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Abstract


To address the issues of strong inter-well interference during multi-well fracturing in shale reservoirs, low efficiency of conventional numerical simulation, and the tendency of machine learning models to overfit and lack interpretability under small-sample conditions, this paper constructs an explainable ensemble learning framework for predicting hydraulic fracture asymmetry. A geology–engineering integrated numerical simulation is adopted to quantify the fracture asymmetry index η as an interference metric, and an initial dataset is constructed comprising natural fracture orientation, well spacing, and injection rate. Subsequently, Jensen–Shannon (JS) divergence-constrained Gaussian data augmentation and second-order interaction features are introduced, and the GBRT model parameters are optimized using particle swarm optimization (PSO). Furthermore, random forest and ridge regression are incorporated, and ensemble weights are determined via cross-validation to build a weighted ensemble prediction model. The results show that the proposed model achieves good predictive performance in repeated validation, with an average coefficient of determination R2 of 0.8484 and a 95% confidence interval of 0.8179–0.8790, while also demonstrating favorable overall accuracy in multiple baseline model comparisons and regularization-controlled experiments. Through leave-one-simulation-scenario validation, prediction interval analysis, and interpretability robustness testing, the model’s generalization boundary, prediction uncertainty, and explanation reliability under small-sample conditions are further evaluated. SHAP analysis and grouped permutation importance results indicate that the natural fracture angle is the dominant factor controlling asymmetric fracture response, while the interaction between well spacing and the natural fracture angle also significantly affects the predictions, suggesting that asymmetric fracture propagation is primarily governed by the combined effects of natural fracture steering and inter-well stress interference. The proposed framework can serve as a fast surrogate model for evaluating inter-well interference and screening fracturing designs within a given simulation parameter space, providing an interpretable data-driven approach for fracturing design optimization in shale reservoirs under small-sample conditions.
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1. Introduction


Unconventional shale oil and gas resources, such as tight oil (shale oil) and shale gas, are characterized by abundant reserves and significant development potential. However, their typical low-porosity and low-permeability characteristics (porosity < 5%, permeability < 0.1 mD) result in high extraction difficulty and cost [1,2]. To enhance recovery, development using horizontal-well water-flooding patterns is commonly adopted. Nevertheless, poor reservoir physical properties and inadequate sand body connectivity often lead to rapid production decline in individual wells and low overall recovery. To mobilize remaining reserves, infill well placement and re-fracturing have become key measures, but these significantly increase the risk of inter-well interference [3,4,5,6]. Compounding this, the direction of interference exhibits spatiotemporal heterogeneity—child wells initially exert negative interference (production suppression) on parent wells during early production, which later transitions to positive interference (pressure maintenance effect) [7,8]. The essence of inter-well interference is the overlapping of fracture networks, which also leads to a decrease in the utilization efficiency of the stimulated reservoir volume. Studies on tight oil reservoirs indicate that when fracture half-length exceeds 100 m and fracture spacing is less than 40 m, the overlapping area of adjacent well fracture networks surpasses 40%, significantly reducing the effective drainage area [9,10,11,12]. This reduction in effective drainage area is a key factor leading to the decline in reservoir utilization efficiency in tight oil reservoirs.



Current research on inter-well interference primarily focuses on two directions: field diagnosis and numerical simulation. Regarding field diagnosis, microseismic monitoring and pressure response analysis are common methods for identifying fracture connectivity, but their accuracy is susceptible to reservoir heterogeneity [13,14,15,16]. To further improve diagnostic reliability, Jacobs proposed a quantitative analysis method based on Mechanical Specific Energy [17]; Kalinec et al. [18] developed improved algorithms building upon this foundation; and Alfataierge et al. [19] evaluated inter-well interference by inverting fracture network propagation based on microseismic data. However, field diagnosis is often affected by reservoir heterogeneity, monitoring uncertainty, incomplete data acquisition, and high operational cost. As a complementary approach, numerical simulation can explicitly describe fracture propagation, reservoir pressure evolution, and well-to-well communication under controlled geological and engineering conditions. Recently, Zhou et al. [20] analyzed inter-well interference based on transient-flow analysis using an improved embedded discrete fracture model, providing an effective numerical framework for representing complex fracture–reservoir interactions. Nevertheless, high-fidelity numerical simulation usually requires detailed geological characterization, complex parameter calibration, and considerable computational cost, which limits its efficiency for rapid design optimization and uncertainty analysis.



To overcome the limitations of purely field-based diagnosis and computationally expensive numerical simulation, machine learning has been increasingly applied to well-interference evaluation and hydraulic-fracturing analysis in unconventional reservoirs. For example, Liu et al. [21] developed a supervised machine-learning framework to detect fracture-hit events by integrating parent-well pressure, production data, and fracturing-operation records, while Zhang et al. [22] used machine-learning methods to evaluate and predict the interference degree of shale gas wells. Beyond direct interference diagnosis, Hui et al. [23] incorporated geological and operational parameters into machine-learning models for shale gas production forecasting, indicating that nonlinear data-driven methods can capture the combined effects of reservoir properties and stimulation design. In addition, several studies have constructed surrogate models to reduce the computational cost of numerical simulation: Sarkar et al. [24] combined hydraulic fracturing, reservoir flow, geomechanics, and machine learning for unconventional shale reservoir development; Chen et al. [25] proposed a deep-learning surrogate model for pressure-transient responses in shale wells with heterogeneous fractures; and Zhu et al. [26] developed a multiscale neural-network model to predict the equivalent permeability of discrete fracture networks. These studies demonstrate the potential of machine learning in accelerating prediction and supporting engineering decisions; however, relatively limited attention has been paid to interpretable surrogate prediction of hydraulic-fracture asymmetry under multi-well zipper-fracturing conditions, especially under limited-sample scenarios. More broadly, recent studies on Kolmogorov–Arnold Networks and transfer learning further indicate that intelligent algorithms are increasingly used to model complex nonlinear engineering systems under limited data or high simulation cost conditions [27,28,29,30,31].



Despite these advances, machine-learning-based studies on inter-well interference still face several challenges. First, interference samples obtained from field monitoring or high-fidelity numerical simulations are usually limited, making data-driven models prone to overfitting. Second, many models are used as black-box predictors, and their results are difficult to interpret in terms of physical mechanisms such as stress shadow, natural fracture activation, and fracture deflection. Third, previous studies mainly focus on direct interference classification or production prediction, whereas relatively few works construct an interpretable quantitative proxy to characterize hydraulic-fracture asymmetry under multi-well zipper-fracturing conditions.



To address the challenges of high computational cost in numerical simulation for evaluating inter-well interference in multi-well fracturing, the tendency of models to overfit under small-sample conditions, and the lack of interpretability in prediction results, this paper constructs an explainable ensemble learning framework for predicting hydraulic fracture asymmetry. The overall workflow of the proposed study is illustrated in Figure 1. First, a geology–engineering integrated numerical simulation model is established based on a horizontal-well pad. The fracture asymmetry index η is used to characterize the deviation of multi-well fracture propagation from an ideal symmetric state, and an initial dataset is constructed comprising natural fracture orientation, well spacing, and injection rate. Second, under small-sample constraints, a Gaussian data augmentation method constrained by Jensen–Shannon (JS) divergence is introduced, and second-order interaction features are constructed to enhance the model’s ability to capture nonlinear coupling relationships. On this basis, particle swarm optimization (PSO) is applied to determine the ensemble weights of Gradient Boosting Regression Trees (GBRT), Random Forest (RF), and Ridge Regression (Ridge), thereby establishing a fast prediction model for fracture asymmetry. Finally, through systematic comparisons with linear models, regularized models, probabilistic models, and nonlinear machine learning models, combined with repeated validation, leave-one-simulation-scenario validation, prediction interval analysis, and SHAP and grouped permutation importance analysis, the model’s predictive performance, generalization boundary, uncertainty, and interpretability robustness are evaluated within a given simulation parameter space. The main contributions of this paper are as follows:




	(1)

	
A method is proposed that uses the fracture asymmetry index η to characterize the degree of deviation in multi-well fracture propagation. A dataset suitable for small-sample machine learning modeling is constructed based on geology–engineering integrated numerical simulation.




	(2)

	
A small-sample modeling approach combining JS divergence-constrained Gaussian data augmentation and second-order interaction features is developed, with particle swarm optimization used to determine the ensemble model weights. Meanwhile, linear regression, regularized regression, Gaussian process regression, support vector regression, and various tree-based models are introduced as benchmarks to validate the comprehensive performance of the proposed method for small-sample fracture asymmetry prediction.




	(3)

	
Using the SHAP (Shapley Additive exPlanations) method, grouped permutation importance, and prediction interval analysis, the effects of natural fracture orientation, well spacing, and their interaction on fracture asymmetry are identified. Furthermore, the applicable boundary of the established model as a surrogate model for simulation training is clarified within a given parameter space for trend analysis, sensitivity evaluation, and preliminary scheme screening.










2. Materials and Methods


2.1. Development of an Integrated Geomechanical Model for a Representative Well Pad


This study takes a typical shale oil block in Shandong Province, China, as the research object. The target reservoir is located in the Jiyang Depression of the Bohai Bay Basin, where the Paleogene shale oil reservoirs are generally characterized by deep burial depth, strong heterogeneity, high carbonate content, well-developed natural fractures, and moderate fracturability. To improve computational efficiency while retaining the main geological and engineering characteristics of the target reservoir, a simplified numerical simulation model was established based on the following assumptions: (1) thermal effects are neglected; (2) matrix properties within each layer are represented by equivalent homogeneous isotropic parameters; (3) the water-based fracturing fluid is assumed to be incompressible; and (4) natural fractures are represented using a discrete fracture network (DFN). Numerical simulations were performed using the Mangrove hydraulic-fracturing simulation module embedded in Petrel 2018.2 (Schlumberger, Houston, TX, USA). This layer-scale equivalent treatment preserves the layered reservoir framework and the DFN-controlled fracture system while simplifying the matrix properties within each layer.



The geological and geomechanical parameters used in the numerical model were constrained according to reported field and experimental characteristics of the shale oil reservoir in the Jiyang Depression. Previous studies have shown that the Paleogene Shahejie Formation shale oil reservoir in this area is generally characterized by low porosity, strong heterogeneity, well-developed natural fractures, and complex in situ stress states [32,33]. Engineering studies on the development of multi-layer shale oil in the Jiyang Depression further provide practical bases for constructing a representative multi-layer simulation model [34]. The target reservoir depth was set to 4960 m, with its upper and lower adjacent layers located at 4930 m and 5040 m, respectively. This depth setting is consistent with the reported deep burial conditions of the Shengli–Jiyang shale oil reservoir, where burial depths generally range from about 3000 to 5000 m, locally reaching approximately 5500 m [32,35]. Therefore, the selected vertical depth represents a deep reservoir simulation case within the reported geological context of the Jiyang Depression.



