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Abstract

Shale gas reservoirs are currently a focus in exploration and development in China. How-
ever, they exhibit pronounced vertical heterogeneity, are influenced by numerous geological
and engineering parameters, and present significant challenges for “sweet spot” identifica-
tion. Traditional sweet spot identification methods mainly rely on geologists’ experience
and judgment regarding individual influencing parameters, which inevitably introduces
subjectivity and uncertainty. The rapid development of artificial intelligence technology
offers an opportunity to address this issue. This study adopts a geology–engineering
integration approach and, based on data integration and a multi-algorithm prediction en-
semble model with deep learning, proposes a predictive model built on actual data from the
Nanchuan Block of the Sichuan Basin. The model integrates the Tetrahedral Topology Opti-
mization (TBO) algorithm, Extreme Gradient Boosting (XGBoost), and Geological Attribute
Feature Mapping (GAFM), aiming to improve the accuracy of shale gas reservoir sweet spot
identification more effectively. The results show that sweet spots are jointly influenced by
geological, rock-mechanical, and hydraulic fracturing parameters. The primary reservoir
property factors controlling post-fracture productivity include TOC, permeability, porosity,
and gas saturation, while the main rock-mechanical controlling factors are Poisson’s ratio,
Young’s modulus, brittleness index, and Bursting Pressure. Based on the analysis of these
productivity-controlling factors, the proposed integrated AI learning model achieved a
sweet spot identification accuracy of 88.5%, enabling precise identification of single-well
sweet spot distribution.

Keywords: shale gas reservoir; geological-engineering sweet spot; Tetrahedral Topology
Optimization (TBO) algorithm; Extreme Gradient Boosting (XGBoost); Geological Attribute
Feature Mapping (GAFM) method

1. Introduction
With the ongoing development and utilization of oil and gas resources, the strategic

importance of shale gas in China has been further enhanced. To date, shale gas reservoirs
with considerable resource potential have been discovered in the Sichuan, Ordos, and
Songliao Basins [1]. In particular, mature shale gas development has been achieved in the
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Nanchuan, Fuling, Weiyuan, and Changning areas of the Sichuan Basin, demonstrating
substantial development potential. However, as shale gas exploitation progresses, the dis-
tribution of favorable shale reservoirs (“sweet spot”), in addition to the intrinsic properties
of shale, has become a critical factor constraining further exploration and development [2].
This highlights the urgent need to improve the accuracy of ”sweet spot” identification to
better guide subsequent exploration and production.

Previous studies on shale gas “sweet spot” identification have primarily focused
on geological and geophysical parameters such as porosity and permeability, as well as
engineering parameters such as brittleness index, establishing different criteria to delineate
potential ”sweet spot” regions [3]. Nevertheless, since single-parameter analysis cannot
fully determine sweet spot locations and nonlinear correlations often exist between multiple
parameters and actual sweet spot, traditional approaches fail to account for the combined
influence of multiple factors on sweet spot distribution.

With the advancement of artificial intelligence, machine learning has been increasingly
applied in oil and gas exploration and development [4–11]. Machine learning algorithms
demonstrate strong performance in large-scale datasets and enable the analysis of com-
plex nonlinear correlations among multi-dimensional parameters, thereby overcoming the
limitations of traditional methods. For instance, algorithms such as Random Forest [12]
and Support Vector Machine [6] have been employed to analyze favorable reservoir distri-
butions in practical fields, while deep learning approaches such as Convolutional Neural
Networks (CNN) have been successfully applied to image recognition and further utilized
for sweet spot characterization, improving the accuracy of sweet spot identification [13–17].

Although machine learning algorithms have shown significant advantages in shale
gas development, the strong heterogeneity of shale gas reservoirs and uncertainties in data
quality limit the training and predictive accuracy of single models. To enhance prediction
reliability, machine learning models based on multi-source data fusion have emerged as a
research hotspot.

