low-permeability res-
ervoirs, further verifying its robustness. This study provides a
robust theoretical foundation and valuable practical insights into
CO2 flooding and enhanced oil recovery.

2. Method and process

2.1. Data selection and process

In this section, we build a dataset from 15 literatures
(Shokrollahi et al., 2013; Tatar et al., 2013; Hemmati-Sarapardeh
et al., 2016; Shakeel et al., 2023; Sayyad et al., 2014; Ghiasi et al.,
2021; Dicharry et al., 1973; Harmon and Grigg, 1988; Thakur
et al., 1984; Metcalfe, 1982; Dong et al., 2001; Rathmell et al.,
1971; Kamari et al., 2015; Karkevandi-Talkhooncheh et al., 2017;
Olukoga and Feng, 2022). The characteristic parameters of the
dataset include the TR, ranging from 22.67 ◦C to 127.00 ◦C. the
MWC5+, ranging from 136.47 g/mol to 465.59 g/mol. The vol./int.,
ranging from 0 to 21.1. The mole fraction of the injected gas, which
include yCO2、 yH2S、 yCH4、 yC2 − C4、 yN2 . Additionally, the dataset
includes the MMP for both pure CO2 and impure CO2 systems
(6.5–41.15 MPa). After eliminating redundant records, 260 MMP-
related data points were obtained, including 156 instances corre-
sponding to pure CO2 and 104 associated with impure CO2. The
parameter ranges in the dataset are summarized in Table 1.
To mitigate potential bias from fixed data ordering, a random-

ized auxiliary column was appended to the dataset by scaling the
target variable with uniform random values. This column was
included solely for structural and shuffling purposes and was not
used in model training or prediction. Additionally, to address scale
disparities among input features that are common in crude oil
composition datasets, all variables were normalized to a common
range using Min-Max normalization (Kassambara, 2017). This
preprocessing step improves model generalization by ensuring
balanced feature contribution and reducing magnitude-induced
bias during learning.

Table 1
Statistical description of the database.

CO2 Gas Stream Composition TR (◦C) Oil Composition MMP(MPa)

CO2 (%) H2S (%) C1 (%) C2–C4 (%) N2 (%) MWC5+(g/mol) vol./int.

MAX 100 0 0 0 0 22.67 136.47 0 6.5
MIN 40 50 20 25 8.8 127.00 465.59 21.10 41.45
MEAN 70 25 1 12.5 4.4 149.67 301.03 10.55 23.98
STD 13.54 10.73 5.22 4.17 0.73 25.44 44.80 2.38 6.75

Fig. 1. Flow chart of GA-RF prediction model.
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2.2. Random forest (RF)

RF is an ensemble learning algorithm proposed by Breiman
(Breiman, 2001). Its basic building block is a decision tree, and two
types of randomness are introduced during model construction:
bootstrap sampling of the dataset and random selection of input
features. These random processes result in the generation of
multiple diverse decision trees. The predicted class is obtained
through a majority voting mechanism. The final output aggregates
the predictions from all trees in the forest, thereby improving
predictive accuracy and mitigating the risk of overfitting. RF is
capable of performing both classification and regression tasks,
with the primary difference lying in the method used to aggregate
the outputs of individual trees. In addition, RF have the important
capability of evaluating feature importance (Rodriguez-Galiano
et al., 2012; Strobl et al., 2007).
For classification problems, each tree in Random Forest acts as

an independent classifier, and the final prediction is determined by
majority voting among the individual tree outputs.

H(x)= argmax
∑N

i=1

I(hi(x)= y) (1)

For regression tasks, the prediction is the average of outputs
from all decision trees.

H(x)=
1
N

∑N

i=1

hi(x) (2)

Where H(x) is the random forest model, Hi(x) represents the ith
decision tree, X refers to the sample feature vector, Y denotes the
sample class label, and I is the indicator function.

2.3. GA-RF model process

The GA is inspired by Darwinian evolution, simulating natural
selection and survival of the fittest (Holland,1975). It functions as a
parallel and adaptive iterative algorithm, mimicking the genetic
evolution of organisms. Individuals, or chromosomes, are encoded
as binary strings. Starting from an initial population, the algorithm
iteratively applies selection, crossover, and mutation operations.
Selection retains promising solutions, crossover generates new
combinations, and mutation introduces diversity. Through suc-
cessive generations, the population evolves toward better fitness
and adaptability. GA is inherently random and adaptive, with its
core mechanism being the continuous refinement of solutions
through simulated evolution. As a global optimization technique,
the GA model effectively addresses the limitations of manual
parameter tuning in RF, enhancing both prediction accuracy and
generalization capability. The flowchart of the GA-RF optimization
algorithm is shown in Fig. 1, and the specific steps are as follows:

(1) A total of 260 datasets were normalized to reduce parameter
scale effects.