The matrix permeability of the reservoir and adjacent layers was set to 0.1 mD. This value is consistent with the lower limit range of physical properties (approximately 0.03–0.12 mD) of the Paleogene Shahejie Formation shale reservoir in the Jiyang Depression [36]. Thus, the adopted permeability serves as an equivalent low-permeability parameter and an upper-bound representative value for tight shale oil reservoirs. On this basis, the numerical model was constructed as a simulation model constrained by field parameters. The porosity, permeability, and in situ stress values used for the target reservoir all fall within the reported ranges of geological and geomechanical parameters for shale oil reservoirs in the Jiyang Depression. Specifically, the maximum horizontal principal stress of the target layer is 98.92 MPa, which is close to the reported value of 96.9 MPa for the lower third member of the Shahejie Formation in well BYP5; the minimum horizontal principal stress is 89.42 MPa, which is of the same order of magnitude as the reported value of approximately 82 MPa [37]. Furthermore, well BYP5 is a high-yield shale oil well in the lower third member of the Shahejie Formation in the Jiyang Depression, with a peak daily oil production of 160 tonnes of oil equivalent [32]. Therefore, the horizontal stress levels adopted in this paper can serve as equivalent simulation parameters under high in situ stress conditions for the deep shale oil reservoir in the Jiyang Depression.



Based on the above settings, a three-layer geological model centered on the target reservoir depth of 4960 m was established. First, well trajectory data were imported to construct three horizontal wells, and then the layered stratigraphic structure was generated. Subsequently, experimentally obtained parameters (e.g., porosity, Young’s modulus) were assigned to the corresponding geological layers and coupled with the stratigraphic model [38,39]. The Mangrove module (a hydraulic fracturing design and simulation tool) was used to define the completion design for the three horizontal wells, including fracturing stages and perforation clusters. The stress shadow effect was enabled, the interference radius was defined, and a sequential fracturing scheme from Well 1 to Well 2 and then to Well 3 was adopted. The spatial arrangement of the three wells is shown in Figure 2b, and the geological platform model is shown in Figure 2. The geomechanical parameters used in the model (including porosity, permeability, Young’s modulus, and in situ stress) are listed in Table 1, and the natural fracture settings are listed in Table 2.




2.2. Feature Selection and Data Generation


2.2.1. Physical Meaning of Selected Features


Previous studies have shown that inter-well interference during multi-well hydraulic fracturing is strongly affected by well spacing, injection rate, and natural fracture orientation, because these parameters directly control stress-shadow interaction, fracture extension capacity, and the tendency of hydraulic fractures to intersect or divert along pre-existing weakness planes [4,40,41,42]. Therefore, these three variables were selected as the principal input features of the surrogate model.



Well spacing controls the degree of mechanical interaction among adjacent wells. A smaller spacing generally strengthens stress-shadow interference and increases the possibility of asymmetric fracture growth, whereas a larger spacing weakens the interaction between neighboring fracture systems. The injection rate affects the hydraulic driving force and fracture propagation capacity. A higher injection rate may promote fracture extension but can also intensify stress redistribution around the stimulated region. The natural fracture angle determines the geometric relationship between hydraulic fractures and pre-existing fractures, thereby influencing fracture deflection, branching, and fracture-network complexity.



Based on these considerations, a simulation dataset was constructed by varying well spacing, injection rate, and natural fracture angle within the prescribed engineering ranges. The resulting simulation program is listed in Table 3, and the complete dataset is provided in Appendix A.




2.2.2. Fracture Asymmetry Index for Inter-Well Interference


Previous studies have shown that during parent–child well interactions, hydraulic fractures often exhibit significantly asymmetric propagation, a phenomenon closely related to inter-well interference [43,44]. Under the influence of stress shadowing and fracture-induced interactions, fractures formed in subsequent fracturing wells may deviate from the reference propagation pattern of the first fractured well, leading to uneven fracture area distribution among different wells [45,46]. Therefore, this paper adopts fracture area as a quantitative geometric descriptor to evaluate the overall asymmetry of fracture propagation in a three-well system.



In the sequential fracturing scheme adopted in this study, Well 1 is fractured first and is not affected by stress shadows generated from prior adjacent wells; thus, it serves as a reference well under conditions without pre-existing inter-well interference. If Wells 2 and 3 are not significantly interfered with by the previously fractured wells under the same reservoir and treatment parameters, and given the large model scale and homogeneous layer properties, the fracture areas of Well 2 and Well 3 under interference-free conditions would be equal to that of Well 1, denoted as     S   w e l l 1    . Consequently, the reference total fracture area for the three-well system under ideal non-interfering conditions can be expressed as   3   S   w e l l 1    . Based on this, the deviation coefficient of fracture area based on the reference well fracture area is defined as


  η =      S   w e l l 1   +   S   w e l l 2   +   S   w e l l 3   −   S   w e l l 1   ∗ 3     S   w e l l 1   ∗ 3     



(1)




where   η   represents the fracture asymmetry index in the three-well model;     S   w e l l 1     denotes the average fracture area per fracturing stage in Well 1; and     S   w e l l 2     and     S   w e l l 3     denote the average fracture areas per stage in Well 2 and Well 3, respectively. The larger the absolute value of this index, the stronger the deviation of the three-well fracture propagation from the reference symmetric state, and the more pronounced the inter-well interference.   η   > 0 indicates that the total fracture area of the three wells increases relative to the reference state, while   η   < 0 indicates that the total fracture area decreases relative to the reference state.



In this paper,   3   S   w e l l 1     is adopted as the reference rather than the average fracture area of the three wells. The main reason is that the physical meanings of the two are different.     S   w e l l 1     represents the reference fracture area of a single well without pre-existing inter-well interference or under the weakest influence of prior stress shadowing; therefore,   3   S   w e l l 1     represents the total reference fracture area for three wells under an ideal symmetric propagation state. This reference value is not calculated from the current average fracture area of the three wells but is directly based on the fracture area of the first fractured well (Well 1) as the single-well reference. It can be used to determine the degree of deviation of the actual three-well system’s total fracture area from the ideal non-interfering state.



If the average fracture area of the current three wells were used as the reference, that average value would itself be derived from the current simulation results. In that case, the total fracture area of the three wells would necessarily equal three times the average, and the deviation term would be weakened or even vanish by definition, making it difficult to effectively identify the fracture area imbalance among the three wells. Therefore, this paper adopts   3   S   w e l l 1     as the reference baseline instead of the current average fracture area of the three wells.



Furthermore,   η   is a dimensionless index and possesses scale invariance. When all fracture areas are multiplied by a constant k, the following holds:


   η ′  =      k S   w e l l 1   +   k S   w e l l 2   +   k S   w e l l 3   −   S   w e l l 1   ∗ 3 k     S   w e l l 1   ∗ 3 k    = η  



(2)







Therefore, this index is insensitive to the absolute magnitude or unit scaling of the fracture areas and primarily reflects the relative deviation of the actual total fracture area of the three wells from the ideal symmetric reference state. Based on this characteristic,   η   can be used to compare the fracture propagation asymmetry and the intensity of inter-well interference across different simulation scenarios.





2.3. Machine Learning Model Development


2.3.1. Data Augmentation and Preprocessing


Fracture area and fracture asymmetry for the three wells were extracted from the Petrel simulations. Because each numerical simulation required substantial computation time, only 57 samples were available for model training and 7 for validation. The total dataset therefore contained fewer than 100 samples and only three original features—well spacing, injection rate, and natural fracture angle—reflecting the small-sample, low-dimensional conditions that commonly arise in geoscience and reservoir-engineering applications [47,48,49,50,51,52].



To compensate for the limited feature set, feature engineering was performed using the PolynomialFeatures generator to create second-order polynomial terms. Only interaction terms were retained, while squared terms were excluded. This expanded the feature space from 3 to 6 variables, comprising the original features plus all pairwise interactions. The aim was to capture the nonlinear coupling among injection rate, well spacing, and natural fracture angle through their interactions rather than through isolated nonlinear terms. This choice is consistent with the mechanics of hydraulic fracturing, in which fracture propagation depends on coupled effects, for example, the joint influence of injection rate and well spacing on stress interference, and the combined influence of injection rate and fracture orientation on natural fracture activation. Excluding squared terms also avoids problematic treatment of angular variables, reduces multicollinearity, and improves the model’s ability to identify key coupling mechanisms, as reported in related data-driven studies [53,54,55,56]. In this way, engineering complexity can be represented more effectively with only modest added model complexity.



Due to the limited number of original simulation samples, directly training machine learning models may lead to overfitting and unstable predictions. To improve the local sample coverage within the given simulation parameter space, this paper first adds Gaussian perturbations to the original input features. The perturbation standard deviation for the j-th input feature is defined as


    σ   j   = 0.05   s   j    



(3)




where      σ   j     is the Gaussian perturbation standard deviation for the j-th input feature, and     s   j     is the standard deviation of that feature in the training data. This setting means that the perturbation amplitude is 5% of the original feature’s standard deviation.



To prevent the augmented samples from deviating excessively from the statistical distribution of the original simulation samples, this paper employs the Jensen–Shannon divergence (JSD) as a distribution consistency constraint. JSD is a measure of distribution difference based on Shannon entropy. Compared with the Kullback–Leibler divergence (KLD), JSD is symmetric and bounded, making it more suitable for comparing the feature distribution differences between original and augmented samples [57,58].



For each input feature, this paper constructs probability histograms for the original and augmented samples using the same number of bins and the same value range and then computes the JSD as follows:


    D   J S   ( P ‖ Q ) =    1   2      D   K L   ( P ‖ M ) +    1   2      D   K L   ( Q ‖ M )  



(4)






  M =    1   2      P + Q    



(5)




where     D   J S D     P , Q     denotes the Jensen–Shannon divergence between the original distribution P and the augmented distribution Q for a given input feature; P and Q are the discrete probability distributions obtained by normalizing the original and augmented samples, respectively, under the same binning intervals; M is the average distribution of   P   and   Q  ; and     D   K L     denotes the Kullback–Leibler divergence.



The generated augmented samples were accepted only when the maximum JSD among all input features was less than 0.05. This threshold is independent of the perturbation coefficient in Equation (3): the perturbation coefficient controls the magnitude of Gaussian noise, whereas the JSD threshold controls the allowable distributional deviation between the augmented and original samples. Following previous synthetic-data and data-augmentation studies [59,60], JSD < 0.05 was adopted as a conservative empirical criterion to allow limited local perturbations while avoiding excessive distributional shifts.