Against this background, this study proposes an integrated model based on Tetrahe-
dral Topology Optimization (TBO), Extreme Gradient Boosting (XGBoost), and Geological
Attribute Feature Mapping (GAFM), aiming to achieve accurate sweet spot identification in
the Nanchuan Block of the Sichuan Basin. By jointly analyzing geological, geophysical, and
engineering sweet spot parameters through a multi-algorithm ensemble learning frame-
work, the model provides a robust scientific basis for guiding further shale gas exploration
and development.

2. Geological Setting
The Nanchuan area is located at the southeastern margin of the Sichuan Basin, within

the southern part of the eastern Sichuan fold belt, belonging to the basin-margin structural
deformation zone [18]. The fold structures in the region are predominantly NE-trending,
characterized by broad anticlines and narrow synclines, accompanied by the develop-
ment of thrust faults, with locally observed fault-related folds (Figure 1). The study area
has undergone two main deformation stages: early extension and late-stage compres-
sion. The extensional phase provided favorable accommodation space for sedimentation,
whereas subsequent compressional tectonics resulted in widespread folding and thrust
faulting. Fractures are mainly composed of tensile and shear fractures, with partial cal-
cite filling. Moderately developed fractures improve reservoir porosity and permeability,
while excessive fracturing may compromise reservoir preservation conditions. Sweet
spots are generally distributed in structurally stable and well-sealed areas with moderate
fracture development.
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Figure 1. Structural Bottom Boundary and Stratigraphic Column of the Target Layer of the
Wufeng Formation in the Nanchuan Area. Red represents structural highs, and blue represents
structural lows.

The target strata of the study area are the Upper Ordovician Wufeng Formation–Lower
Silurian Longmaxi Formation, overlain by the Hanjiadian Formation of the Silurian. The
thickness of the Longmaxi Formation ranges from 20 to 80 m (data source: well logs),
with the lower part dominated by organic-rich black shale, which accounts for more than
50% of the total thickness and represents high-quality source rock [19]. Upsection, the
succession gradually transitions into silty mudstone and argillaceous siltstone, with a
corresponding decline in hydrocarbon generation potential. The Wufeng–Longmaxi shales
are mainly dark gray to black mudstone shales, locally interbedded with silty shale. The
mineralogy is dominated by quartz, feldspar, and illite, with a generally high quartz content
(data source: XRD analyses). The abundance of brittle minerals is favorable for hydraulic
fracturing. The total organic carbon (TOC) content is generally 2–6%, locally exceeding
8% (data source: core analysis). Overall, the depositional environment corresponds to a
semi-deep to deep-water shelf under an anoxic, low-energy setting, conducive to organic
matter enrichment and preservation [20–25]. The vertical depositional succession exhibits
a shallowing-upward cycle from organic-rich shale to silty mudstone, indicating a gradual
reduction in water depth and hydrocarbon generation potential

Shale gas occurrence in the study area is characterized by the coexistence of adsorbed
and free gas, indicating significant resource potential [26]. In 2017, the deployment of
the SY1HF well in a favorable anticline target achieved a daily gas production rate of
1.44 × 105 m3 with a pressure coefficient of 1.3, marking a major breakthrough in shale gas
exploration in the Dongsheng area. Several appraisal wells drilled within the block have
also yielded industrial gas flows.

With the advancement of shale gas development in the Nanchuan Block, strong
reservoir heterogeneity has increasingly constrained production performance [27,28]. The
distribution of sweet spots is jointly controlled by organic matter abundance, brittle mineral
content, fracture development, and preservation conditions [29–32]. Therefore, under such
complex geological conditions, accurate delineation of sweet spot zones is essential to
improving resource evaluation accuracy and development efficiency, underscoring the
urgent need for sweet spot identification and quantitative prediction studies.
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3. Research Data and Methods
3.1. Data Source and Processing

In this study, the sweet spots of the Wufeng–Longmaxi Formation were classified into
four categories based on production capacity: Type I, with an initial daily gas production
greater than 80,000 m3/d; Type II, with 30,000–80,000 m3/d; Type III, with 20,000–30,000 m3/d;
and Type IV, with less than 20,000 m3/d. To construct and validate the model, the study
collected data from 17 core wells in the Nanchuan area. The data sources include nine features,
covering aspects such as organic matter quality, reservoir quality, and completion quality.
The data were divided into training and testing sets using stratified random sampling, with
a ratio of 7:3. All raw data were cleaned and standardized before modeling. The specific
experimental design and data processing workflow are shown in Table 1.

