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Abstract 7 

This study presents a robust machine learning framework for accurately predicting the sorption capacities of two 8 

greenhouse gases, CH₄ and CO₂, in unconventional reservoirs under diverse thermodynamic conditions. A 9 

comprehensive set of ensemble and hybrid models including ExtraTrees, XGBoost, LightGBM, Gradient Boosting, 10 

CatBoost, and four newly developed hybrid architectures (HM1–HM4) was trained and evaluated using an extensive 11 

experimental dataset. The hybrid models demonstrated consistently superior performance, with the best CH₄ model 12 

(HM3) achieving an R² of 0.9905 and the best CO₂ model (HM3) reaching an R² of 0.9949 on unseen test data. Unlike 13 

previous studies, where only selected models performed well for either CH₄ or CO₂, the proposed models exhibited high 14 

accuracy and generalizability across both gas types. Model interpretability was enhanced through SHAP and Partial 15 

Dependence Plot (PDP) analyses. For CH₄ sorption, total organic carbon (TOC) and pressure were identified as the most 16 

influential features, while for CO₂ sorption, Gas (%) representing CO₂ concentration was the dominant factor, followed 17 

by temperature and pressure. PDP analysis further revealed a strong linear relationship between CO₂ sorption and Gas 18 

(%), with TOC contributing significantly at lower levels before plateauing. Moisture content was found to have a mild 19 

negative effect on sorption in both cases. These results confirm the physical consistency of the models and their capacity 20 

to capture complex sorption behavior, offering valuable tools for gas-in-place estimation, CO₂ storage evaluation, and 21 

production forecasting in unconventional reservoirs. 22 

Keywords: CH₄ sorption, CO₂ sorption, Total organic carbon, Machine learning, Unconventional reservoir. 23 

Article Highlights 24 

• Hybrid Model 3 achieved the highest R² for CH₄ (0.9905) and CO₂ (0.9949) sorption prediction. 25 

• SHAP and PDP analyses identified TOC as key feature for CH₄; Gas (%) for CO₂. 26 

• Models captured the decline in CO₂ sorption at high pressures, consistent with adsorption behavior. 27 

• All models were validated under varying thermodynamic and geological conditions. 28 



 

 

1. Introduction  29 

Adsorption is a key mechanism in purification and separation processes (Beutekamp & Harting, 2002; King, 2013), 30 

valued in environmental chemistry for its cost-effectiveness and efficiency in removing contaminants across broad 31 

concentration ranges without complex infrastructure (Dong et al., 2010; Rebouh et al., 2016). Gas adsorption is 32 

particularly relevant for methane (CH₄) and carbon dioxide (CO₂) sequestration in subsurface formations (Goetz et al., 33 

2006). Unconventional resources such as coalbed methane (CBM) and shale formations show significant greenhouse 34 

gas storage potential (Chalmers & Bustin, 2008; Ross & Bustin, 2007; Yang et al., 2011; Yang & Liu, 2020). 35 

Shale gas storage involves both surface adsorption and free gas in pores, contrasting with CBM reservoirs dominated 36 

by adsorption and conventional reservoirs containing mainly free gas (Martin et al., 1998; Hill et al., 2007; Bernard et 37 

al., 2010; Glorioso & Rattia, 2012). CO₂ injection in enhanced CBM (ECBM) and enhanced shale gas recovery (ESGR) 38 

displaces CH₄ due to the higher CO₂ affinity of coal and shale (Mukherjee & Mishra, 2018). Sorption occurs via 39 

chemisorption, involving strong chemical bonds, or physisorption, governed by van der Waals forces (Busch & 40 

Gensterbum, 2011). In shales, physisorption ranges from monolayer adsorption at low pressure to multilayer adsorption 41 

at high pressure (Kang et al., 2011). CO₂, despite its larger kinetic diameter, penetrates smaller pores more effectively 42 

and interacts with more functional groups than nonpolar CH₄, leading to higher CO₂ affinity (Zhang et al., 2016; Liu, 43 

2020). 44 

Reservoir adsorption capacity depends on pressure, temperature, rock composition, and injected gas properties 45 

(Crosdale et al., 1998). Total organic carbon (TOC) is a dominant factor (Lu et al., 1995; Chalmers & Bustin, 2006, 46 

2008; Ross & Bustin, 2007, 2008; Weniger et al., 2010; Zhang et al., 2012; Gasparik et al., 2013), while moisture 47 

reduces sorption by competing for adsorption sites (Pan et al., 2010; Gensterbum et al., 2013; Rother et al., 2012; 48 

Gasparik et al., 2014; Shabani et al., 2018; Arunachalam, 2021). Sorption also increases with aromaticity and decreases 49 

with thermal maturity, while clay minerals especially montmorillonite can match or exceed TOC-rich shales in capacity 50 

(Gasparik et al., 2012; Ji et al., 2012). 51 

CO₂-to-CH₄ selectivity (SCO₂/CH₄) rises with TOC and falls with clay content due to fewer high-energy adsorption 52 

sites in illite and kaolinite (Cao et al., 2025). Montmorillonite’s expandable interlayer and cation exchange properties 53 

enhance CO₂ sorption, as shown in Grand Canonical Monte Carlo simulations (Hui et al., 2023). CO₂ generally adsorbs 54 



 

 

faster than CH₄, though CH₄ may dominate at low pressures (Busch et al., 2003). Sorption hysteresis, particularly in 55 

CO₂ systems, may improve storage stability (Wang et al., 2014; Zhang et al., 2022). 56 

Recent studies have increasingly applied machine learning and advanced simulation techniques to enhance CO₂ storage 57 

assessment, monitoring, and optimization in various geological settings (Hema et al., 2024; Iskandarov et al., 2024; 58 