After satisfying the JSD constraint, this paper applies bootstrap resampling with replacement of the accepted pool of augmented samples to further increase training sample diversity and improve statistical robustness under small-sample conditions [61,62]. Specifically, two Gaussian-perturbed copies are generated from each original sample, and a bootstrap expansion factor of 1.5 is used for resampling, expanding the 57 original modeling samples to approximately 256 training samples. This process increases the number of training samples while maintaining essential consistency with the original simulation distribution. It should be emphasized that this augmentation strategy does not introduce new physical information and cannot replace independent field observations; its role is to improve local sample coverage and model training stability within the given simulation parameter space.



The data augmentation procedure under the JSD constraint is illustrated in Figure 3.



After augmentation, the three original engineering variables were expanded into six input features by introducing only the aforementioned second-order interaction terms. The specific final input features are shown in Table 4.




2.3.2. Model Development and Optimization


Gradient Boosted Regression Trees (GBRT) was selected as the primary nonlinear learner because it can capture complex nonlinear relationships through sequential residual fitting and has shown good adaptability in small- to medium-sized regression problems [63,64,65]. To reduce model-specific bias and improve prediction stability, Random Forest (RF) and Ridge regression were further introduced. RF reduces prediction variance through bootstrap aggregating, while Ridge regression provides a stable regularized linear component when the input features are partially correlated [66,67].



The hyperparameters of GBRT were optimized using Particle Swarm Optimization (PSO). PSO searches the predefined hyperparameter space through swarm-based iterations and is suitable for nonlinear and nonconvex optimization problems [68]. The optimized GBRT hyperparameters included the number of trees, maximum tree depth, learning rate, and subsampling ratio. The search ranges were set as follows: the number of trees ranged from 50 to 100, the maximum tree depth ranged from 1 to 10, the learning rate ranged from 0.01 to 0.30, and the subsampling ratio ranged from 0.50 to 1.00. The PSO swarm size and maximum number of iterations were set to 30 and 100, respectively. The cognitive and social acceleration coefficients, corresponding to the personal-best and global-best search components, were both set to 0.5.



The PSO objective was defined as the average normalized root mean square error over the five validation folds of the GBRT model. For the k-th validation fold, the normalized root mean square error is defined as


    N R M S E   k     θ   =       1     n   k       ∑  i = 1     n   k            y   i     k     −     y  ^    i     k       θ       2          y   m a x     k     −   y   m i n     k         



(6)




where     y   m a x     k       and     y   m i n     k       are the maximum and minimum target values in the validation set of the k-th fold, respectively;   θ   denotes a candidate GBRT hyperparameter combination (including number of trees, maximum depth, learning rate, and subsampling ratio);     n   k     is the number of validation samples in the k-th fold;     y   i     k       is the true value of the i-th validation sample in the k-th fold; and       y  ^    i     k       θ     is the corresponding prediction of the GBRT model with hyperparameter combination   θ  .



The optimal GBRT hyperparameter combination is obtained by minimizing the five-fold CV-NRMSE:


    θ   ∗   = a r g       min   θ        1   K       ∑  k = 1   K           1     n   k       ∑  i = 1     n   k            y   i     k     −     y  ^    i     k       θ       2          y   m a x     k     −   y   m i n     k             



(7)




where K is the number of cross-validation folds, and K = 5 was used in this study. Thus,     θ   ∗     is not an error metric but the hyperparameter combination that yields the lowest average normalized prediction error across the five validation folds.



After optimizing the GBRT hyperparameters, a hybrid ensemble model was constructed using GBRT, RF, and Ridge regression. The ensemble prediction is expressed as


      y  ^    e n s e m b l e   =    ∑  m = 1   M       ω   m         y  ^    m    



(8)







      y  ^    e n s e m b l e     is the ensemble prediction; M is the number of base learners (here M = 3);       y  ^    m     is the prediction of the m-th base learner;     ω   m     is the ensemble weight for the m-th base learner; and the weights satisfy      ∑  m = 1   M       ω   m     = 1 ,   ω   m   ≥ 0  .



This ensemble design was guided by the No Free Lunch theorem and the bias–variance decomposition principle. From the perspective of bias–variance decomposition, the expected squared prediction error of the ensemble model can be written as


      E [ (  y −     y  ^    e n s e m b l e     )   2    ] = Var       y  ^    e n s e m b l e     +   B i a s   2         y  ^    e n s e m b l e     +   σ   ε   2        



(9)







Here,   E [ · ]   denotes the expectation over different training sets drawn from the same underlying distribution.     B i a s   2         y  ^    e n s e m b l e       represents the squared bias of the ensemble prediction (systematic error);   V a r       y  ^    e n s e m b l e       represents the prediction variance of the ensemble model (sensitivity to training data fluctuations); and     σ   ε   2     represents the irreducible noise inherent in the data.



Since the ensemble prediction is a weighted combination of the base learners, its variance can be further expressed as


      Var       y  ^    e n s e m b l e     =    ∑  m = 1   M         ω   2     m     V a r       y  ^    m     + 2    ∑  m < l       ω   m     ω   l     C o v       y  ^    m   ,     y  ^    l          



(10)







  V a r       y  ^    e n s e m b l e       is the prediction variance of the m-th base learner;   C o v       y  ^    m   ,     y  ^    l       is the covariance between the predictions of the m-th and l-th base learners.



This formulation indicates that the ensemble error is affected not only by the bias and variance of individual learners but also by the correlation among their prediction errors. Therefore, combining learners with different model structures and error characteristics can improve robustness when no single algorithm is optimal for all problems.



The ensemble weights were determined adaptively through grid search combined with five-fold cross-validation. A feasible weight space was first defined: GBRT weight in [0.50, 0.70], RF weight in [0.20, 0.40], and Ridge weight in [0.005, 0.15], with the sum constrained to 1. This search space was designed to allow GBRT to dominate nonlinear fitting, while RF and Ridge regression contributed to variance reduction and prediction stability.



For each candidate weight vector   ϖ   = (ω1,ω2,ω3), the ensemble prediction for the i-th validation sample in the k-th fold is


            y  ^      k       e n s e m b l e , i     ϖ   =    ∑  m = 1   M       ω   m           y  ^      k       m , i        



(11)




where         y  ^      k       m , i     is the prediction of the m-th base learner for the i-th validation sample in the k-th fold. The validation MSE of the ensemble model is


        M S E   v a l     ϖ   =    1   K       ∑  k = 1   K        1     n   k           ∑  i = 1     n   k       [     y   i     k     −       y  ^      k       e n s e m b l e , i     ϖ     ]   2        



(12)







To determine the optimal contribution of the three base learners, the ensemble weights were selected through a constrained grid search combined with five-fold cross-validation. For each candidate weight vector   ϖ   = (ωGBRT,ωRF,ωRidge), the validation prediction was calculated as a weighted sum of the predictions from GBRT, RF, and Ridge regression. The optimal weight vector was obtained by minimizing the five-fold validation MSE:


        ϖ   ∗   = a r g       min   ϖ         M S E   v a l   ( ϖ )        



(13)




subject to ωGBRT ∈ [0.50, 0.70], ωRF ∈ [0.20, 0.40], ωRidge ∈ [0.005, 0.15], and ωGBRT + ωRF + ωRidge = 1.



This constrained optimization strategy allows GBRT to play a dominant role in nonlinear fitting, while Random Forest and Ridge regression contribute to reducing prediction variance and improving model stability, respectively. Therefore, the bias–variance trade-off is reflected by the rationale for model selection and the constraints imposed during weight optimization.



Although Ridge regression has limited capability in nonlinear modeling, it provides high stability in representing linear relationships and helps control the overall model variance through regularization, especially when some features are linearly correlated. Therefore, the final ensemble model is dominated by GBRT for nonlinear fitting and bias reduction, while RF and Ridge regression jointly contribute to variance reduction and prediction stability. The resulting integrated model combines the strong nonlinear fitting capability of GBRT, the robustness of RF against perturbations in the training data, and the stability of Ridge regression through regularization.






3. Prediction Performance and Interpretability Analysis


3.1. Overall Prediction Performance of the Proposed Model


To evaluate the overall predictive capability of the proposed ensemble model on the test set, this section first analyzes the model performance from two aspects: prediction consistency and residual distribution. The actual-versus-predicted plot is used to determine whether the model can capture the overall variation trend of the target variable, while the residual plot is further employed to identify whether the model exhibits obvious systematic overestimation, underestimation, or structural errors that vary with the predicted values.



The overall predictive behavior of the proposed ensemble model was examined by comparing the actual and predicted values of the fracture asymmetry index η. As shown in Figure 4a, most sample points lie close to the 1:1 reference line, indicating that the ensemble model can capture the general variation trend of fracture asymmetry within the investigated simulation space. The samples are mainly concentrated in the near-zero region, where the predicted values are generally consistent with the actual values; the coefficient of determination     R   2     reaches 0.8484 (test set, n = 52), indicating that the model provides a stable approximation within the main range of the target variable.



However, several sample points deviate from the 1:1 reference line, especially near the margins of the sample distribution. These deviations indicate that local prediction errors still exist for some individual simulation cases. Under the current small-sample condition, this is reasonable, as the available training data may not fully cover all local response patterns of fracture asymmetry.



The residual distribution is further shown in Figure 4b. Most residuals are scattered around the zero-error line, and no obvious monotonic trend or systematic pattern is observed as the predicted values increase. This indicates that the model does not exhibit a clear overall tendency toward overestimation or underestimation. Although a few residuals are relatively large, they are limited in number and do not dominate the overall error distribution.



Overall, the actual-versus-predicted plot and the residual plot indicate that the proposed ensemble model can reasonably reproduce the simulated fracture asymmetry index η and maintain acceptable prediction stability within the predefined parameter space.




3.2. Expanded Model Comparison


To further evaluate the effectiveness of the proposed ensemble model, several representative baseline models and advanced regression models were selected for extended comparison. The compared models cover simple linear models, regularized linear models, kernel-based models, probabilistic models, and tree-based nonlinear models. By including models with different assumptions and function approximation capabilities, this comparison provides a more comprehensive evaluation of the proposed model in terms of nonlinear relationship capture, interaction-feature utilization, and prediction stability under small-sample conditions. Figure 5 presents the summarized predicted-versus-actual scatter plots of different models, where “interactions” denotes the second-order interaction features constructed from well spacing, discharge rate, and natural fracture angle. LR, RF, GPR, GBRT, and SVR represent linear regression, random forest, Gaussian process regression, gradient boosted regression trees, and support vector regression, respectively. SVR-RBF denotes support vector regression using the radial basis function kernel. The proposed ensemble model consists of GBRT, RF, and Ridge regression.



As shown in Figure 5, the proposed ensemble model achieves the best overall performance, with the highest     R   2     value of 0.874. These results indicate that, among all compared models, the proposed model provides the most accurate approximation of the fracture asymmetry index. Table 5 below presents a summary of the specific predictive performance values of the aforementioned compared models.