Table 1. Summary of data sources and feature categories used for model construction.

Category Details

Data Source 17 core wells in the Nanchuan area

Sample Size 1830 samples constructed from 9 features across three categories

Features

1. Organic Matter Quality (TOC, Total Gas Content)
2. Reservoir Quality (Porosity, Gas Saturation)

3. Completion Quality (Poisson’s Ratio, Young’s Modulus, Brittleness
Index, Vertical Stress, Fracture Pressure)

Methodology Stratified random sampling (1281 training samples,
549 testing samples)

Data Preprocessing Data cleaning and standardization prior to model construction

3.2. ”Sweet Spot” Identification Model Based on TBO-XGBoost-GAFM

To identify the geological and engineering parameters with the most significant impact
on production, feature importance scoring was first employed to select key parameters.
Based on these features, this study integrates the Tetrahedral Topology Optimization (TBO)
algorithm, the Extreme Gradient Boosting (XGBoost) model, and Geological Attribute Fea-
ture Mapping (GAFM) for accurate sweet spot prediction (Figure 2). During model training,
the dataset was split into training and testing subsets at a 7:3 ratio, and hyperparameters
were tuned through cross-validation. Model performance was evaluated using accuracy,
recall, and F1-score to comprehensively validate the effectiveness of the proposed method.

Figure 2. Workflow of feature extraction, feature enhancement (GAFM), TBO optimization, and
XGBoost-based sweet spot classification.

The TBO–XGBoost–GAFM framework was selected due to the complementary strengths
of its components. TBO provides efficient global–local search to optimize XGBoost hyperpa-
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rameters, XGBoost offers robust nonlinear modeling suitable for noisy and heterogeneous geo-
logical datasets, and GAFM incorporates geological prior knowledge to enhance feature repre-
sentation. Preliminary comparisons with commonly used optimization methods—including
Particle Swarm Optimization (PSO), Genetic Algorithms (GA), Grid Search, and Bayesian
Optimization—indicated that this integrated framework achieves more stable convergence
and better generalization on noisy geological–engineering data, making it well suited for
capturing the multi-scale, nonlinear characteristics of shale gas reservoirs.

3.2.1. Tetrahedron Topology Optimization (TBO)

The tetrahedron, owing to its stability and space-filling properties, represents the most
fundamental rigid structure in three-dimensional space. Inspired by these characteristics,
the Tetrahedron Topology Optimization (TBO) algorithm abstracts complex optimization
problems into the construction and evolution of tetrahedral units in a high-dimensional
search space. The algorithm employs an iterative mechanism of “unit construction–
information exchange–progressive optimization” to balance global exploration and local
exploitation, thereby enhancing the overall search performance. In TBO, each topological
unit is composed of four vertices, with each vertex representing a candidate set of hyper-
parameters. As iterations proceed, these units are continuously reorganized and updated
within the high-dimensional space, progressively approaching the optimal solution region.

The optimization process of TBO integrates two core strategies: global aggregation and
local aggregation. Global aggregation aims to maintain population diversity and conduct
breadth-first searches, preventing premature convergence to local optima. This strategy
selects the best-performing individuals from different units and generates new candidates
through crossover and mutation. The new candidates are then compared with existing unit
members, and superior individuals replace weaker ones, thereby updating the unit. Such
cross-unit information exchange ensures continuous exploration of uncharted regions in the
search space (Figure 3a). In contrast, local aggregation complements global aggregation by
focusing on intensive exploitation of promising regions to improve convergence accuracy.
This strategy identifies the best individual within a unit as the local search center and
generates neighboring candidates by applying small perturbations. If a new solution
outperforms the current best, it replaces the original individual as the new reference point.
The process iterates within the unit until no further improvement is possible, thus ensuring
fine-grained optimization in key regions and avoiding suboptimal solutions (Figure 3b).