Narayan et al., 2024; Li et al., 2025; Vishal et al., 2025). Both supervised and unsupervised ML algorithms have shown 59 

effectiveness in the field of adsorption (Bhattacharya, 2021; Okoroafor et al., 2022; Samnioti & Gagnais, 2023). 60 

Notably, ML models have been used to predict CO₂ sorption with high accuracy. For example, Rostami et al. (2018) 61 

develop an artificial neural network (ANN) model for CO₂ adsorption on activated carbon, achieving superior predictive 62 

performance compared to traditional isotherm models. Barki et al. (2019) apply ANN models on a large dataset covering 63 

single, binary, and ternary gas sorption scenarios, training dedicated models for each subset to improve prediction 64 

accuracy. Zhou (2019) demonstrates that the Group Method of Data Handling (GMDH) provides robust performance 65 

in predicting CO₂ adsorption on various commercial activated carbons, identifying the Brunauer–Emmett–Teller (BET) 66 

surface area as the most influential input parameter. Similarly, Bemani et al. (2020) employ the Least Squares Support 67 

Vector Machine (LSSVM) for sorption analysis, achieving reliable predictive outcomes. Huang et al. (2022) develop a 68 

fully connected neural network trained on molecular dynamics simulation data to model CH₄ sorption profiles in shale 69 

reservoirs, showcasing the utility of combining simulation-driven data with machine learning techniques. More recently, 70 

Alanazi et al. (2023) report promising results using machine learning models to predict CO₂ adsorption across various 71 

coal types and under different operating conditions. Tavakolian et al. (2023) compile a comprehensive dataset consisting 72 

of 3,804 data points of CH₄ and CO₂ sorption under diverse thermodynamic scenarios. Their model incorporates critical 73 

variables such as CO₂ injection percentage, rock type, total organic carbon (TOC), moisture content, temperature, and 74 

pressure. Leveraging Optuna for hyperparameter optimization, they identify the Random Forest algorithm as the most 75 

effective model, capable of accurately predicting both single and binary gas sorption behaviors. Notably, the model 76 

captures the atypical decline in CO₂ uptake at elevated pressures. The model achieves strong performance metrics, with 77 

mean absolute error (MAE), mean squared error (MSE), and root mean squared error (RMSE) reported as follows: for 78 

CH₄, MAE = 0.0864, MSE = 0.0231, RMSE = 0.1520; and for CO₂, MAE = 0.0529, MSE = 0.0533, RMSE = 0.2308. 79 

Furthermore, Alqahtani et al. (2024) proposed a GWO-optimized CatBoost model, alongside GRNN and RBFNN, to 80 

predict CH₄ and CO₂ sorption in tight reservoirs using over 3800 data points. The CatBoost-GWO model achieved 81 



 

 

outstanding accuracy (R² = 0.9993 for CO₂, 0.9970 for CH₄; RMSE = 0.1229 and 0.0681, respectively), ensuring both 82 

predictive power and physical consistency. 83 

This study compiles a comprehensive set of experimental sorption data from tight reservoirs to develop robust predictive 84 

models for CH₄ and CO₂ sorption under varying thermodynamic and lithological conditions. A range of machine 85 

learning algorithms was employed, including ExtraTrees, XGBoost, LightGBM, Gradient Boosting, CatBoost, and four 86 

hybrid models, with ExtraTrees, LightGBM, and the application of four hybrid architectures and Partial Dependence 87 

Plots (PDP) introduced for the first time in this context. Hyperparameter tuning via GridSearchCV ensured optimal 88 

model performance. Across all models, features such as total organic carbon (TOC), CO2 concentration (Gas %), 89 

Pressure (MPa), Temperature(C), Moisture (%), and rock type were sufficient to accurately predict sorption behavior. 90 

SHAP and PDP analyses identified TOC as the most influential feature for CH₄ sorption, while CO₂ percentage and 91 

temperature were dominant for CO₂. Unlike previous studies, where only selected models performed well for either CH₄ 92 

or CO₂, the proposed models exhibited high accuracy and generalizability across both gas types. These findings highlight 93 

the improved generalization and reliability of the proposed models, positioning them as superior to those previously 94 

reported in the literature. Figure 1 illustrates the methodological workflow adopted in this study. 95 

Figure 1: Workflow of the current study. 96 

2. Theoretical Background  97 

2.1 ExtraTrees (Extremely Randomized Trees) 98 

ExtraTrees is an ensemble learning algorithm based on decision trees that introduces greater randomness during model 99 

construction to enhance its generalization ability. Unlike traditional decision trees, which attempt to find the optimal 100 



 

 

split at each node, ExtraTrees selects random splits, reducing the chance of overfitting. It builds a collection of trees by 101 

selecting random subsets of features and data, leading to diverse predictions. The algorithm then aggregates these 102 

predictions to produce a final result. This randomness makes ExtraTrees faster and more robust than regular decision 103 

trees, particularly when dealing with high-dimensional data (Geurts et al., 2006). By averaging the predictions from 104 

multiple trees, ExtraTrees typically performs well in terms of accuracy while mitigating the risk of overfitting. 105 

2.2 LightGBM (Light Gradient Boosting Machine) 106 

LightGBM is an advanced gradient boosting framework optimized for processing large-scale datasets with high-107 

dimensional features. It constructs decision trees in a sequential manner, with each tree aiming to minimize the residual 108 

errors of its predecessor. A key innovation of LightGBM lies in its histogram-based approach, where continuous feature 109 

values are grouped into discrete bins, significantly lowering computational overhead. Moreover, it incorporates 110 

Gradient-based One-Side Sampling (GOSS), a strategy that prioritizes the most informative instances for training, 111 

thereby reducing the effective dataset size while maintaining model accuracy. Renowned for its speed and scalability, 112 

LightGBM is particularly well-suited for real-time prediction scenarios (Ke et al., 2017). Another practical advantage 113 

is its native support for categorical features, eliminating the need for manual encoding. 114 