As shown in Table 5, the proposed ensemble model achieved the best overall performance among all compared models, with an R2 of 0.874, RMSE of 0.0079, NRMSE of 0.0508, and MAE of 0.0044. These results indicate that the proposed ensemble model provides the most accurate approximation of the fracture asymmetry index. The GBRT model also achieved competitive performance, with an R2 of 0.866, RMSE of 0.0082, NRMSE of 0.0524, and MAE of 0.0037, confirming its ability to capture nonlinear relationships in the current dataset. By integrating the complementary strengths of GBRT, RF, and Ridge regression, the ensemble model further improved the overall R2, RMSE, and NRMSE. GPR also showed strong predictive performance, with an R2 of 0.842, RMSE of 0.0089, NRMSE of 0.0570, and MAE of 0.0044. This result is consistent with the suitability of Gaussian process regression for small-sample regression problems. Nevertheless, its performance in terms of R2, RMSE, and NRMSE was still lower than that of the proposed ensemble model, indicating that combining multiple learners can provide additional robustness. RF achieved an R2 of 0.821, showing that tree-based ensemble learning can capture part of the nonlinear coupling among well spacing, discharge rate, and natural fracture angle. SVR-RBF achieved an R2 of 0.780, but its prediction accuracy remained lower than that of the proposed ensemble model, GBRT, GPR, and RF.



In contrast, the linear and regularized linear models produced substantially lower prediction accuracy. To compare the effect of interaction features, a basic LR model without interaction features was designed, achieving an R2 of 0.421; an LR model with interaction features was also implemented, which slightly improved the R2 to 0.446. Ridge, Elastic Net, and Lasso showed similar performance, with R2 values of 0.437, 0.429, and 0.429, respectively. These results indicate that, although second-order interaction features can provide additional information, linear models are still insufficient to describe the nonlinear relationship between engineering and geological parameters and fracture asymmetry. Therefore, nonlinear learners are necessary for this prediction task.



The performance of LightGBM and XGBoost was also lower than that of the proposed ensemble model. XGBoost achieved an R2 of 0.738, while LightGBM achieved an R2 of 0.722. This may be related to the limited sample size, under which highly flexible boosting models may not fully exploit their advantages and can become sensitive to the training data distribution. Overall, the comparison demonstrates that the proposed ensemble model achieves a better balance among nonlinear fitting capability, prediction robustness, and model stability. The results also confirm the necessity of combining nonlinear learners with regularized components under small-sample conditions.




3.3. Robustness and Generalization Analysis


Although the above results indicate that the proposed ensemble learning framework can predict fracture asymmetry reasonably well, the reliability of a small-sample surrogate model cannot be judged solely by the accuracy metrics obtained from a single training–testing split. For limited sample data, prediction results may be jointly affected by the data splitting method, model complexity, coverage of the training samples, and prediction uncertainty. In particular, after introducing data augmentation and nonlinear ensemble learning, a high test accuracy may arise either from effective feature learning or from local sample distribution artifacts and model overfitting. Therefore, further examination of the model is required from the perspectives of robustness, complexity control, generalization to different operating conditions, and uncertainty characterization.



Based on the above considerations, this section presents the analysis from four aspects. First, the sensitivity of the model to random data splitting is evaluated through repeated validation to assess whether the prediction performance is statistically stable. Second, a regularization control experiment is conducted to examine the influence of model complexity on prediction results, thereby distinguishing effective fitting from potential overfitting. Third, a leave-one-simulation-out cross-validation is performed to further test the extrapolation capability of the model under unseen operating conditions, evaluating its generalization potential with respect to changes in engineering parameter combinations. Finally, uncertainty assessment is introduced to analyze the error distribution and prediction interval characteristics beyond point predictions, providing supplementary evidence for evaluating model reliability under small-sample conditions.



3.3.1. Repeated Validation


To examine the sensitivity of model performance to random data splitting, a repeated validation analysis was conducted. In small-sample regression tasks, different combinations of training and test samples may lead to noticeable fluctuations in evaluation metrics; therefore, the results from a single training–test split are insufficient to fully characterize the statistical reliability of the model. To reduce the uncertainty caused by such data splitting, multiple random splits of the original samples were performed. In each repetition, the processes of feature construction, training sample augmentation, and model training were all re-executed independently. Meanwhile, the test samples were consistently kept as the original unaugmented data to avoid information leakage.



Based on the results of 50 repeated validations, the prediction performance was statistically summarized using     R   2    , RMSE, NRMSE, and MAE. The mean, standard deviation, and 95% confidence interval of each evaluation metric were further calculated to simultaneously quantify the average prediction accuracy of the model and its degree of fluctuation under different random splits. If these metrics remain stable across multiple splits, it indicates that the model performance is not dominated by any single specific sample split and that the model has good robustness under repeated data splitting conditions.



As shown in Table 6, the model achieved an average     R   2     of 0.8484 over 50 repeated validations, with a 95% confidence interval of [0.8179, 0.8790]. Meanwhile, the mean values of NRMSE, RMSE, and MAE were 0.0687, 0.0079, and 0.0043, respectively, indicating that the model maintained a low prediction error overall under repeated random splits. Furthermore, the standard deviation of     R   2     was 0.1075, reflecting that the model performance is still inevitably affected by data splitting under the small-sample condition. Nevertheless, the confidence interval remains at a consistently high level, suggesting that the proposed prediction framework exhibits good robustness to data splitting.




3.3.2. Regularization-Control Experiment


For small-sample surrogate models, performance improvement brought by data augmentation does not necessarily equate to enhanced generalization ability. Since Gaussian perturbations mainly generate local samples in the neighborhood of the original samples, their effect is closer to local densification of the existing sample distribution rather than the introduction of new physical information or additional engineering scenarios. Therefore, it is necessary to further determine whether the accuracy improvement of the final model can be reproduced by conventional complexity control strategies on the original data. Based on this, a regularization control experiment on the original data was set up, as described in this section. Without employing Gaussian data augmentation, shrinkage regularization models such as RidgeCV, LassoCV, and ElasticNetCV were introduced as controls to analyze the relative contributions of regularization constraints, data augmentation, and interaction features to prediction performance improvement. In this experiment, no Gaussian data augmentation or interaction feature expansion was applied; instead, several regularization models with shrinkage constraints were constructed based solely on the original data as the control group. This design distinguishes the regularization effect within the original sample space from the effects of JS-divergence-constrained data augmentation and nonlinear interaction features, thereby providing a clearer understanding of the sources of model performance improvement.



Among these cases, Case A is the baseline model using only the original data. Cases B1–B3 introduce RidgeCV, LassoCV, and ElasticNetCV, respectively, on the basis of the original data. RidgeCV shrinks the model coefficients via an L2 penalty to reduce coefficient instability; LassoCV imposes sparsity constraints and variable selection through an L1 penalty; ElasticNetCV combines L1 and L2 penalties to balance feature selection and coefficient shrinkage. Thus, Cases B1–B3 serve as the regularization control group under purely original data conditions. In contrast, Case E represents the modeling strategy adopted in this paper, namely JS-divergence-constrained Gaussian data augmentation combined with second-order interaction features. Since Case E does not introduce new physical variables or additional simulation scenarios, the focus of this comparison is on determining whether the final accuracy improvement can be reproduced solely by conventional regularization methods on the original data.



As shown in Table 7, regularization processing of the original data improved the model’s predictive performance to some extent. Compared with Case A, Case B1 (Original data + RidgeCV) increased the average R2 from 0.6125 to 0.6782 while reducing the RMSE from 0.0186 to 0.0168. LassoCV and ElasticNetCV yielded moderate improvements, with average R2 values of 0.6416 and 0.6539, respectively. This indicates that shrinkage regularization can partially alleviate the instability inherent in small-sample fitting, but performance gains remain limited when modeling solely with the original data.



Compared with the original-data regularization control group, Case E exhibits superior predictive performance across all evaluation metrics. Its average R2 reaches 0.8484, with a 95% confidence interval of 0.8179–0.8790; the RMSE, NRMSE, and MAE are 0.0079, 0.0687, and 0.0043, respectively. Relative to Case B1, the best-performing original-data regularization model, Case E achieves an average R2 increase of about 25.1%, while RMSE and MAE are reduced by approximately 53.0% and 65.6%, respectively. This suggests that the performance improvement does not stem solely from coefficient shrinkage or conventional regularization on the original data but rather benefits further from local sample augmentation under JS-divergence constraints, second-order interaction feature representation, and the nonlinear mapping capability of ensemble learning.



From a mechanistic perspective, the JS-divergence-constrained Gaussian data augmentation does not introduce new physical variables, additional simulation scenarios, or external engineering information. Its function is to generate controlled perturbed samples in the neighborhood of the original samples and to use distributional similarity constraints to prevent the augmented samples from deviating significantly from the original data distribution. Therefore, this augmentation process does not create new physical information but rather increases the local coverage density within the limited sample space. Meanwhile, second-order interaction features explicitly represent the coupling among well spacing, injection rate, and natural fracture angle, while ensemble learning reduces the sensitivity of a single model to local sample noise by blending diverse base learners. If the accuracy improvement mainly came from an interpolation structure made to more easily fit the augmented data, then the regularization models based on the original data (Cases B1–B3) should have achieved comparable performance. However, their improvements are clearly limited, indicating that simple shrinkage regularization cannot reproduce the predictive performance of Case E.



Thus, this comparison demonstrates that the performance gain of the final model does not merely arise from conventional regularization or the convenience of fitting due to altered data morphology, but more likely from the combined effect of distribution-controlled data augmentation, expression of parametric interaction relationships, and the stabilization mechanism of ensemble learning. Subsequent leave-one-simulation-scenario validation will further test whether this performance improvement extends to unseen simulation conditions, thereby providing a more rigorous assessment of the model’s cross-scenario generalization ability.




3.3.3. Leave-One-Simulation-Condition-Out Validation


In Section 3.3.1, repeated random partitioning validation was used to evaluate the sensitivity of model performance to different splits of training and test sets. The results showed that the proposed model maintains relatively stable predictive accuracy under different random splits. However, the training and test sets under random partitioning may still contain similar combinations of simulation conditions, so the results mainly reflect the model’s prediction stability within the distribution of the existing samples. To further examine the model’s generalization ability to unseen original simulation conditions, this section adopts a leave-one-simulation-condition-out validation.



In this validation, one specific simulation condition is held out from the original simulation database each time as an independent test sample. This condition consists of a particular combination of well spacing, injection rate, and natural fracture angle. The remaining original conditions are used as the training basis, and only under these training conditions are JS-divergence-constrained data augmentation and feature construction performed. The held-out test condition does not participate in data augmentation, feature construction, or model training and remains as an unaugmented original sample. If the original database contains N simulation conditions, the process is repeated N times so that each original condition sequentially serves as an independent test sample. This procedure prevents augmented samples generated from the same original condition from entering both the training and test sets, thereby reducing the risk of information leakage due to data augmentation.