Figure 3. Iterative update process of local aggregation information. (a) Global Aggregation. (b) Local
Aggregation.
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In this study, the TBO algorithm is specifically applied to optimize the critical hyper-
parameters of the XGBoost model, including learning rate, tree depth, and subsample ratio.
The algorithm first employs global aggregation to conduct a broad search, rapidly locating
potential optimal parameter regions. Subsequently, local aggregation refines parameter
values within these regions. This dual strategy significantly improves search efficiency,
yielding high-quality parameter combinations, thereby enhancing the generalization ability
and stability of the model and providing a reliable foundation for sweet spot identification.

3.2.2. XGBoost Model

In this study, the XGBoost (Extreme Gradient Boosting) model was employed to
predict sweet spots. This algorithm is built upon gradient boosting decision trees (GBDT)
and iteratively trains a series of decision trees to fit the residuals of the model, combining
them into a strong learner to achieve accurate predictions. Compared with traditional
gradient boosting algorithms, XGBoost leverages second-order derivative information to
accelerate convergence, while also handling sparse data, thereby enhancing model stability
and generalization. XGBoost represents the prediction process using an additive model:

y(t)i = y(t−1)
i + ft(xi) (1)

Here, y(t)i denotes the prediction of the t-th tree for sample i, and ft(xi) represents the
base learner (decision tree). The objective function of the t-th tree is defined as:

Obj(t)(θ) =
n

∑
i=1

l
(

yi, y(t−1)
i + ft(xi)

)
+ Ω( ft) + constant (2)

Here, Obj(t)(θ) denotes the objective function to be minimized at iteration t; yi is the
true value of sample i; y(t−1)

i and ft(xi) are the previous prediction and the current tree’s
output, respectively; n is the total number of samples; l( ) denotes the differentiable loss
function that measures the difference between the predicted and true values; Ω( ft) is the
regularization term that penalizes model complexity and prevents overfitting; and constant
refers to terms independent of ft that do not affect optimization. In regression tasks, the
loss function is commonly expressed as the mean squared error (MSE):

L(y, ŷ) =
1
n

n

∑
i=1

(yi − ŷi)
2 (3)

Here, L(y, ŷ) denotes the overall loss value; yi and ŷi represent the true and predicted
values of sample i, respectively; and n is the number of samples in the dataset.

XGBoost optimizes the objective function via gradient descent and employs a greedy
strategy based on information gain or the Gini index to identify optimal split points. Build-
ing on gradient boosting trees, the algorithm performs a second-order Taylor expansion
of the loss function, improving both optimization accuracy and computational efficiency.
Model complexity is incorporated into the regularization term to prevent overfitting; miss-
ing values are handled automatically by selecting the split direction that maximizes gain;
and the use of a block-based storage structure enables parallel computation, significantly
accelerating training.

Within the framework of this study, to ensure optimal performance of the XGBoost
model, its key hyperparameters were adaptively optimized using the TBO algorithm de-
scribed in the previous section. The training set was used to fit the model, while the test set
was employed to validate performance, ensuring generalization to unseen data. Feature
importance scores were further utilized to identify the parameters with the greatest impact
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on productivity, guiding both the training process and interpretation of model outputs.
Through this approach, the XGBoost model can efficiently capture the complex nonlinear
relationships between geological and engineering features and productivity, maintaining
stable and accurate performance in single-well sweet spot prediction. Moreover, this mod-
eling framework provides a solid foundation for multivariate optimization integrating TBO
and GAFM, making the sweet spot identification process more efficient and interpretable.