2.3 CatBoost (Categorical Boosting) 115 

CatBoost is a gradient boosting algorithm developed to improve the performance of machine learning models with 116 

categorical features. Unlike other boosting methods like XGBoost and LightGBM, which require preprocessing of 117 

categorical features (such as one-hot encoding), CatBoost handles them natively, making it particularly efficient for 118 

datasets with a large number of categorical variables. It employs a novel technique called ordered boosting, which 119 

addresses the overfitting problem that commonly occurs in traditional boosting algorithms by training trees based on 120 

different permutations of the data. This reduces bias in model predictions. Moreover, CatBoost uses target encoding for 121 

categorical variables, where the category values are replaced by the average target value for that category, which 122 

improves model accuracy without introducing data leakage (Prokhorenkova et al., 2018). These advancements make 123 

CatBoost particularly suitable for real-world datasets in industries like finance, healthcare, and e-commerce. 124 



 

 

2.4 Gradient Boosting 125 

Gradient Boosting is a powerful ensemble learning technique that builds predictive models in a stage-wise fashion, 126 

optimizing for accuracy by reducing prediction errors sequentially. Unlike bagging methods (like Random Forests and 127 

ExtraTrees) that create independent trees, Gradient Boosting builds each new tree to correct the residual errors of the 128 

previously built ensemble. At every step, the algorithm fits a new tree to the negative gradient of the loss function, 129 

effectively minimizing the model’s error. The method is highly flexible and can be adapted to regression, classification, 130 

and ranking tasks using different loss functions. However, due to its sequential nature, Gradient Boosting is more prone 131 

to overfitting compared to bagging methods. To control this, techniques like learning rate, tree depth limitation, and 132 

subsampling are commonly used. Despite its sensitivity, when properly tuned, Gradient Boosting often delivers state-133 

of-the-art performance in structured data problems and competitions (Friedman, 2001). 134 

2.5 XGBoost (Extreme Gradient Boosting) 135 

XGBoost is a widely used gradient boosting algorithm known for its exceptional performance in machine learning 136 

competitions. It builds an ensemble of decision trees, where each tree attempts to correct the errors made by the previous 137 

one, using a gradient descent technique. A key feature of XGBoost is its use of regularization, which penalizes overly 138 

complex models to prevent overfitting. It also employs a second-order approximation of the loss function, making it 139 

more computationally efficient than traditional gradient boosting methods. XGBoost is highly scalable and can be 140 

parallelized across multiple cores, making it well-suited for large-scale data. Its robust handling of sparse data and 141 

missing values adds to its popularity in practical machine learning tasks, from classification to regression (Chen & 142 

Guestrin, 2016). This combination of regularization, speed, and efficiency explains why XGBoost has become one of 143 

the most dominant models in machine learning. 144 

2.6 Stacking Regressor 145 

Stacked generalization, often referred to as stacking, is an ensemble learning strategy aimed at enhancing predictive 146 

performance by integrating the outputs of multiple base-level models. Instead of relying on a single model, stacking 147 

leverages the diverse learning capacities of various algorithms to collectively model complex data patterns. Initially, 148 

several base models are independently trained on the same dataset, and their respective predictions are then passed as 149 

inputs to a higher-level model commonly termed the meta-learner which generates the final prediction. This approach 150 

is particularly effective in mitigating the limitations inherent in individual models by capitalizing on their 151 



 

 

complementary strengths. Stacking has been widely employed across different machine learning tasks, including 152 

classification, regression, and outlier detection, owing to its consistent improvements in accuracy and robustness 153 

The concept of stacked generalization was first formalized by Wolpert in his seminal 1992 publication, where he 154 

introduced the theoretical foundation for blending multiple predictive models to reduce generalization error (Wolpert, 155 

1992). This foundational work was further advanced in the comprehensive textbook The Elements of Statistical 156 

Learning, authored by Hastie, Tibshirani, and Friedman, which elaborated on ensemble techniques and their applications 157 

in real-world data problems (Hastie et al., 2009). Additionally, Breiman contributed significantly to the development of 158 

stacking methodologies through his influential study on "Stacked Regressions", where he demonstrated the effectiveness 159 

of combining regressors to improve model performance (Breiman, 1996). Together, these contributions have established 160 

stacking as a vital and reliable technique in the modern machine learning landscape. 161 

3. Data collection and analysis 162 

The dataset employed in this study consists of 3,805 data points compiled by Tavakolian et al. (2023), encompassing 163 

sorption measurements for CH₄, CO₂, and their mixtures under a range of thermodynamic conditions. It includes detailed 164 

information on the composition of the injected gases, rock types (shale/clay and coal/activated carbon), and several key 165 

input variables: CO2 Percentage (Gas ((%)), total organic carbon (TOC, %), temperature (°C), moisture content (%), 166 

and pressure (MPa). These parameters are used to predict the sorption capacities of methane (CH₄) and carbon dioxide 167 

(CO₂), expressed in cm³/g. This comprehensive dataset provides a robust basis for model development, allowing for a 168 

nuanced investigation of sorption behavior across diverse geological and environmental settings. 169 

Figure 2 presents the Pearson correlation heatmap illustrating the pairwise relationships among the key variables 170 

influencing gas presence and sorption behavior. A strong positive correlation is observe d between gas content and Total 171 

Organic Carbon (TOC) (r = 0.61), indicating that formations with higher organic richness tend to retain more gas. 172 

Similarly, gas content is strongly correlated with CO₂ excess sorption (r = 0.58), suggesting that formations capable of 173 

adsorbing CO₂ also tend to be gas-bearing likely due to shared dependencies on microporosity or organic matter. TOC 174 

is moderately correlated with CO₂ sorption (r = 0.34), reaffirming the role of organic components in enhancing 175 

adsorption. In contrast, CH₄ excess sorption shows a moderate negative correlation with both gas content (r = –0.32) 176 

and TOC (r = –0.26), possibly reflecting measurement conditions, adsorption competition, or structural heterogeneities 177 

in organic-rich samples. Moisture content shows weak correlations across all variables, with slight positive association 178 