This validation method holds out one specific combination of conditions at a time. This setup better matches the structure of the current small-sample database and, while preserving the size of the training set, allows testing of the model’s predictive ability under original conditions not involved in training. Finally, R2, RMSE, NRMSE, and MAE are used to evaluate the overall predictive performance of the model across all held-out conditions.



As shown in Table 8, under this leave-one-simulation-condition-out validation, the Ensemble model achieves the best overall performance, with R2, RMSE, NRMSE, and MAE of 0.58, 0.0142, 0.1235, and 0.0100, respectively. The prediction accuracies of RF and GBRT are slightly lower than that of the ensemble model, indicating that nonlinear tree models can still capture some of the asymmetric fracture response patterns. In contrast, the Ridge model yields an R2 of 0.47, with RMSE and MAE of 0.0158 and 0.0112, respectively, suggesting that while the linear regularized model exhibits some stability, its ability to characterize nonlinear responses under varying complex conditions is relatively limited.



These results further indicate that the ensemble model maintains reasonably good predictive capability under strictly unseen condition validation, but its accuracy is notably lower than the previously reported predictive performance. This shows that JS-divergence-constrained data augmentation and interaction features can improve local learning stability within the sampled parameter space but cannot fully replace the physical response information provided by adding new real simulation conditions. Therefore, for boundary conditions or parameter combinations with strong response variations, further calibration using additional numerical simulations or uncertainty analysis is still necessary.




3.3.4. Uncertainty Assessment


The repeated validation described above provides the mean, standard deviation, and 95% confidence intervals of evaluation metrics such as R2, RMSE, NRMSE, and MAE over 50 random splits, which are used to characterize the statistical stability of the overall model predictive performance. However, the object of such confidence intervals is the evaluation metrics themselves, not the possible range of variation in individual sample predictions. Therefore, even if the model exhibits a high average R2 and low error levels under repeated validation, it is still necessary to further analyze the uncertainty of individual prediction results.



To this end, this section introduces prediction intervals as a supplementary evaluation of the reliability of model outputs. A prediction interval indicates the possible range of values that the model gives for a prediction on a given sample. A wider interval generally implies greater uncertainty for that sample’s prediction, whereas a narrower interval indicates a more concentrated prediction range, though an overly narrow interval may fail to cover the true response. PI coverage denotes the proportion of samples for which the true value falls within the prediction interval and is used to assess the coverage capability of the prediction interval. Mean PI width is the average width of the prediction intervals, and PINAW is the ratio of the average prediction interval width to the range of the target variable, serving as a measure of the relative width of the prediction intervals. In general, a higher PI coverage indicates that the prediction interval more adequately encloses the true response, while a lower PINAW indicates a relatively narrower interval; however, the two need to be analyzed together, because an overly narrow interval, despite having a low PINAW, may lead to insufficient coverage.



This paper adopts two methods for prediction interval estimation: Bootstrap ensemble and Quantile GBRT. The Bootstrap ensemble repeatedly resamples the training data with replacement and retrains the model on each resampled dataset, thereby obtaining a set of predictions for the same sample; the dispersion of this set of predictions can be used to construct empirical prediction intervals. Thus, the Bootstrap ensemble primarily reflects the prediction fluctuation of the model under sample perturbations. Quantile GBRT, on the other hand, employs quantile regression to estimate the lower and upper quantiles of the target response, directly yielding a prediction interval at a given confidence level. Unlike the Bootstrap ensemble, which relies on the prediction distribution from resampling, Quantile GBRT focuses more on characterizing the upper and lower bounds of the conditional response distribution. Therefore, these two methods provide complementary perspectives for evaluating the credible range of model outputs under small-sample conditions. Table 8 presents a comparison of point prediction and prediction-interval performance.



Table 9 summarizes the point prediction accuracy and prediction interval reliability under five-fold cross-validation on the augmented data. Point ensemble achieves the highest deterministic prediction accuracy, with an R2 of 0.8637, RMSE of 0.0082, NRMSE of 0.0528, and MAE of 0.0058. These numerical values of the evaluation metrics lie within the intervals obtained from repeated validation, lending credibility to the results. This indicates that the constructed ensemble model can approximate the values of the fracture asymmetry indicator reasonably well. However, Point ensemble provides only a single predicted value for each sample and cannot directly reflect the uncertainty range of individual predictions; therefore, its reliability needs to be further evaluated using prediction intervals.



Bootstrap ensemble also maintains high point prediction accuracy, with an R2 of 0.8290 and an NRMSE of 0.0592. However, its 95% prediction interval coverage is only 0.3594, while the mean PI width and PINAW are 0.0123 and 0.0792, respectively. This indicates that the prediction intervals given by Bootstrap ensemble are rather narrow, but the true values of many validation samples fall outside these intervals. Therefore, under the current small-sample conditions, constructing prediction intervals solely from the dispersion among Bootstrap resampling models may underestimate the uncertainty of model predictions. In contrast, the point prediction accuracy of the Quantile GBRT 95% prediction interval is lower than that of Point ensemble, with an R2 of 0.6168, RMSE of 0.0138, NRMSE of 0.0886, and MAE of 0.0078, but its prediction interval coverage reaches 0.9102. The corresponding mean PI width and PINAW are 0.0515 and 0.3306, respectively, indicating that this method provides wider and more conservative uncertainty ranges. This result suggests that, under conditions of limited sample size and nonlinear fluctuations in the local response, wider prediction intervals can more adequately encompass the true responses of the validation samples, thereby avoiding overly optimistic interpretations of the model predictions.



Figure 6 further shows the 95% prediction intervals obtained by the Quantile GBRT method. The validation samples are sorted by the actual values of the fracture asymmetry indicator   η  , where the blue curve represents the actual values, the orange curve represents the predicted values, and the light blue shaded area represents the 95% prediction intervals. It can be seen that most of the actual values fall within the prediction intervals, which is consistent with the actual coverage (95% PI coverage = 0.9102) of Quantile GBRT in Table 8. The mean prediction interval width with this method is 0.0515 (PINAW = 0.3306), indicating that it covers about 91.02% of the true responses of the validation samples through a relatively conservative interval range. In contrast, the PINAW of the Bootstrap ensemble is only 0.0792, but its coverage is only 0.3594, indicating that its prediction intervals are too narrow and underestimate the prediction uncertainty under small-sample conditions.



Overall, Point ensemble provides high-accuracy point predictions, while Quantile GBRT can provide more reliable sample-level uncertainty ranges. Therefore, this paper not only uses R2, RMSE, NRMSE, and MAE to evaluate the deterministic prediction accuracy of the model but also incorporates prediction interval information to further assess the reliability of the model in predicting fracture asymmetry.





3.4. Interpretability and Feature-Importance Robustness Analysis


3.4.1. Correlation and Multicollinearity Diagnostics


After evaluating the model’s prediction accuracy and prediction uncertainty, it is still necessary to further analyze the mechanism of feature influence underlying the model’s predictions. The previous results show that the proposed model can predict the fracture asymmetry indicator (η) well, but the error metrics and prediction intervals alone cannot explain how different input variables affect the model output. Therefore, this section proceeds to analyze feature relationships and model interpretability to reveal the contributions of well spacing, injection rate, natural fracture angle, and their interactions to fracture asymmetry. To avoid interference from input variable correlation or multicollinearity in the subsequent feature contribution analysis, a correlation and multicollinearity analysis of the input variables is first conducted.



Figure 7 below presents the Pearson correlation coefficients and Spearman rank correlation coefficients among well spacing, injection rate, and natural fracture angle. Pearson correlation mainly reflects the degree of linear correlation between variables, while Spearman rank correlation further determines whether a monotonic relationship exists between variables.



As shown in Figure 7a, the Pearson correlation coefficients among the three original input variables are all close to zero. Specifically, the correlation coefficient between well spacing and injection rate is 0.00256, that between well spacing and natural fracture angle is −0.00334, and that between injection rate and natural fracture angle is 0.041. The Spearman rank correlation coefficients in Figure 7b also remain at low levels, with a maximum absolute value of only 0.0825. These results indicate that there is no significant linear or monotonic correlation among the original input variables, suggesting that the main engineering control parameters in the dataset are statistically independent.



Furthermore, multicollinearity is diagnosed using the variance inflation factor (VIF). The definition of the variance inflation factor is given by the following formula:


   VIF i  =  1  1 −   R   i   2      



(14)




where     R   i   2     is the coefficient of determination obtained from a linear regression using the i-th feature as the dependent variable and the remaining features as independent variables.



According to commonly used empirical criteria in regression diagnostics, VIF < 5 generally indicates no significant harmful multicollinearity; 5 ≤ VIF < 10 suggests that some degree of multicollinearity may exist but is still acceptable; and VIF ≥ 10 typically indicates strong multicollinearity, requiring further consideration of variable selection, combination, or model re-specification. Figure 8 below shows the VIF plot for the original data in this paper.



As can be seen from the results in Figure 8, the VIF values of the three original input variables are all close to 1, far below the commonly used threshold of 5, indicating that there is no serious multicollinearity problem in the original feature space. Therefore, the high contributions exhibited by natural fracture angle, well spacing, and their interaction terms in the subsequent model interpretation are not caused by strong correlations or multicollinearity among the original input variables but more likely reflect the actual controlling effects of these engineering parameters on the fracture asymmetry response.



At the level of the original input variables, the Pearson and Spearman correlation analyses as well as the VIF results all indicate that there is no significant correlation or severe multicollinearity among well spacing, injection rate, and natural fracture angle. These findings suggest that the original feature space has good statistical independence, and that the subsequent feature contribution analysis is unlikely to be directly disturbed by strong correlations among the original variables. However, because this paper further introduces second-order interaction terms to characterize the coupling effects among engineering parameters, and these interaction terms are constructed by multiplying the original engineering parameters, they may introduce new variable correlations and feature redundancy while enhancing the nonlinear representation capability of the model. Therefore, this paper further conducts a correlation analysis between the original features and the interaction features to evaluate the impact of feature construction on model stability and interpretability. Figure 9 below shows the correlation diagnostics of second-order interaction features.



On this basis, the correlation structure after constructing the second-order interaction features is further analyzed. Figure 9 shows the Pearson and Spearman correlation matrices for the original variables together with their second-order interaction terms. Unlike the near-zero correlations among the original variables, moderate to strong correlations appear between some product features and their corresponding original variables after introducing the interaction terms. The Pearson correlation results show that the correlation coefficients between well spacing and “well spacing × injection rate” and between well spacing and “well spacing × natural fracture angle” are 0.721 and 0.641, respectively; between injection rate and “well spacing × injection rate” and between injection rate and “injection rate × natural fracture angle” they are 0.750 and 0.663, respectively; and between natural fracture angle and “well spacing × natural fracture angle” and between natural fracture angle and “injection rate × natural fracture angle” they are 0.719 and 0.781, respectively. The Spearman rank correlations show similar patterns: for example, the rank correlation coefficients between well spacing and its related interaction terms are approximately 0.710–0.714; between injection rate and its related interaction terms, approximately 0.615–0.696; and between the natural fracture angle and its related interaction terms, approximately 0.550–0.568.