3.2.3. Model Geological Attribute Feature Mapping and Enhancement (GAFM)

To deeply explore the complex nonlinear relationships between raw geological and
engineering parameters and shale gas productivity, this study introduces the Geological
Attribute Feature Mapping and Enhancement (GAFM) method. Based on principles of
geophysics and rock mechanics, this approach systematically combines and transforms
independent raw inputs into an enhanced feature set that is more indicative for sweet
spot identification. By making hidden nonlinear relationships explicit and improving the
informational quality of model input features, GAFM fundamentally enhances both the
predictive accuracy of the XGBoost model and the geological interpretability of the results
(Figure 4).

Figure 4. Framework for constructing XGBoost input features based on GAFM.

During the feature preprocessing stage, raw parameters such as porosity, gas satura-
tion, total gas content, and TOC were normalized to eliminate dimensional differences and
reduce the influence of extreme values, ensuring that different features remain comparable
in subsequent mappings. Guided by geological and engineering knowledge, individual
features were further transformed into composite features to reveal potential coupling
relationships. In this study, three core composite indices were constructed. The Reservoir
Gas Content Index (G) integrates total organic carbon, porosity, and gas saturation through
the formula G = TOC × POR × Sg, providing a comprehensive evaluation of the shale
reservoir’s hydrocarbon generation potential, storage space, and gas content. The Rock
Fracturability Index (E) is calculated as E = BI × YM, combining the brittleness index and
Young’s modulus to reflect the rock’s stiffness and brittleness, which is a key factor in
assessing whether the reservoir can form a complex and effective fracture network under
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hydraulic fracturing. The Geostress Condition Index (F) is defined as F = Pf /σv, relating
the fracture pressure to the vertical stress to indicate the difficulty of initiating fractures in
the reservoir, making it a critical parameter for evaluating engineering sweet spots.

After completing the feature mapping, the study further applied nonlinear trans-
formations and weighted combinations to enhance the expressive power of the model.
The Reservoir Gas Content Index (G) was transformed through squaring or square-root
operations to generate derived features (G’), which increase differentiation in the low-value
range. The Rock Fracturability Index (E) was further adjusted through weighting to obtain
E′. The weights were derived from correlation analysis between each parameter and the
measured productivity, followed by min–max normalization to ensure consistency across
features. The Geostress Condition Index (F) was subjected to square-root or logarithmic
transformations to generate F’, mitigating the influence of extreme values and enhancing
interval differentiation. These derived features, together with the original features, were
used as inputs to the model, significantly improving XGBoost’s ability to capture nonlinear
relationships.

In summary, GAFM converts raw geological and engineering features into input
variables that are physically meaningful and computationally more discriminative through
normalization, mapping, and enhancement. This approach not only improves the accuracy
and stability of single-well sweet spot prediction but also strengthens the interpretability of
feature importance analysis, providing a reliable theoretical basis for reservoir evaluation
and development decision-making.

4. Geological–Engineering Sweet Spot Identification Case Study
4.1. Analysis of Key Controlling Factors for Sweet Spots

This study takes the Nanchuan block at the southeastern margin of the Sichuan Basin
as an example to analyze the controlling factors of productivity in the Wufeng–Longmaxi
shale gas reservoirs. First, the raw data were strictly preprocessed, including handling of
missing values and feature normalization, to ensure data quality and eliminate dimensional
differences. Only nine geological and engineering features were used in this study because
they were consistently available across all 17 core wells and have been demonstrated to
have the strongest control on post-fracturing productivity. Other potential features, such as
pore pressure, historical fracture data, or completion-specific operational parameters, were
either unavailable, incomplete, or inconsistent, making them unsuitable for model training.
Derived features from GAFM were then generated to fully exploit interactions among the
original features.

The importance of these nine features was evaluated based on Kendall correlation
analysis (Figure 5). The results indicate that TOC, total gas content, porosity, and gas
saturation are the primary controlling factors of post-fracturing productivity, while rock
mechanical parameters such as Poisson’s ratio, Young’s modulus, brittleness index, ver-
tical stress, and fracture pressure also significantly influence productivity, reflecting the
reservoir’s response characteristics to fracture propagation.