 

 

with TOC (r = 0.20) and negligible influence on gas (r = 0.05) or CH₄ sorption (r = –0.19). Temperature and pressure 179 

are moderately correlated (r = 0.26), consistent with expected geothermal gradients, but show weak or no correlations 180 

with sorption or gas presence, implying that pressure-temperature effects alone do not drive adsorption trends in this 181 

dataset. Overall, these results emphasize the importance of TOC and CO₂ sorption capacity as dominant indicators for 182 

gas-bearing formations, while CH₄ sorption exhibits complex or inverse relationships that warrant further investigation. 183 

 184 

Figure 2: Correlation heatmap. 185 

 186 

 187 

 188 



 

 

 189 

Table 1: Statistical summary. 190 

 191 

 192 

                                                       Figure 3: Histogram of input and output features 193 

 194 

Table 1 presents the statistical summary of key input and output variables used in this study, while Figure 3 illustrates 195 

their distribution through histograms. The Gas (%) variable exhibits a mean of 0.123 and a standard deviation of 0.316, 196 

with only 12.3% of the samples showing gas presence. This indicates a highly imbalanced distribution skewed toward 197 

zero, posing challenges for predictive modeling. Total Organic Carbon (TOC) spans a broad range (0.09–88.5%) and 198 

exhibits a high standard deviation (26.684%), reflecting strong right-skewness due to a predominance of low-TOC 199 

samples and the presence of a few highly organic-rich formations. Moisture content follows a similar pattern, with a 200 

median of 0% and a mean of 0.974%, suggesting that most samples are nearly dry, punctuated by occasional outliers 201 

with higher water content. The temperature distribution, centered around 57 °C, and pressure, with a mean of 11.31 MPa, 202 

show relatively more symmetric shapes but still exhibit multimodal and broad variability, indicative of diverse 203 

 
count mean std min 25% 50% 75% Max 

Gas 3805 0.123 0.316 0 0 0 0 1 

TOC 3805 16.294 26.684 0.09 1.91 5.15 10.94 88.5 

Moisture  3805 0.974 1.8 0 0 0 1.34 10.97 

Temperature  3805 57.038 23.588 25 45 50.4 65 150 

Pressure  3805 11.313 7.565 0 5.25424 9.94 17.23 29.247 

CH4 Excess Sorption  3805 1.2402 1.2623 0 0.31 0.31 1.71 7.0362 

CO2 Excess Sorption  3805 0.53 2.261 0 0 0 0 24.468 



 

 

subsurface thermodynamic environments. CH₄ excess sorption shows a right-skewed, continuous distribution, 204 

concentrated at lower values (median = 0.31 cm³/g) with a long tail representing higher adsorption capacities in select 205 

samples. CO₂ excess sorption, on the other hand, is sharply peaked near zero, with over half the samples showing 206 

negligible adsorption and only a limited number reaching values up to 24.47 cm³/g, reflecting a highly sparse sorption 207 

landscape. These distributional characteristics, visualized in Figure 3, underscore the non-Gaussian and heterogeneous 208 

nature of the dataset, which is critical to account for in downstream modeling. Appropriate data preprocessingsuch as 209 

normalization, outlier handling, and balancing techniques is thus essential to ensure robust model performance across 210 

the diverse geological and geochemical profiles captured in this study. Figure 4 shows the pair plot of input and output 211 

features. 212 

 213 

 Figure 4: Pairplot of input and output features 214 



 

 

Figure 5 and Figure 6 present the relationships between excess sorption of CO₂ and CH₄ and four key parameters: 215 

temperature, total organic carbon (TOC), moisture content, and pressure. These relationships are central to 216 

understanding gas storage and transport in subsurface formations, particularly for applications such as CO₂ sequestration 217 

and shale gas production. Below is the the description of the Figure 5 and Figure 6: 218 

Figure 5: CO2 Sorption Profile Respect of inputs 219 

• Excess Sorption vs Temperature 220 

1. CO₂: The plot shows a sharp decline in CO₂ excess sorption with increasing temperature, with the highest 221 

sorption at lower temperatures (20–40 °C), and near-zero sorption above 60 °C. 222 

2. CH₄: CH₄ sorption displays a more complex, less monotonic trend, but generally, sorption decreases with 223 

increasing temperature, especially above 80 °C. 224 



 

 

• Excess Sorption vs TOC (%) 225 

1. CO₂: Sorption remains low at TOC < 60%, but increases sharply at very high TOC (> 80%). 226 

2. CH₄: Sorption is highest at low TOC and decreases as TOC increases. 227 

• Excess Sorption vs Moisture (%) 228 

1. CO₂ & CH₄: Both gases show a marked decrease in excess sorption with increasing moisture content, with 229 

sorption approaching zero above ~4–6% moisture. 230 

• Excess Sorption vs Pressure (MPa) 231 

1. CO₂: Excess sorption increases with pressure, showing a rapid rise at low pressures and a tendency toward 232 

saturation or a plateau at higher pressures. 233 

2. CH₄: Sorption also increases with pressure, but the plateau is reached at lower sorption values compared to 234 

CO₂. 235 

Figure 6: CH4 Sorption Profile Respect of inputs 236 



 

 

4. Methodology 237 

4.1. Data Partitioning Strategy 238 

The entire dataset was randomly divided into two subsets: 80% for training and 20% for testing. This stratified approach 239 

ensured that the model was developed using a substantial portion of the data while maintaining a separate testing set to 240 

objectively assess its generalization capability on previously unseen instances. 241 

4.2. Cross-Validation and Hyperparameter Optimization 242 

To enhance the model's generalization ability and reduce the likelihood of overfitting, Grid Search Cross-Validation 243 