Such correlations do not imply severe collinearity among the original variables but rather reflect structural correlations introduced by the construction of second-order interaction features. Since a product term inherently contains information about its constituent original variables, it will necessarily show high correlations with those variables. “Well spacing × natural fracture angle” carries information about both well spacing and natural fracture angle and therefore exhibits strong correlations with both variables. Similarly, the Pearson correlation coefficient between “injection rate × natural fracture angle” and natural fracture angle reaches 0.781, indicating that this interaction term contains strong information about the fracture angle. These results also demonstrate from a statistical perspective that the second-order interaction terms do not simply increase the number of variables but rather explicitly embed coupling information among engineering parameters into the feature space.




3.4.2. SHAP-Based Feature Contribution Analysis


Based on the correlation and multicollinearity diagnostics, to investigate the mechanisms controlling fracture asymmetry in greater detail, this section analyses SHAP-based feature importance, the interaction between natural fractures and well spacing, and feature dependence patterns.



Figure 10 presents the SHAP feature importance ranking. SHAP (SHapley Additive exPlanations) explains black-box models by quantifying the contribution of each input feature to individual predictions, thereby providing both global and local interpretability [69,70,71].



Figure 10 quantifies the influence of each input feature on fracture asymmetry using the mean absolute SHAP value (ranging from 0 to 0.012). This analysis covers all core input parameters considered in this study (see Table 5). The mean absolute SHAP value represents the average marginal contribution of a feature to the model’s predictions; therefore, a higher value indicates a stronger influence and provides a direct ranking of feature importance.



Figure 10 presents the global feature importance ranking based on the mean absolute SHAP value. The results show that the natural fracture angle is the most influential feature, with a mean absolute SHAP value of approximately 0.012, significantly higher than those of the other input variables. A larger SHAP value on the horizontal axis indicates a stronger effect of the corresponding feature on fracture asymmetry. The results demonstrate that the natural fracture angle contributes the most and is the dominant controlling factor.



Figure 11 presents the SHAP summary plot, which is used to analyze the contribution direction of different feature values to the prediction of the fracture asymmetry index. The horizontal axis represents the SHAP value, where positive values indicate that the feature increases the predicted value     η  ^   , and negative values indicate that it decreases     η  ^   . The color scale from blue to purple represents feature values from low to high. It can be observed that the natural fracture angle exhibits the widest SHAP value distribution, indicating its strongest impact on the model predictions. Low natural fracture angles mainly correspond to positive SHAP values, while high angles are more distributed near zero or in the negative SHAP region, suggesting that, under the current signed index definition, a smaller natural fracture angle tends to increase     η  ^   , whereas a larger angle tends to decrease     η  ^    or weaken its positive contribution. The interaction term between well spacing and the natural fracture angle ranks second in importance, indicating that well spacing modulates the influence of natural fracture orientation on the fracture asymmetry response. It should be noted that, since   η   is a signed index, “decrease” here refers to a reduction in the algebraic value of the prediction and does not necessarily imply a reduction in the degree of fracture asymmetry.



The above SHAP results are consistent with the interaction mechanism between hydraulic fractures and natural fractures. The natural fracture angle determines the intersection relationship between hydraulic fractures and pre-existing weak planes, thereby affecting whether the hydraulic fracture crosses the natural fracture, deflects along the weak plane, or forms local branches. Renshaw and Pollard [72] proposed an experimentally verified criterion for fracture propagation across unbounded frictional interfaces in brittle linear elastic materials, providing a mechanical basis for evaluating whether hydraulic fractures can cross or be arrested by pre-existing weak interfaces. Gu et al. [73] further extended this criterion to non-orthogonal intersections between hydraulic fractures and natural fractures, pointing out that the intersection angle is a key factor controlling whether the hydraulic fracture crosses or deflects. The multi-branch hydraulic fracture model by Dahi-Taleghani and Olson [74] shows that interactions between induced fractures and natural fractures lead to complex fracture geometries and asymmetric propagation behavior. Therefore, the natural fracture angle emerges as the dominant feature in the SHAP analysis, indicating that the model captures the controlling effect of natural fracture guidance on fracture propagation paths and asymmetric responses.



Well spacing mainly affects fracture asymmetry by modulating the stress shadow effect between fractures from adjacent wells. A smaller well spacing enhances the superposition of stress fields induced by fractures from neighboring wells, alters the local principal stress direction and the stress state near the fracture tip, and thus further influences the effective intersection relationship between hydraulic fractures and natural fractures. Existing complex fracture network models and three-dimensional hydraulic fracture stress shadow studies have shown that mechanical interactions between fractures significantly modify the local stress perturbation range, fracture propagation direction, and competitive fracture growth behavior [75,76]. Consequently, the effect of well spacing on fracture asymmetry is not primarily an independent control of fracture paths but rather a modulating role by changing the local stress environment in which natural-fracture-guided propagation occurs. This also explains why the “well spacing × natural fracture angle” interaction term emerges as a secondary but significant interactive feature in the SHAP analysis: it reflects the coupled modulation mechanism between inter-well stress interference and the guiding effect of natural fractures.



To further test whether the SHAP feature ranking is affected by a single data split or small-sample fluctuations, this paper employs a Bootstrap resampling method to analyze the stability of the mean absolute SHAP values. This method constructs multiple resampled datasets by sampling the training data with replacement, retrains the model on each resampled dataset, and computes the SHAP values. The resulting distribution of mean absolute SHAP values can be used to characterize the range of fluctuation of feature contributions under sample perturbations, thereby determining whether the feature importance ranking is stable. Figure 12 shows the Bootstrap mean absolute SHAP values with 95% confidence intervals.



The results show that the natural fracture angle consistently has the highest mean absolute SHAP value under bootstrap resampling, and its 95% confidence interval is clearly separated from those of the other features. This indicates that its dominant contribution is not driven by a single training run or a specific resampled dataset. The interaction term between well spacing and natural fracture angle ranks second in importance, and its confidence interval is also separated from those of the remaining lower-ranked features, suggesting that this interaction term provides a stable explanatory contribution under different sample perturbations. In contrast, the mean absolute SHAP values of the well spacing–discharge rate interaction term, discharge rate alone, well spacing alone, and the discharge rate–natural fracture angle interaction term are relatively small and show overlapping confidence intervals, indicating that these features mainly act as secondary moderating factors.



Overall, the bootstrap SHAP analysis provides additional evidence for the stability of the above interpretation from the perspective of constructed features. The prediction of fracture asymmetry is primarily controlled by the natural fracture angle and is further influenced by its interaction with well spacing. However, SHAP analysis evaluates the contribution of individual constructed features rather than the grouped effect of the original physical variables. Therefore, group permutation importance is further employed in the next section in a supplementary analysis to examine the robustness of this interpretation at the original-variable level.




3.4.3. Grouped Permutation Importance


To further examine the feature interpretation results from the perspective of the original physical variables, Bootstrap group permutation importance analysis is adopted. Unlike SHAP analysis, which evaluates the contribution of each constructed feature individually, the group permutation method perturbs all features related to each original input variable (i.e., the variable itself and its associated interaction terms) as a whole. If perturbing a variable group leads to a significant increase in model prediction error, it indicates that the original variable and its associated coupling information make a high contribution to the model predictions.



Figure 13 shows that permuting the natural fracture angle group causes the largest increase in RMSE, approximately 0.021, indicating that destroying information related to the natural fracture angle significantly reduces model prediction accuracy. Therefore, the natural fracture angle is the most important original controlling variable for fracture asymmetry prediction. Permuting the well spacing group leads to an RMSE increase of about 0.011, which is lower than that of the natural fracture angle but significantly higher than that of the injection rate, indicating that although well spacing is not the dominant independent controlling factor, it still makes an important contribution to fracture asymmetry prediction through its influence on inter-well stress shadow intensity and its coupling with the natural fracture angle. This result is consistent with the SHAP analysis conclusion: fracture asymmetry prediction is primarily controlled by the natural fracture angle and modulated by the coupling effects related to well spacing, while the contribution of injection rate is relatively weak.



Combining the correlation analysis, SHAP interpretation results, and group permutation importance results, it can be seen that fracture asymmetry prediction does not simply arise from statistical correlations among input variables but is closely related to natural fracture orientation and inter-well stress interference conditions. The natural fracture angle exhibits the most significant influence in both the SHAP analysis and the group permutation analysis, indicating that it plays a dominant role in hydraulic fracture crossing, deflection, and propagation along natural fractures. The influence of well spacing is mainly reflected in altering the stress shadow range and interference intensity between adjacent well fractures and further affects the asymmetric fracture response through its coupling with the natural fracture angle. In contrast, within the current parameter range, the injection rate and its associated interaction terms have a relatively weak impact on prediction results, suggesting that injection rate is not a primary factor controlling fracture asymmetry. These results demonstrate that the proposed interpretable learning framework not only achieves good predictive accuracy but also reveals the key influencing factors and their interactions that are consistent with the physical mechanisms of multi-well fracturing.






4. Discussion


Section 3 validates the effectiveness of the proposed framework in terms of prediction accuracy, robustness, generalization ability, and feature interpretability. To further clarify the engineering implications and applicable scope of the model results, this section discusses the physical mechanisms of fracturing underlying the predictions, the applicability boundaries imposed by the model assumptions, and potential engineering applications.



4.1. Engineering Interpretation of Model Results


Based on the comprehensive prediction performance, robustness tests, and feature interpretation results, it can be seen that fracture asymmetry is not determined by a single operational parameter but is jointly influenced by geological structural controls and inter-well mechanical interference. Within the current parameter range, the natural fracture angle has the most prominent effect on the asymmetric fracture response, indicating that the natural fracture angle is an important geological factor governing the difference in fracture propagation among multiple wells. Although well spacing is not the most important factor in the individual feature ranking, its interaction term with the natural fracture angle exhibits a high contribution, suggesting that inter-well distance primarily affects the imbalance of fracture propagation under natural-fracture guidance by altering the stress interference environment between adjacent fractures.



The influence of the natural fracture angle on fracture asymmetry is not a simple linear relationship but is closely related to the interaction mechanism between hydraulic fractures and natural fractures. When the natural fracture orientation is relatively aligned with the direction of the maximum principal stress or the dominant propagation direction of the hydraulic fracture, the natural fractures are more easily activated. They may provide a low-resistance propagation path for the hydraulic fracture, causing the fracture to deflect or extend along local weak planes, thereby enhancing the imbalance in fracture area distribution among different wells. As the natural fracture angle increases, the manner in which hydraulic fractures encounter natural fractures changes. The fracture propagation may gradually shift from deflecting along natural fractures to crossing, local stagnation, or branching. This transition in propagation mode typically exhibits threshold characteristics; therefore, the effect of the natural fracture angle on fracture asymmetry manifests as a nonlinear relationship rather than a monotonic linear change.