To further identify the subset of features that most significantly influence productivity,
this study employed the Tetrahedral Topology Optimization (TBO) algorithm. In this
approach, the original key features are mapped into a high-dimensional parameter space.
By constructing tetrahedral topological units and performing both global and local searches,
the algorithm can evaluate the contribution of different feature combinations to sweet
spot productivity and optimize XGBoost hyperparameters—including learning rate, tree
depth, and subsample ratio—to enhance model performance and generalization. The
results indicate that a feature subset consisting of TOC, total gas content, porosity, gas
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saturation, Poisson’s ratio, and Young’s modulus serves as the core parameters for sweet
spot identification.

Figure 5. Importance Analysis of Primary Controlling Factors of Productivity.

After selecting the core features, they were input into the XGBoost model for training.
XGBoost iteratively trains decision trees and combines them into a strong learner, capturing
the complex nonlinear relationships between geological and engineering parameters and
productivity. To further improve the model’s expressive capability, this study incorporated
Geological Attribute Feature Mapping (GAFM), which applies nonlinear transformations
and weighted combinations to the original features. This process generates derived fea-
tures such as the Reservoir Gas Content Index, Rock Fracturability Index, and Geostress
Condition Index, allowing the model to more fully explore potential couplings among
features and thereby improve the accuracy of sweet spot identification.

4.2. Hyperparameter Setting of the TBO-XGBoost-GAFM Model

To fully leverage the predictive capability of the TBO-XGBoost-GAFM model, care-
ful tuning of its hyperparameters is essential. The choice of hyperparameters directly
affects the model’s learning efficiency, fitting accuracy, and generalization ability. This
study focuses on optimizing three key XGBoost hyperparameters: the learning rate (“learn-
ing_rate”), which controls the step size of each iteration and balances convergence speed
and stability; the maximum tree depth (“max_depth”), which limits the growth of in-
dividual trees to prevent overfitting while maintaining the ability to capture complex
nonlinear relationships; and the subsample ratio (“subsample”), which trains each tree
on a subset of samples to improve robustness against outliers and noise. To efficiently
determine the optimal parameter combination, the Tetrahedral Boundary Optimization
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(TBO) algorithm was applied to intelligently search the hyperparameter space. During
hyperparameter optimization, 5-fold cross-validation was used to robustly evaluate each
candidate set. The training data were split into 5 folds, with 4 folds for training and 1 for
validation, repeated 5 times. The optimized configuration achieved an average F1-score
of 0.873 ± 0.02, indicating stable performance. To improve efficiency, a high-dimensional
search with local fine-tuning was performed by integrating TBO and grid search, ensuring
both global exploration and precise identification of optimal regions. Sensitivity analysis,
conducted by slightly perturbing hyperparameters (learning_rate ±0.01, max_depth ±1,
subsample ±0.1), showed minimal performance variation, confirming robustness.

Through this systematic hyperparameter optimization process, the model fully ex-
ploited the feature representations enhanced by TBO and GAFM, achieving high-accuracy
and robust sweet spot prediction. The optimal parameter configuration was determined
as follows: “learning_rate” = 0.05, “max_depth” = 7, and “subsample” = 0.8. Under this
configuration, the model’s performance on the test set was significantly superior to that
of the unoptimized model. In the initial model, the training loss continuously decreased,
while the validation loss initially declined but then plateaued or fluctuated, revealing a
noticeable gap between the two (Figure 6a). This indicates overfitting in the initial model,
which, although performing well on the training data, exhibited limited generalization. In
contrast, the optimized model showed substantial improvement (Figure 6b). The training
and validation loss curves decreased synchronously and converged at a lower level, with
minimal gap between them.

 

Figure 6. Model loss curves under different hyperparameter configurations: (a) Initial model.
(b) Optimized model.

These results demonstrate that the optimized hyperparameter configuration effectively
mitigated overfitting and significantly enhanced the model’s generalization and stability.
By finely tuning the hyperparameters, the overall performance of the model was greatly
improved. The optimized model not only more effectively captures the complex nonlinear
relationships between geological, engineering features, and productivity but also produces
predictions that are more stable and reliable.