(GridSearchCV) was utilized alongside a 5-fold cross-validation framework. The training dataset was partitioned into 244 

five equal subsets, with the model trained on four subsets and validated on the remaining one in each iteration. This 245 

procedure was systematically repeated across all folds and combinations of hyperparameters to identify the optimal 246 

configuration. The optimal hyperparameters derived from this process are summarized in Table 2. 247 

4.3. Ensemble Learning Models and Tuning Framework 248 

To accurately predict the sorption capacities of CO₂ and CH₄, five state-of-the-art ensemble regression algorithms were 249 

employed: ExtraTrees, LightGBM, CatBoost, Gradient Boosting, and XGBoost. Each model underwent exhaustive 250 

hyperparameter optimization via grid search to enhance prediction accuracy and minimize error metrics. The 251 

optimization strategies and selected hyperparameters for each gas type is presented in Table 2. 252 

 253 

 254 

 255 

 256 

 257 

 258 

 259 

 260 

 261 



 

 

 262 

Table 2: Hyperparameters of models. 263 

 264 

4.4 Hybrid models architecture 265 

The predictive framework was designed around stacked generalization (stacking), where multiple base regressors (level-266 

0 learners) feed their predictions into a meta-model (level-1 learner), which learns to optimally combine them. 267 

Four hybrid models (denoted as HM1 to HM4) were constructed with different combinations of base learners, as 268 

described in Table 3. 269 

Table 3: Hybrid models architecture 270 

 271 

 272 

 273 

 274 

Models Hyperparameters utilized Best Parameters CO2 Best Parameters CH4 

ExtraTrees "n_estimators": 

[200,300,400,500], "max_depth": 

[5,8,10,12], 

max_depth=12, 

n_estimators=200   
   

max_depth=12, 

n_estimators=400   
   

LightGBM "n_estimators": 

[200,300,400,500], "max_depth": 

[5,8,10,12], "learning_rate": 

[0.001, 0.01,], 

learning_rate=0.01, 

max_depth=12, 

n_estimators=500 

  

learning_rate=0.01, 

max_depth=12, 

n_estimators=500 

  

CatBoost "iterations": 

[200,300,400,500],"max_depth": 

[5,8,10,12], "learning_rate": 

[0.001, 0.01,], 

Iterations=500, 

Learning_rate=0.01, 

Ma x_depth=12 

  

Iterations=500, 

Learning_rate=0.01, 

max_depth=12 

  

GradientBoosting "n_estimators": 

[200,300,400,500], 

"learning_rate": [0.001, 0.01,], 

"max_depth": [5,8,10,12], 

learning_rate=0.01, 

max_depth=5, 

n_estimators=500  
   

learning_rate=0.01, 

max_depth=8, 

n_estimators=500  
   

XGBoost "n_estimators": 

[200,300,400,500], 

"learning_rate": [0.001, 0.01,], 

"max_depth": [5,8,10,12] 

learning_rate=0.01, 

max_depth=8, 

n_estimators=500 

  

learning_rate=0.01, 

max_depth=10, 

n_estimators=500 

  

Model Name Base Regressors  Meta Regressor 

HM1 Gradient Boosting, XGBoost Multivariable Regression 

HM2 Extra Trees, LightGBM 

HM3 Gradient Boosting, XGBoost, Extra Trees 

HM4 LightGBM, Gradient Boosting, Extra Trees 



 

 

Each hybrid model was trained on default parameters and implemented using the StackingRegressor class, where the 275 

base models performed individual learning from the input features, and their outputs were aggregated and passed to a 276 

linear regressor.  277 

4.5 Model Evaluation Metrics 278 

All models, including the Voting Regressor, were rigorously evaluated on the unseen test dataset using a comprehensive 279 

suite of regression performance metrics: 280 

• R² (Coefficient of Determination): Indicates the proportion of variance in the target variable explained by the 281 

model. 282 

• MSE (Mean Squared Error): Captures the average of the squared differences between predicted and actual 283 

values. 284 

• MAE (Mean Absolute Error): Quantifies the mean absolute difference between predicted and observed values. 285 

 286 

5. Results 287 

5.1.1 Performance Evaluation of Ensemble Models for CH₄ Excess Sorption Prediction 288 

 289 

Table 4: Ensemble Models Result of CH4 sorption 290 

 291     R2 MSE MAE 

ExtraTrees 
Train 0.926073 0.119493 0.173944 

Test 0.917823 0.123003 0.190255 

LightGBM 
Train 0.97791 0.035705 0.121331 

Test 0.969822 0.045171 0.133412 

CatBoost 
Train 0.963651 0.058754 0.165644 

Test 0.951709 0.072282 0.176494 

GradientBoosting 
Train 0.99502 0.00805 0.059318 

Test 0.979946 0.030017 0.098844 

XGBoost 
Train 0.997261 0.004427 0.04199 

Test 0.975931 0.036026 0.089712 



 

 

A comparative evaluation of ensemble machine learning models was conducted to predict sorption capacity of CH4 in 292 

unconventional reservoirs, with a focus on capturing the nonlinear relationships among petrophysical and geochemical 293 

parameters. Table 4 summarizes the performance of five models—Extra Trees, LightGBM, CatBoost, Gradient 294 

Boosting, and XGBoost using coefficient of determination (R²), mean squared error (MSE), and mean absolute error 295 

(MAE) on both training and test datasets. LightGBM exhibited the best generalization, achieving an R² of 0.9698, an 296 

MSE of 0.0452, and an MAE of 0.1334 on the test set, closely followed by Gradient Boosting (R² = 0.9799) and 297 

XGBoost (R² = 0.9759). While Gradient Boosting and XGBoost demonstrated slightly higher training R² values (0.9950 298 

and 0.9973, respectively), the modest increase in test error indicates mild overfitting. In contrast, Extra Trees and 299 

CatBoost, though accurate, showed comparatively higher prediction errors. The actual versus predicted sorption plot in 300 