(2) Data were split into training (80%) and test (20%) sets, with
10-fold cross-validation applied to the training set.

(3) Three RF hyperparameters, max_d, n_trees, and min_leaf,
were optimized using GA.

Table 2
Average results of 10-cross-validation.

Model R2 AAPRE% RMSE SD

RF 0.96 5.13 5.13 5.13
SVR 0.88 8.79 1.98 1.98
MLP 0.89 8.89 2.18 2.19
GBDT 0.84 10.01 2.67 2.31

Fig. 2. Schematic diagram of genetic coding processing of random forest parameters.

S. Zheng, M. Liu, Y. Zhang et al. Petroleum Research 11 (2026) 838–847

841



(4) Hyperparameters were encoded as binary chromosomes; an
initial population was generated randomly, as shown in
Fig. 2(a)–(b).

(5) Selection was done via roulette wheel, and crossover
with a probability of 0.8 and mutation with a probability of
0.001 were applied to ensure diversity, as shown in
Fig. 2(c)–(e).

(6) Fitness was evaluated to evolve the population; the algo-
rithm stopped when convergence or iteration limits were
reached.

2.4. Model evaluation

The evaluation metrics included the average percentage relative
error (APRE), average absolute percentage relative error (AAPRE),
root mean square error (RMSE), standard deviation (SD), and
determination coefficient (R2). Among these, R2 and APRE are key
indicators for evaluating the overall performance of the model. The
R2 value approaching to 1 signifies higher predictive accuracy,
whereas an RMSE value of 0 indicates a perfect model fit. These
metrics are employed to quantify the model's predictive capabil-
ities, with their specific calculations detailed in Equations (3)–(7):

APRE=
1
N

∑N

i=1

[
yi exp − yiped

yi exp

]

(3)

AAPRE=
1
N

∑N

i=1

⃒
⃒
⃒
⃒
⃒

yi exp − yiped
yi exp

⃒
⃒
⃒
⃒
⃒

(4)

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
N

∑N

i=1

(
yi exp − yiped

)2
√

(5)

SD=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N − 1

∑N

i=1

(
yi exp − yiped

yi exp

)2
√
√
√
√ (6)

R2=1 −

∑N
i=1

(
yi exp − yiped

)2

∑N
i=1

(
yiped − yi exp

)2 (7)

Where N represents the total number of data points, yiexp denotes
the experimental or actual values, yiped refers to the predicted
values.

3. Result and discussion

3.1. Basic model selection

Table 2 presents the 10-fold cross-validation results for four
machine learning models: RF, SVR, MLP, and GBDT (Vapnik, 1995;
Friedman, 2001). This validation method reduces the randomness
caused by data partitioning and provides a more reliable evalua-
tion of model performance. Among the models, RF achieved the
best results, with an AAPRE of 5.13%, RMSE and SD of 1.35, and an
R2 of 0.96, indicating strong generalization and robustness. In
contrast, MLP, SVR, and GBDT showed relatively lower perfor-
mance. Based on overall metrics, the ranking is:
RF > MLP > SVR > GBDT.

Fig. 3. Learning curves of training RMSE.
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Fig. 3 displays the RMSE learning curves for each model on the
training set, used to assess learning ability and overfitting risk. The
RF model shows a rapid RMSE drop and convergence in both
training and validation sets as sample size increases, indicating
stableMMP prediction once key features are captured. This reflects
RF's robustness against high-dimensional and noisy data, leading
to consistently strong performance across random seeds. SVR
maintains a stable validation error without clear overfitting, but
slightly underperforms RF, likely due to sensitivity to kernel se-
lection and its limitations in capturing complex nonlinearities.
MLP displays clear overfitting at small sample sizes, with large
validation error fluctuations, possibly due to dependence on initial
weights and architecture. As the data increases, performance im-
proves. GBDT performs well on training data but suffers from
unstable validation results. Overall, RF shows superior and stable
convergence and is thus chosen for further optimization.

3.2. Correlation analysis

To analyze the influence of input parameters on MMP, Spear-
man's rank correlation analysis was performed, as shown in Fig. 4.
The mole fractions of H2S, C1, N2, and C2–C4 in the gas phase show
negative correlations with MMP (Kendall, 1938), indicating that
increases in these components reduce MMP. Higher CO2 content
enhances interactions between CO2 and crude oil, promoting
miscibility and further lowering MMP. In contrast, the remaining
four parameters show positive correlations, suggesting that their
increase leads to higher MMP. Among all variables, temperature
exhibits the strongest impact. Elevated reservoir temperatures

reduce CO2 solubility in crude oil, hindering miscibility and thus
raisingMMP. Similarly, higher molecular weight of the C5+ fraction
impairs mixing, increasing MMP as molecular weight rises. Addi-
tionally, N2, a non-polar gas, decreases CO2 solubility under certain
pressures, enlarging the two-phase region and complicating
multiple contact miscibility. These results align with established
phase behavior principles and validate the model's
interpretability.