4.3. Model Performance Evaluation Metrics

To comprehensively evaluate the performance of the TBO-XGBoost-GAFM multi-
variable regression and prediction model, multiple metrics were employed to assess its
predictive accuracy and reliability, including accuracy, recall, precision, and F1 score.
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4.3.1. Accuracy

Accuracy measures the ratio of correctly predicted samples to the total number of
samples, providing an intuitive reflection of the model’s overall performance, especially
for classification tasks. It is expressed as:

A =
TP + TN

TP + TN + FP + FN
(4)

where A is accuracy, and TP denotes the number of correctly predicted positive samples, TN
the number of correctly predicted negative samples, FP the number of samples incorrectly
predicted as positive, and FN the number of samples incorrectly predicted as negative.

4.3.2. Recall

Recall evaluates the model’s ability to identify positive samples, i.e., the proportion of
actual positive samples that are correctly predicted as positive. It is calculated as:

R =
TP

TP + FN
(5)

where R denotes the recall.

4.3.3. Precision

Precision measures the proportion of correctly predicted positive samples among
all samples predicted as positive, focusing on prediction accuracy and emphasizing the
reduction in false positives. Its formula is:

P =
TP

TP + FP
(6)

where P represents the precision.

4.3.4. F1 Score

The F1 score represents the harmonic mean of precision and recall, providing a balance
between the two metrics. Its value ranges from 0 to 1, with values closer to 1 indicating
better model performance. A higher F1 value indicates more balanced predictive capability
between precision and recall. It is defined as:

F1 =
2 ∗ P ∗ R

P + R
(7)

4.4. Sweet Spot Identification Results

To systematically evaluate the effectiveness of the model, the TBO-XGBoost-GAFM
model was compared with a standard XGBoost baseline in the task of single-well sweet spot
identification (Figure 7). The TBO-XGBoost-GAFM model successfully predicted 486 out of
549 test samples, achieving an overall accuracy of 88.5%. In contrast, the XGBoost model
correctly predicted only 459 samples on the same dataset, with an accuracy of 83.7%. The
comparison demonstrates that combining TBO for hyperparameter optimization and incor-
porating GAFM for feature enhancement improves prediction accuracy by 4.8 percentage
points, validating the effectiveness of the optimization strategy and enabling the model to
achieve higher precision and stronger generalization in sweet spot identification.

Taking the low-production Well A and high-production Well B as examples, sweet spot
identification was performed using the proposed TBO-XGBoost-GAFM model. Well A has
manually identified sweet spot results. For the horizontal section of low-production Well A,
the actual sweet spot interval was 2120 m, while the model predicted 2140 m, resulting in
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an error of less than 3% (Figure 8). In Well A, the actual sweet spot classification shows that
Class III and IV sweet spots account for 55.98%, with the remaining reservoir accounting
for 45.02%, and a first-year daily production of 26,000 m3.

(a) (b) 

Figure 7. (a) TBO-XGBoost-GAFM model confusion matrix. (b) XGBoost model confusion matrix.
Along the main diagonal, darker blue indicates more correctly classified samples for each category,
while lighter blue indicates fewer. Note that total sample counts differ across categories.

Figure 8. Comparison between actual drilling and predicted sweet spots in horizontal well A.

For high-production Well B, Class I and II sweet spots account for 81.88%, and Class
III and IV sweet spots account for 18.11%, with a first-year daily production of 64,000 m3.
The algorithm’s predicted sweet spots correspond closely with actual production, demon-
strating the model’s accuracy and reliability in capturing productivity-related sweet spot
distributions (Figure 9).

Figure 9. Predicted sweet spot Map of Low-Productivity Well B.

4.5. Comparative Experimental Results

To comprehensively validate the effectiveness of the TBO-XGBoost-GAFM ensemble
model, a series of comparative experiments were conducted. First, the ensemble model was
compared against four benchmark models: CNN, BP neural network, SVM, and standard
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XGBoost. Second, to investigate the individual contributions of the GAFM feature enhance-
ment module and the TBO hyperparameter optimization algorithm, ablation experiments
were performed (Table 2). All models were evaluated on the same test set, using prediction
accuracy, recall, precision, and F1 score as the primary performance metrics.