Figure 7 on the test data further confirms model reliability; models with higher R² values displayed minimal deviation 301 

from the identity line, indicating strong predictive agreement. These findings underscore the applicability of advanced  302 

Figure 7: Scatter plot of actual vs predicted CH4 excess sorption 303 

ensemble methods particularly LightGBM in modeling gas adsorption behavior in complex reservoir systems where  304 

conventional approaches are often inadequate. 305 



 

 

5.1.2 Performance Evaluation of Hybrid Models for CH4 Excess Sorption Prediction 306 

Four high-performing hybrid machine learning models (HM1–HM4) were evaluated for their ability to predict CH₄ 307 

sorption capacity in unconventional reservoirs. As shown in Table 5, all models achieved exceptionally high predictive  308 

Table 5: Hybrid Models Result of CH4 sorption 309 

 310 

 311 

 312 

 313 

 314 

performance, with test R² values exceeding 0.98. HM1, while demonstrating a strong fit (R² = 0.9830, MAE = 0.0254), 315 

showed slightly higher test error compared to the other hybrids, suggesting minor overfitting relative to its training  316 

performance (R² = 0.9981). In contrast, HM2, HM3, and HM4 achieved near-perfect training accuracy (R² = 0.999987, 317 

MAE = 2.02×10⁻⁵), while maintaining excellent generalization on the test set with R² values of 0.9900–0.9905 and 318 

consistently low MAEs ranging from 0.0142 to 0.0149. The minimal variance in performance among HM2–HM4 319 

indicates model robustness and reproducibility. The actual versus predicted CH₄ sorption plots for the hybrid modelss 320 

on test data in Figure 8 reveal tight clustering around the 1:1 line, confirming high predictive fidelity and minimal 321 

residual error. These results highlight the effectiveness of the proposed hybrid architectures in capturing the nonlinear 322 

sorption dynamics of CH₄ in low-permeability formations, offering a reliable alternative to laboratory measurements 323 

and contributing to improved gas-in-place estimations in shale gas systems. 324 

 325 

 Models   R2 MSE MAE 

HM1 
Train 0.998135 0.03665 0.003014 

Test 0.983031 0.082436 0.025399 

HM2 
Train 0.999987 0.00024 2.02E-05 

Test 0.990028 0.065192 0.014927 

HM3 
Train 0.999987 0.00024 2.02E-05 

Test 0.990494 0.062706 0.014229 

HM4 
Train 0.999987 0.00024 2.02E-05 

Test 0.990282 0.062691 0.014545 



 

 

Figure 8: Scatter plot of actual vs predicted CH4 excess sorption (Hybrid models) 326 

5.2.3 Performance Evaluation of Ensemble Models for CO2 Excess Sorption Prediction 327 

Table 6: Ensemble models Result of CO2 sorption 328 

    R2 MSE MAE 

ExtraTrees 
Train 0.999841 0.000866 0.006593 

Test 0.994117 0.021932 0.037798 

LightGBM 
Train 0.966673 0.181909 0.098273 

Test 0.973129 0.100168 0.079251 

CatBoost 
Train 0.996436 0.019452 0.040744 

Test 0.994313 0.021199 0.044746 

GradientBoosting 
Train 0.996604 0.018536 0.036569 

Test 0.990239 0.036387 0.046525 

XGBoost 
Train 0.998695 0.007124 0.02251 

Test 0.991856 0.030358 0.042997 



 

 

Ensemble machine learning algorithms were employed to model CO₂ sorption capacity in unconventional reservoirs, 329 

where adsorption mechanisms are governed by intricate geochemical and petrophysical interactions. Table 6 presents 330 

the comparative performance of five models Extra Trees, LightGBM, CatBoost, Gradient Boosting, and XGBoost 331 

evaluated on both training and test datasets using R², MSE, and MAE. Extra Trees achieved the highest test R² (0.9941), 332 

accompanied by the lowest MAE (0.0378), indicating superior generalization despite near-perfect training performance 333 

(R² = 0.9998). CatBoost and Gradient Boosting also demonstrated strong predictive capabilities with test R² values of 334 

0.9943 and 0.9902, respectively, and low test errors. XGBoost exhibited slightly higher test MSE but maintained a high 335 

R² of 0.9919 and an MAE of 0.0430, suggesting reliable model stability. In contrast, LightGBM, though still effective 336 

(test R² = 0.9731), underperformed relative to the others, particularly on training data (R² = 0.9667), indicating a less 337 

optimal fit. Actual versus predicted plots in Figure 9 for test data confirm that the best-performing models particularly 338 

Extra Trees and CatBoost exhibit tight adherence to the identity line, evidencing high predictive accuracy. These 339 

findings affirm the applicability of ensemble models, especially tree-based approaches, for accurately capturing CO₂ 340 

sorption behavior in complex low-permeability systems, with potential to enhance reservoir simulation and CO₂ storage 341 

assessment workflows.  342 

Figure 9: Scatter plot of actual vs predicted CO2 excess sorption (Ensemble models) 343 



 

 

5.2.2 Performance Evaluation of Ensemble Models for CO2 Excess Sorption Prediction 344 

As detailed in Table 7, all hybrid models achieved near-perfect performance on the training set (R² = 0.999998, MSE = 345 

1.68×10⁻⁴, MAE = 1.18×10⁻⁵), indicating excellent model convergence. On the test data, the models maintained high 346 

generalization capability, with R² values ranging from 0.9945 to 0.9949 and MAE values between 0.0284 and 0.0308. 347 