3.3. Model performance

To assess the predictive performance of the model, 52 sets of
previously untrained MMP data were used to test the trained
model. The predictive performance of the RF model and the GA-RF
model was evaluated by comparing the differences between their
predicted values and the experimental values. The results show
that the RF model achieves an AAPRE of 5.13 %, an APRE of 1.21 %,
an RMSE and a SD of 1.35. After optimization, the GA-RF model
exhibits enhanced performance, with an AAPRE of 4.47 %, an APRE
of − 0.57 %, an RMSE of 0.74, and a SD of 0.06. Compared to the
standalone RF model, the optimized GA-RF model demonstrates
significantly reduction in error metrics. This indicates that the GA
algorithm effectively improves the accuracy of intelligent predic-
tion models.
The intersection results between the predicted MMP values and

the experimental values for both the RFmodel and the GA-RFmodel
are presented in Fig. 5. The findings indicate that R2 of the RF model
is 0.96 (Fig. 5(a)), while that of the GA-RF model increases to 0.99
(Fig. 5(b)), reflecting an improvement of 3.15%. This demonstrates
that GA-optimizedmodel provides a significant enhancement in the
correlation coefficient. Additionally, the experimental data and
predicted values align closely with the diagonal line (x = y), illus-
trating the high predictive accuracy of the GA-RF model.

3.3.1. Model superiority to correlations
To evaluate the performance of the GA-RF intelligent model in

predicting MMP, we compare the prediction with six empirical
correlation models (Metcalfe, 1982; Alston et al., 1985; Orr et al.
,1984). Fig. 6 displays the prediction accuracy of these models. As
shown, significant discrepancies between the predicted and actual
values for both pure and impure CO2 injections, with many data
points significantly deviating from the ideal x = y line. Large de-
viations also illustrate the limitations of empirical correlations,
particularly with complex injected gas and oil components.

3.3.2. Model superiority to ML
To further comprehensively evaluate the performance of pro-

posed model, in this study, we compared with existing machine

Fig. 4. Relevancy factor for input variables while estimating MMP.

Fig. 5. Comparison between the results of the RF and GA-RF model for all data set.
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learning models. Since most models are not explicitly presented,
their practical application is not feasible. Consequently, this study
employs the statistical error metrics for the published models for
evaluation. The results of 4 statistical error indexes are summa-
rized in Table 3, demonstrating that the developed GA-RF model
performs better than the existing models.

3.3.3. Model verification
To assess the generalization capability of the GA-RF model, an

independent dataset of 13 samples was used for external vali-
dation. These samples were collected from the Jilin, Changqing,
Xinjiang, and Tuha oilfields (Liao et al., 2014). Table 4 summarizes
the compositions and properties of the crude oils. The volatile
content ranges from 11.48% to 44.48%, while the intermediate
fraction varies from 2.76% to 17.33%. Notably, the mole ratio of
volatile to intermediate components (vol./int.) exceeds 1 in all
cases, indicating a predominance of light oil characteristics. The
formation temperatures of the samples vary widely, from 45 ◦C to
108.4 ◦C. Several reservoirs in this study have higher formation
temperatures than typical low-permeability reservoirs, which
generally range between 30 ◦C and 90 ◦C.

The data shown in Table 4 are then fed into the optimized
model, which leverages its parallel ensemble learning capability to
deliver highly accurate minimum miscibility pressure predictions.
The low time costs significantly enhance decision-making speed
for project design. Furthermore, the reliable predictions are
directly applied to the design and optimization of CO2 injection,
enabling engineers to scientifically determine the injection pres-
sure and gas slug sizing. Therefore, CO2 miscible or immiscible
flooding can be effectively designed for enhanced oil recovery.
Fig. 7 presents a comparison between the predicted and

experimental MMP values for 13 crude oil samples using the GA-
RF model. As shown, the predicted values closely match the
experimental data, and the overall trend is well captured. This
indicates that the model exhibits strong generalization capability
and high predictive accuracy. The RMSE of 2.4 MPa further con-
firms that the model meets the required precision level for prac-
tical applications.

3.4. Feature importance

Fig. 8 presents the relative importance of the eight input vari-
ables in the GA-RF model for MMP prediction. The results show

Fig. 6. Intersection diagram of prediction results of different types of models.