Furthermore, the role of the natural fracture angle is also modulated by the stress shadow effect controlled by well spacing. Under smaller well spacing conditions, the stress interference between fractures from adjacent wells is stronger, and the local principal stress direction and the stress field at the fracture tip are more easily disturbed, thereby altering the effective approach angle between the hydraulic fracture and natural fractures. In this case, even if the initial geometric angle of the natural fractures is the same, their influence on fracture deflection, branching, and asymmetric propagation may vary depending on the intensity of inter-well stress interference. Consequently, the interaction term between well spacing and the natural fracture angle shows a high contribution in both SHAP analysis and group permutation importance, indicating that fracture asymmetry is controlled not only by the natural fracture orientation alone but also by the coupled effect between inter-well stress interference and the guiding effect of natural fractures.



This result provides direct guidance for the design of multi-well fracturing parameters. For reservoirs with well-developed natural fractures, asymmetric fracture propagation cannot be controlled solely by adjusting the injection rate; the match between the natural fracture orientation and the well spacing arrangement must also be considered. It should be emphasized that the natural fracture angle itself is not a directly adjustable operational parameter but rather a constraint variable determined by geological conditions. In engineering applications, the dominant natural fracture orientation can be determined using imaging logs, core interpretations, seismic attributes, or existing geological models and used as an input condition, together with well spacing, wellbore azimuth, and injection schedule, for scheme screening. When a particular natural fracture orientation coincides with strong inter-well stress interference conditions, the difference in fracture propagation paths may be further amplified, thereby increasing the risk of asymmetric fracture propagation. Therefore, the natural fracture angle should be transformed from mere geological descriptive information into a constraint parameter in fracturing scheme evaluation, to identify high-risk well spacing combinations and optimize multi-well fracturing deployment.



In addition, the proposed model can provide rapid decision support. Once the basic geological and operational parameters are given, the model can quickly estimate the fracture asymmetry index and identify parameter combinations with a high potential for well-to-well interference. The SHAP interpretation and grouped permutation importance analysis can help engineers identify the key geological and operational factors governing asymmetric fracture propagation, rather than merely providing black-box predictions. The present model is mainly applicable to layer-scale equivalent homogeneous reservoir conditions within the current sample parameter range. It can serve as a baseline model for analyzing the influencing factors of hydraulic fracturing in more complex formations and provide a reference for future model extensions that further consider strong heterogeneity, complex natural-fracture connectivity, and dynamic field-monitoring data.




4.2. Applicability Boundaries of the Simulation-Trained Surrogate Model


Although the proposed ensemble learning framework shows good predictive stability in repeated validation, regularized control experiments, leave-one-simulation-condition-out validation, and uncertainty analysis, its applicability is still jointly limited by the data source, parameter space, and numerical simulation assumptions. The proposed model should be interpreted as a simulator-based surrogate model rather than a direct field-scale predictive model. In other words, the model learns the response relationship generated by the numerical simulator under the prescribed assumptions, rather than the full physical behavior of a real reservoir system.



The proposed model should be interpreted as a simulator-based surrogate model rather than a direct field-scale predictive model. Its applicability is limited to the numerical simulation space defined in this study. Specifically, the model is mainly applicable to the three-well sequential fracturing configuration considered here, where the well spacing ranges from 200 to 550 m, the injection rate ranges from 5 to 20 m3/min, and the natural fracture angle ranges from 30° to 90°. The prediction target is the fracture-asymmetry index η calculated from simulated fracture areas, rather than field production, microseismic responses, or directly measured fracture geometry.



It should also be noted that the augmented samples used in this study are only local perturbations and densifications around the original simulation samples. Therefore, JSD-constrained data augmentation alleviates the sparsity of the training space under small-sample conditions but does not generate new geological information, field observation data, or additional physical mechanisms. The resulting predictions are therefore mainly meaningful within the range of the original simulation parameters.



The simplified reservoir assumptions adopted in the numerical simulations further affect the applicability boundary of the surrogate model. The current numerical database uses homogeneous and isotropic rock mechanical and flow parameters and simplified natural-fracture characterization and does not include thermal effects. These assumptions help reduce the dimensionality of the simulation variables and isolate the effects of well spacing, injection rate, and natural fracture angle on fracture asymmetry under controlled conditions. However, actual shale reservoirs often contain bedding structures, mechanical anisotropy, heterogeneous stress fields, and complex natural-fracture networks, all of which can introduce directional effects into fracture propagation.



First, the homogeneous and isotropic assumption may underestimate the controlling effect of bedding planes and weak interfaces on fracture paths. In strongly bedded shales, hydraulic fractures may deflect, stagnate, cross, or propagate along bedding planes or weak interfaces, rather than following the propagation pattern predicted by a homogeneous medium. Therefore, the current model may underestimate bedding-induced fracture deflection and branching while overestimating the ability of hydraulic fractures to cross layers and extend effectively.



Second, the effect of the natural fracture angle on fracture asymmetry in real reservoirs is not only a geometric-angle effect. Whether a hydraulic fracture crosses, deflects along, or activates a natural fracture after intersection is also affected by horizontal stress difference, interface friction, natural-fracture aperture, filling state, and local pore pressure. Therefore, the conclusion that the natural fracture angle is the dominant factor should be understood as a result within the preset simulation parameter space. In strongly anisotropic shale reservoirs or reservoirs with complex natural-fracture networks, this role may be overestimated or underestimated, and feature importance may shift toward other factors such as bedding orientation, stress anisotropy, or natural-fracture connectivity.



Third, anisotropy may alter the spatial pattern of inter-well interference. In the present homogeneous and isotropic model, stress shadows and pressure disturbances vary relatively regularly with well spacing. In strongly anisotropic reservoirs, however, fractures may preferentially propagate along weak planes or high-permeability directions, and stress or pressure transmission may also become direction-dependent. As a result, wells aligned with bedding or highly connected natural fractures may experience stronger interference, whereas wells arranged perpendicular to weak planes or in low-permeability directions may show weaker interactions. Thus, direct application of the current model to such reservoirs may introduce directional bias in the evaluation of well-spacing effects and inter-well interference intensity.



Furthermore, statistical uncertainty under small-sample conditions still exists. Although repeated random splits and leave-one-simulation-condition-out validation reduce the chance effects of a single data split, the limited training dataset still restricts the model’s ability to fully characterize complex nonlinear responses. Prediction errors may increase, especially near the boundaries of the parameter space or in regions with strong response variations. Therefore, the present model is more suitable for trend identification, scenario comparison, and initial risk screening within the established simulation parameter range than for unconditional prediction of field fracturing responses. Further engineering application requires validation and recalibration using richer simulation samples and field observations.




4.3. Future Improvements and Field Validation


To further enhance the engineering applicability of the model, subsequent research can be carried out in three aspects: expansion of the numerical simulation database, enrichment of input variables, and field data constraints. First, the scale of the numerical simulation sample set should be further expanded, especially by supplementing boundary conditions, regions with large prediction errors, and parameter combinations exhibiting strong response variations. Since data augmentation can only increase the training space density within the neighborhood of the original samples and cannot replace truly new simulation samples, active learning or adaptive sampling strategies can be introduced in future work so that new simulation conditions are preferentially concentrated in areas with high prediction uncertainty or more pronounced nonlinear responses.



Second, the model input features should be further enriched. The current model mainly considers well spacing, injection rate, and natural fracture angle. However, in actual multi-well fracturing processes, asymmetric fracture propagation may also be affected by factors such as horizontal principal stress difference, rock mechanical anisotropy, bedding orientation, natural fracture density, fracture aperture, fracture toughness, fracturing fluid viscosity, and completion parameters. Introducing these geological and engineering variables will help improve the model’s ability to represent complex reservoir conditions and reduce interpretation bias caused by oversimplified input variables.



Moreover, field validation remains necessary for improving model reliability. In practical applications, the surrogate model can be constrained and calibrated by integrating microseismic monitoring, offset well pressure responses, tracer responses, production performance data, and image log interpretation results. These field data do not need to completely replace numerical simulations but can serve as independent evidence to determine whether the high-risk parameter combinations identified by the model are consistent with actual fracture propagation behavior. As new numerical simulations and field observations are continuously supplemented, the proposed framework can be further developed from its current numerical-simulation-based surrogate model into a decision-support tool for multi-well fracturing scheme screening and risk assessment.





5. Conclusions


This paper constructs an interpretable ensemble learning framework for predicting fracture asymmetry in multi-well fracturing. Based on small-sample numerical simulation data, combined with JS-divergence-constrained data augmentation, second-order interaction feature construction, and a PSO-optimized ensemble learning model, the effects of well spacing, injection rate, and natural fracture angle on the asymmetric fracture response are predicted and interpreted. The main conclusions are as follows:




	(1)

	
The proposed JS-divergence-constrained data augmentation and PSO-optimized ensemble learning framework can effectively improve the prediction accuracy of fracture asymmetry under small-sample conditions. Repeated validation results show that the model achieves stable predictive performance over 50 random splits, with average R2, NRMSE, RMSE, and MAE of 0.8484, 0.0687, 0.0079, and 0.0043, respectively, and corresponding 95% confidence intervals of 0.8179–0.8790, 0.0606–0.0768, 0.0072–0.0087, and 0.0040–0.0047. Compared with models using only original data and conventional regularization controls, the proposed method exhibits clear advantages in prediction accuracy and error control, indicating that its performance improvement is not merely due to model complexity or regularization effects.




	(2)

	
Robustness and uncertainty analyses further demonstrate that the model has good predictive stability, but uncertainties remain in boundary conditions and regions of abrupt local response. The leave-one-simulation-condition-out validation shows that when a particular condition is completely unseen during training, the prediction error increases, but the model still maintains acceptable cross-condition predictive capability. Uncertainty analysis indicates that Point ensemble achieves the highest deterministic prediction accuracy, while the 95% prediction interval of Quantile GBRT covers 91.02% of the validation samples, suggesting that introducing prediction intervals under small-sample conditions helps avoid overly optimistic interpretations of model outputs. In contrast, although Bootstrap ensemble maintains high point prediction accuracy, its prediction interval coverage is only 35.94%, indicating that relying solely on the dispersion of resampled models may underestimate prediction uncertainty.




	(3)

	
Feature correlation analysis, SHAP attribution, and group permutation importance analysis collectively show that the natural fracture angle is the dominant factor influencing fracture asymmetry prediction, and the interaction between well spacing and the natural fracture angle also has a significant effect. The natural fracture angle mainly controls the intersection, deflection, and propagation path of hydraulic fractures relative to pre-existing weak planes; well spacing, by altering the stress shadow intensity between adjacent well fractures, modulates the local stress environment under which the natural-fracture-guided effect operates. In contrast, the influence of injection rate and its associated interaction terms is relatively weak, indicating that within the current parameter range, the asymmetric fracture response is jointly controlled by geological structural constraints and inter-well mechanical interference.