Among them, HM3 slightly outperformed the others in terms of both R² (0.9949) and MAE (0.0284), although all 348 

models exhibited minimal variance, highlighting their robustness and reproducibility. The actual versus predicted CO₂ 349 

sorption plots in Figure 10 for the test data confirm that predictions closely align with measured values, as evidenced 350 

by data points tightly clustering around the identity line. These results demonstrate the hybrid models' efficacy in 351 

capturing the intricacies of CO₂ adsorption processes in low-permeability formations and affirm their utility as reliable 352 

predictive tools in reservoir evaluation and CO₂ sequestration assessments. 353 

 354 

Table 7: Hybrid Models Result of CO2 sorption 355 

 356 

 357 

 358 

 359 

 360 

    R2 MSE MAE 

HM1 
Train 0.999998 0.000168 1.18E-05 

Test 0.994491 0.047972 0.030787 

HM2 
Train 0.999998 0.000168 1.18E-05 

Test 0.994741 0.046524 0.02939 

HM3 
Train 0.999998 0.000168 1.18E-05 

Test 0.994921 0.046309 0.028385 

HM4 
Train 0.999998 0.000168 1.18E-05 

Test 0.994675 0.047716 0.029759 



 

 

 Figure 10: Scatter plot of actual vs predicted CO2 excess sorption (Hybrid models) 361 

 362 

5.3 Input features ranking using SHAP 363 

Figure 11: Feature importance for CH4 sorption. 364 



 

 

 For CH₄ sorption, SHAP (SHapley Additive exPlanations) values were utilized to determine the relative importance of 365 

input features. Among these, Total Organic Carbon (TOC) was identified as the most influential parameter, followed 366 

by pressure, temperature, and moisture content (Figure 11). In the case of CO₂ sorption (Figure 12), SHAP analysis 367 

revealed that gas concentration (%) was the most dominant factor, with temperature and pressure also playing significant 368 

roles. Notably, the model accurately captured the positive effect of elevated TOC levels on CO₂ sorption, consistent 369 

with the findings reported by Klewiah et al. (2019). 370 

Figure 12: Feature importance of CO2 sorption 371 

 372 

5.4 Partial Dependency analysis of CO2 Sorption 373 

Figure 13 illustrates how different reservoir parameters influence CO₂ sorption in unconventional reservoirs based on 374 

partial dependence plots. Gas content emerges as the most significant driver, with CO₂ uptake rising almost linearly as 375 

gas content increases, indicating its dominant role in sorption capacity. Total Organic Content (TOC) shows a strong 376 

effect initially, rapidly boosting CO₂ sorption at low percentages, but its influence levels off at higher concentrations, 377 

suggesting diminishing returns. Moisture content exhibits a slight negative impact; as moisture increases, CO₂ sorption 378 

decreases marginally, likely due to water occupying available sorption sites. The effect of temperature is pronounced 379 

higher temperatures lead to a marked reduction in sorption, which is consistent with the exothermic nature of CO₂ 380 

sorption processes. Pressure, meanwhile, enhances CO₂ sorption significantly at lower values but this effect plateaus as 381 

pressure increases. Overall, these results highlight that gas content, pressure, and temperature are the primary factors 382 

controlling CO₂ storage capacity in unconventional reservoirs, whereas TOC and moisture have more modest effects 383 

which are similar to the results from section 5.3.  384 

 385 

 386 



 

 

Figure 13: Partial Dependency plot of CO2 Sorption 387 

5.5 Partial Dependency analysis of CH4 Sorption 388 

The partial dependence plots in Figure 14 show how each variable affects methane (CH₄) sorption in unconventional 389 

reservoirs. Sorption increases sharply with total organic carbon (TOC) at low values but plateaus at higher TOC, 390 

indicating limited benefit beyond a threshold. Higher moisture reduces CH₄ sorption, likely due to competition for 391 

Figure 14: Partial Dependency plot of CH4 Sorption 392 



 

 

adsorption sites.  Temperature has a mild negative effect higher temperatures reduce sorption. Pressure increases 393 

sorption quickly at low values, then levels off, reflecting site saturation. Gas content shows a slight decrease in sorption 394 

with higher values, possibly due to saturation effects. Overall, TOC and pressure are the dominant controls, with 395 

moisture and temperature as secondary factors whuch are consistent with domain knowledge and complement findings 396 

in section 5.3.  397 

5.6 Sorption profile in isotherm for CO₂ and CH₄ 398 

This Figure 15 presents a comparison between experimental measurements and model predictions of CO₂ and CH₄ 399 

sorption isotherms in coal and shale under different pressures, temperatures, and organic content (TOC). Panels (a)–(d) 400 

show single-gas adsorption, where both CO₂ and CH₄ uptake increase with pressure and plateau. The plots demonstrate 401 

good model agreement with experiments under various conditions. Panel (e) compares binary sorption of CO₂ and CH₄ 402 

in shale, illustrating that CO₂ consistently adsorbs more strongly than CH₄, especially at higher pressures. Overall, the 403 

figure highlights the reliability of the predictive model and underscores that pressure, organic content, and gas type are 404 

key factors influencing sorption capacity in unconventional reservoirs. Conditions of Figure 15: 405 

• Panel (a): Coal, CO₂ sorption at high TOC (79.5), 55°C, pressures up to ~28MPa. 406 

• Panel (b): Shale, CO₂ sorption at low TOC (1.8), 35°C, pressures up to 10MPa. 407 

• Panel (c): Shale, CH₄ sorption at very low TOC (0.09), 38°C, pressures up to 14MPa. 408 

• Panel (d): Shale, CH₄ sorption at moderate TOC (1.66), 50°C, pressures up to 18MPa. 409 

• Panel (e): Shale, binary CO₂/CH₄ sorption at TOC (1.8), 35°C, pressures up to 10MPa. 410 

  411 
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 430 

Figure 15: Experimental and Predicted Sorption Isotherms for CO₂ and CH₄ in Coal and Shale Reservoirs  431 

(a) (b) 

(c) (d) 

(e) 



 

 