S. Zheng, M. Liu, Y. Zhang et al. Petroleum Research 11 (2026) 838–847

844



that TR has the highest importance, with a relative importance
score of 0.37. This value is significantly higher than those of the
other features, indicating that TR plays a dominant role in con-
trolling the miscibility process between CO2 and crude oil. The
MWC5+ and vol./int. follow in importance. In contrast, C2–C4 hy-
drocarbons and N2 exhibit the lowest importance scores in the
model. The overall importance ranking of the eight variables is as
follows: TR > MWC5+>vol./int> yCH4 >yCO2 > yH2S >yN2 >yC2 − C4 .

4. Conclusions

In this study, a novel GA-optimized-RF model is proposed for
predictingMMP in CO2-oil systems, different injected components
are included. The key findings of this research are as follows:

(1) The model is built using a dataset of 260 data points for
training and validation. Under robust cross-validation, the RF

Table 3
Comparison of the predictive performances of developed models with machine learning models.

Model Sources Performance

Author ML method R2 RMSE AAPRE (%) AAPE (%)
Shokrollahi et al., 2013 LSSVM 0.903 1.69 9.6 /
Sinha et al., 2021 SVR / / / 5.00
Hassan et al., 2019 RBF 0.96 / / 8.67

ANN 0.95 / / 7.61
GRNN 0.87 / / 14.49
Fuzzy Logic 0.85 / / 12.73

Huang et al., 2003 ANN 0.987 / / 5.91
Zhang et al., 2020 RF 0.91 / / 5.00

SVM 0.88 / / /
ANN 0.874 / / /

Bian et al., 2016 GA-SVR 0.978 0.79 / 4.75
Kamari et al., 2015 GEP 0.828 2.26 / 10.47
Karkevandi-Talkhooncheh et al., 2017 ANIFS-BP / 1.98 10.87 − 3.85

ANIFS-PSO / 1.68 7.53 − 1.36
ANIFS-GA / 1.61 8.10 − 0.85
ANIFS-ACO / 1.87 9.16 − 2.18
ANIFS-DE / 2.03 11.49 − 1.19

Ghiasi et al., 2021 AdaBoost-CART 0.99 / / 0.39
Hybrid-ANFIS 0.93 / / 6.90

This work GA-RF 0.99 0.74 4.47 0.06

Table 4
Oil compositions and MMPpure of the representative low permeability oil reservoirs in China.

Samples TR/◦C MWC5+/(g mol− 1) Vol./% Int./% vol./int. MMPpure/MPa GA-RF MMPpred/MPa

1 98.9 248.2 18.71 11.78 1.59 22.30 23.51
2 97.3 265.9 19.01 11.97 1.59 22.10 22.77
3 108.4 277.5 26.82 6.80 3.94 27.90 27.85
4 76 259.0 25.35 8.74 2.90 20.20 19.44
5 83.9 288.8 11.48 2.76 4.16 20.30 20.84
6 112 271.6 14.33 5.68 2.52 22.90 22.77
7 71 227.3 13.71 6.66 2.05 16.70 16.39
8 74.8 237.2 36.33 9.76 3.72 26.10 26.21
9 45 350.3 19.22 2.95 6.51 29.80 29.04
10 53 272.4 42.75 7.12 6.00 19.10 19.82
11 62.2 249.3 30.35 4.33 7.00 21.60 20.88
12 92 224.9 26.67 17.33 1.53 19.80 19.36
13 71.6 233.4 18.79 15.65 1.20 19.50 19.16

Fig. 7. External validation results.
Fig. 8. Sensitivity analysis for the impact of independent variables on MMP
prediction.
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model outperformed MLP, SVR, and GBDT, demonstrating its
superior predictive capability and suitability for further
optimization.

(2) The GA-RF model achieves a prediction accuracy of 0.99 and
an RMSE of 0.74, which is more accurate than the empirical
correlations and other machine learning models examined.
It also reduces manual parameter tuning and lowers
computational time costs.

(3) Sensitivity analysis identified key parameters affecting
MMP, with reservoir temperature (TR) and heavy crude oil
components (MWC5+) showing significant positive corre-
lations with MMP. The importance of the eight variables
affecting MMP can be ranked as follows: TR > MWC5+>vol./
int> yCO2 >yH2S >yCH4 >yC2 − C4 >yN2 .

(4) In practical applications, the GA-RF model has a better
performance in the low-permeability reservoirs in China,
achieving an RMSE of only 2.4 MPa.

(5) The performance of the proposed GA-RFmodel is dependent
upon training data quality, necessitating future develop-
ment of an expanded, standardized MMP database to
improve generalizability. In the future, this intelligent
framework will be extended for other gas injection methods
and key reservoir parameters, establishing an integrated
predictive toolchain.
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