This study still has certain limitations. The current model is based on a limited number of numerical simulation samples; data augmentation only densifies the training space in the neighborhood of the original sample distribution and does not generate new geological information or field observations. Therefore, the model is more suitable for scheme comparison within the ranges of well spacing, injection rate, and natural fracture angle defined in this paper. For conditions significantly outside the coverage of the original samples, its predictions should be interpreted cautiously in conjunction with physical simulations and engineering experience. Future research should further expand the numerical sample size, introduce more controlling factors such as in situ stress difference, natural fracture density, reservoir heterogeneity, and treatment schedule, and calibrate the model with field data, including microseismic monitoring, offset well pressure responses, tracer and production performance data.
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Appendix A


Table A1 presents the complete data corresponding to Table 3 above.





 





Table A1. Numerical simulation design.






Table A1. Numerical simulation design.





	Scheme
	Well Spacing/m
	Injection Flow Rate/(m3/min)
	Natural Fracture Angle/°





	1
	200
	5
	50



	2
	200
	10
	50



	3
	200
	15
	50



	4
	200
	20
	50



	5
	250
	5
	50



	6
	250
	10
	50



	7
	200
	15
	90



	8
	200
	5
	50



	9
	250
	10
	50



	10
	250
	15
	50



	11
	250
	20
	50



	12
	250
	15
	30



	13
	250
	15
	45



	14
	250
	15
	90



	15
	250
	5
	50



	16
	300
	10
	50



	17
	300
	15
	50



	18
	300
	20
	50



	19
	300
	15
	30



	20
	300
	15
	45



	21
	300
	15
	90



	22
	300
	5
	50



	23
	350
	10
	50



	24
	350
	15
	50



	25
	350
	20
	50



	26
	350
	15
	30



	27
	350
	15
	45



	28
	350
	15
	90



	29
	350
	5
	50



	30
	400
	10
	50



	31
	400
	15
	50



	32
	400
	20
	50



	33
	400
	15
	30



	34
	400
	15
	45



	35
	400
	15
	90



	36
	400
	5
	50



	37
	450
	10
	50



	38
	450
	15
	50



	39
	450
	20
	50



	40
	450
	15
	30



	41
	450
	15
	45



	42
	450
	15
	90



	43
	450
	5
	50



	44
	500
	10
	50



	45
	500
	15
	50



	46
	500
	20
	50



	47
	500
	15
	30



	48
	500
	15
	45



	49
	500
	15
	90



	50
	500
	5
	50



	51
	550
	10
	50



	52
	550
	15
	50



	53
	550
	20
	50



	54
	550
	15
	30



	55
	550
	15
	45



	56
	550
	15
	90



	57
	500
	9
	55
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Figure 1. Workflow of the proposed study. 
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Figure 2. Hydraulic fracturing model: (a) schematic of the wells and natural fracture (NF) distribution; (b) simulated hydraulic fracture geometry. 
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Figure 3. Flowchart of the data augmentation procedure. 
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Figure 4. Machine-learning model performance: (a) measured versus predicted values for the test set; (b) test-set residuals. 
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Figure 5. Summary plot of predicted versus actual values for different models. (a) Ensemble, (b) GBRT, (c) ElasticNet, (d) GPR, (e) Lasso, (f) LightGBM, (g) Linear + interactions, (h) Linear, (i) RF, (j) Ridge, (k) SVR, (l) XGBoost. 
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Figure 6. Actual and predicted fracture-asymmetry indices with the 95% prediction interval obtained by Quantile GBRT. 
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Figure 7. Correlation analysis of original input variables. (a) Pearson correlation; (b) Spearman rank correlation. 
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Figure 8. Variance inflation factor (VIF) results for the original input variables. 






Figure 8. Variance inflation factor (VIF) results for the original input variables.



[image: Processes 14 01900 g008]







[image: Processes 14 01900 g009] 





Figure 9. Correlation diagnostics of second-order interaction features. (a) Pearson correlation of interaction features (b) Spearman correlation of interaction features. 
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Figure 10. SHAP-based global feature importance ranking for fracture-asymmetry prediction. 
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Figure 11. SHAP summary plot of input features for fracture-asymmetry index prediction. 
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Figure 12. Bootstrap mean absolute SHAP values with 95% confidence intervals. 
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Figure 13. Bootstrap grouped permutation importance of original input variables. 
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Table 1. Measured basic model parameters.






Table 1. Measured basic model parameters.





	Reservoir
	True Vertical Depth (TVD)/m
	Reservoir Thickness/m
	Porosity (%)
	Permeability/(mD)
	Minimum Horizontal Principal Stress/MPa
	Maximum Horizontal Principal Stress/MPa
	Vertical Stress/MPa





	Upper caprock
	4930
	30
	6
	0.1
	88.5
	98
	115



	Target reservoir
	4960
	80
	3
	0.1
	89.42
	98.92
	116.617



	Lower caprock
	5040
	30
	6
	0.1
	90.341
	99.841
	118.235










 





Table 2. Natural fracture parameters.






Table 2. Natural fracture parameters.





	Property
	Length (m)
	Azimuth (deg)
	Spacing (m)





	Average Value
	40
	50
	10



	Standard Deviation
	20
	20
	5










 





Table 3. Simplified numerical simulation design.
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	Scheme
	Well Spacing/m
	Injection Flow Rate/(m3/min)
	Natural Fracture Angle/°





	1
	200
	5
	50



	2
	200
	10
	50



	3
	200
	15
	50



	4
	200
	20
	50



	5
	250
	5
	50



	6
	250
	10
	50



	…
	…
	…
	…



	56
	550
	15
	45



	57
	550
	15
	90










 





Table 4. List of input features for SHAP analysis.






Table 4. List of input features for SHAP analysis.





	Serial Number
	Feature
	Unit
	Description





	1
	Natural fracture angle
	°
	Angle between the natural fractures and the direction of maximum principal stress, affecting hydraulic-fracture propagation path and morphology.



	2
	Well spacing × natural fracture angle
	Dimensionless
	Interaction term reflecting the combined effect of well spacing and natural fracture orientation on inter-well interference and fracture propagation.



	3
	Well spacing × discharge rate
	Dimensionless
	Interaction term reflecting the combined effect of well layout and injection rate on reservoir stimulation and inter-well interference.



	4
	Well spacing
	m
	Distance between the centers of adjacent horizontal wells. This parameter controls interference intensity and production efficiency and is central to well-pattern optimization.



	5
	Discharge rate
	m3/min
	Instantaneous fracturing-fluid injection rate, which controls the scale and conductivity of hydraulic fractures and therefore influences stimulation effectiveness.



	6
	Discharge rate × natural fracture angle
	Dimensionless
	Interaction term reflecting the combined effect of injection rate and natural fracture orientation on hydraulic-fracture morphology.










 





Table 5. Performance comparison of different regression models for fracture-asymmetry prediction.
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	Model
	R2
	RMSE
	NRMSE
	MAE





	Ensemble model
	0.874
	0.0079
	0.0508
	0.0044



	GBRT
	0.866
	0.0082
	0.0524
	0.0037



	GPR
	0.842
	0.0089
	0.0570
	0.0044



	RF
	0.821
	0.0094
	0.0606
	0.0064



	SVR-RBF
	0.780
	0.0105
	0.0672
	0.0085



	LightGBM
	0.722
	0.0117
	0.0755
	0.0079



	XGBoost
	0.738
	0.0114
	0.0733
	0.0066



	LR+ interactions
	0.446
	0.0166
	0.1066
	0.0124



	Ridge
	0.437
	0.0167
	0.1074
	0.0124



	Elastic Net
	0.429
	0.0168
	0.1081
	0.0122



	Lasso
	0.429
	0.0168
	0.1082
	0.0122



	LR-no interactions
	0.421
	0.0169
	0.1089
	0.0127










 





Table 6. Statistical summary of model performance over 50 repeated runs.
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	Metric
	N
	Mean
	Std
	95% CI





	R2
	50
	0.8484
	0.1075
	0.8179–0.8790



	NRMSE
	50
	0.0687
	0.0285
	0.0606–0.0768



	RMSE
	50
	0.0079
	0.0027
	0.0072–0.0087



	MAE
	50
	0.0043
	0.0013
	0.0040–0.0047










 





Table 7. Repeated-validation comparison between original-data regularization controls and the augmented interaction model.
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	Case
	Method
	R2 Mean 95% CI
	RMSE Mean 95% CI
	NRMSE Mean 95% CI
	MAE Mean 95% CI





	A
	Original data
	0.6125 (0.5748–0.6502)
	0.0186 (0.0174–0.0198)
	0.1617 (0.1513–0.1722)
	0.0142 (0.0132–0.0152)



	B1
	Original data + RidgeCV
	0.6782 (0.6454–0.7110)
	0.0168 (0.0157–0.0179)
	0.1461 (0.1365–0.1557)
	0.0125 (0.0116–0.0134)



	B2
	Original data + LassoCV
	0.6416 (0.6069–0.6763)
	0.0175 (0.0163–0.0187)
	0.1522 (0.1417–0.1626)
	0.0132 (0.0122–0.0142)



	B3
	Original data + ElasticNetCV
	0.6539 (0.6202–0.6876)
	0.0172 (0.0160–0.0184)
	0.1496 (0.1391–0.1600)
	0.0129 (0.0119–0.0139)



	E
	Ensemble model
	0.8484 (0.8179–0.8790)
	0.0079 (0.0072–0.0087)
	0.0687 (0.0606–0.0768)
	0.0043 (0.0040–0.0047)










 





Table 8. Leave-one-simulation-out validation performance of individual base learners and the ensemble model.
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	Model
	      R   2      
	RMSE
	NRMSE
	MAE





	GBRT
	0.52
	0.0152
	0.1322
	0.0108



	RF
	0.55
	0.0148
	0.1287
	0.0105



	Ridge
	0.47
	0.0158
	0.1374
	0.0112



	Ensemble
	0.58
	0.0142
	0.1235
	0.01










 





Table 9. Comparison of point prediction and prediction-interval performance.
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	Method
	R2
	RMSE
	NRMSE
	MAE
	95%PI Coverage
	Mean PI Width
	PINAW





	Point ensemble
	0.8637
	0.0082
	0.0528
	0.0058
	—
	—
	—



	Quantile GBRT 95% PI
	0.6168
	0.0138
	0.0886
	0.0078
	0.9102
	0.0515
	0.3306



	Bootstrap ensemble 95% PI
	0.8290
	0.0092
	0.0592
	0.0064
	0.3594
	0.0123
	0.0792
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