5.7 Comparison with previous study 432 

To contextualize the performance of the proposed models, a comparative analysis was conducted against previously 433 

published results by Tavakolian et al. (2023) and Alqahtani et al. (2024) both of which investigated CH₄ and CO₂ 434 

sorption capacity prediction in tight reservoirs using machine learning techniques. For CH₄ sorption, Tavakolian et al. 435 

reported the highest R² value of 0.99 using Random Forest, with other models such as XGBoost (0.78), SVR (0.54), 436 

Decision Tree (0.48), and ANN (0.85) showing markedly lower predictive capabilities. Alqahtani et al. (2024) achieved 437 

an R² of 0.9918 with a CatBoost-GWO hybrid, while GRNN and RBFNN-GWO produced lower scores (0.7896 and 438 

0.7204, respectively). In comparison, our models demonstrated consistently strong performance, with traditional 439 

ensemble methods such as LightGBM (R² = 0.9698), CatBoost (0.9517), Gradient Boosting (0.9799), and XGBoost 440 

(0.9759) outperforming the baseline results of prior works. Notably, our hybrid models (HM1–HM4) exhibited further 441 

improvements, achieving R² values ranging from 0.9830 to 0.9905, thereby matching or exceeding the best models 442 

reported in the literature. A similar trend was observed for CO₂ sorption modeling. While Tavakolian et al. reported R² 443 

values of 0.99 using both Random Forest and ANN, and Alqahtani et al. (2024) achieved 0.9974 with CatBoost-GWO, 444 

our top-performing models including Extra Trees (0.9942), CatBoost (0.9943), and the hybrid models (HM1–HM4: R² 445 

= 0.9945–0.9949) demonstrated comparable accuracy with marginally reduced variance across test scenarios. The 446 

accompanying radar plot (Figure 16 and Figure 17) further substantiates these findings, illustrating the superior and 447 

consistent performance of the proposed hybrid models across both gases, with minimal divergence in R², MSE, and 448 

MAE metrics. Unlike the more scattered performance patterns of individual models reported in earlier studies, our radar 449 

visualization highlights the hybrid models' robustness and generalization capability across a wide range of sorption 450 

conditions. Collectively, these results affirm that the hybrid approaches developed in this study offer a significant 451 

advancement over existing machine learning frameworks for accurate and stable sorption capacity prediction in 452 

unconventional reservoirs. 453 

 454 

 455 



 

 

Figure 16: Radar plot of CH4 Scores 456 

Figure 17: Radar plot of CO2 Scores 457 



 

 

5.8 Limitations and Recommendations for future work 458 

A notable limitation of this study concerns the handling of moisture content. In several referenced experimental datasets, 459 

rock samples were deliberately dried prior to sorption testing. This pre-treatment deviates from actual reservoir 460 

conditions, where in-situ moisture plays a critical role in influencing sorption dynamics. Consequently, the moisture-461 

related findings derived from such datasets may not fully capture the true behavior of reservoir rocks under natural 462 

conditions, potentially impacting the reliability and applicability of these insights. 463 

While the study demonstrates the strong predictive capabilities of machine learning models for estimating sorption 464 

capacity, it also acknowledges several areas requiring further advancement. A primary limitation lies in the study's 465 

predominantly data-driven methodology, which emphasizes statistical correlations between input variables and output 466 

responses. Although this approach can achieve high predictive accuracy, it may fail to capture the fundamental physical 467 

principles governing sorption phenomena. Bridging this gap calls for the integration of hybrid modeling techniques, 468 

such as Physics-Informed Neural Networks (PINNs), which embed known physical laws into the learning process to 469 

enhance model interpretability and scientific relevance. 470 

Additionally, the generalizability of machine learning models remains a challenge, particularly when applied to 471 

conditions that extend beyond the scope of the training data. This limitation underscores the necessity of improving the 472 

extrapolation capabilities of predictive models. Future research could address this by investigating advanced strategies 473 

such as transfer learning, domain adaptation, and synthetic data augmentation. These approaches offer promising 474 

avenues to enhance model robustness and adaptability in complex, unfamiliar, or extreme reservoir environments. 475 

6. Conclusion 476 

This study developed and validated a comprehensive machine learning framework for predicting CH₄ and CO₂ sorption 477 

capacities in tight reservoirs under diverse thermodynamic and geological conditions. All models demonstrated high 478 

predictive performance; however, the hybrid models proposed in this work consistently outperformed conventional 479 

approaches. Key conclusions are as follows: 480 

• Model Accuracy: Hybrid Model 3 (HM3) achieved the highest predictive accuracy for both CH₄ (R² = 0.9905) 481 

and CO₂ (R² = 0.9949), surpassing previously reported results in the literature. 482 



 

 

• Feature Importance: SHAP and partial dependence analyses identified total organic carbon (TOC) and 483 

pressure as dominant controls on CH₄ sorption. For CO₂, GAS(%) representing CO₂ concentration was the 484 

most influential, followed by temperature and pressure. 485 

• Reservoir Behavior: The models accurately captured key adsorption dynamics, including the decline in CO₂ 486 

sorption at elevated pressures and the saturation effects of TOC and pressure, aligning with known reservoir 487 

phenomena. 488 

• Model Robustness: All models maintained strong performance across varying input conditions, with minimal 489 

overfitting, demonstrating excellent generalization. 490 

• Novel Contribution: This work introduces the application of hybrid ensemble models (HM1–HM4), along 491 

with ExtraTrees, CatBoost, and LightGBM, to sorption prediction—expanding the modeling toolkit for 492 

unconventional reservoirs. 493 

• Future Work: Incorporating additional parameters such as porosity, specific surface area, and salinity, and 494 

coupling these models with reservoir simulators could enhance predictive fidelity and support operational decis 495 

• ion-making. 496 

This study confirms the potential of ML models to deliver fast, reliable predictions of sorption capacity, thereby reducing 497 

dependency on expensive laboratory measurements and supporting more efficient reservoir management strategies. 498 
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