Table 2. Performance Comparison of Different Models for sweet spot Recognition.

Model Accuracy
(%)

Recall
(%)

Precision
(%)

F1 Score
(%)

p-Value (vs. TBO-
XGBoost-GAFM)

Correctly
Predicted Samples

CNN 82.7 78.3 80.2 79.2 0.001 454

BP 83.1 77.8 81.1 79.4 0.002 456

SVM 69.4 74.5 73.6 74.0 <0.001 381

XGBoost 83.7 84.6 82.3 83.4 0.003 459

TBO-XGBoost 84.6 82.5 81.7 83.4 0.01 464

XGBoost-GAFM 85.2 83.6 86.6 85.1 0.03 468

TBO-XGBoost-GAFM 88.5 85.7 88.9 87.3 486

The proposed TBO-XGBoost-GAFM model demonstrated the best performance in
sweet spot identification. The model achieved an accuracy of 88.5% and an F1 score of
87.3%, correctly identifying 486 samples in total. Compared with the standard XGBoost
model (83.7%) and neural network models (CNN 82.7%, BP 83.1%), the proposed model
exhibited a significant performance advantage, which was even more pronounced relative
to the traditional SVM model (69.4%). Paired Student’s t-tests were performed on the
prediction errors between the TBO-XGBoost-GAFM model and other models, confirming
that all improvements were statistically significant (p < 0.05). This indicates that ensemble
learning methods are superior in capturing the complex nonlinear relationships between
geological features and productivity.

5. Discussion
In this study, the TBO-XGBoost-GAFM model demonstrated excellent predictive per-

formance, which can be attributed to its advanced structure combining ensemble learning
and optimization algorithms. In particular, the TBO algorithm effectively balances global
and local search, identifying optimal solutions across the entire parameter space. Moreover,
the stability and generalization capability of XGBoost enhance both the accuracy and ro-
bustness of predictions. In addition, the use of GAFM strengthens the mapping between
geological and engineering parameters, improving the model’s ability to discriminate
among different input information during prediction. This approach partially emulates the
decision-making process of experienced geoscientists, enhancing the model’s adaptability
to complex geological and engineering conditions.

Although the TBO-XGBoost-GAFM model performed well in the current study, its
performance may be constrained by data quality and quantity. Future work could further
improve generalization by incorporating higher-dimensional data and more sophisticated
geological models. Furthermore, considering the specific conditions and requirements
of different oil and gas fields, the adjustability and adaptability of the model represent
important directions for future enhancement. Future research may also involve applying
the model to other basins and integrating seismic or geochemical attributes to further
enhance its generalizability.

However, some limitations of the TBO-XGBoost-GAFM model should be acknowl-
edged. The model performance tends to decrease in regions with sparse or low-quality data,
where predictive uncertainty is higher. In geologically heterogeneous layers, prediction
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errors are larger due to complex nonlinear interactions that are not fully captured by the
current features. The model is also somewhat sensitive to extreme values or outliers, which
can affect training stability. In addition, the TBO hyperparameter optimization procedure
is computationally intensive, which may limit its efficiency for very large datasets. Fu-
ture improvements could involve incorporating additional geological constraints, feature
engineering, or alternative machine learning algorithms to further enhance robustness
and adaptability.

6. Conclusions
This study demonstrates that reservoir parameters such as TOC, total gas content,

porosity, and gas saturation are the key geological factors influencing sweet spot identifica-
tion and play a dominant role in post-fracturing productivity.

A TBO-XGBoost-GAFM ensemble model was proposed, which effectively integrates
the advantages of each algorithm and significantly improves the accuracy of reservoir sweet
spot identification, achieving an overall accuracy of 88.5%. The comparison of predictions
between low- and high-production wells further validates the reliability of sweet spot
identification from a production perspective, providing a novel approach for future sweet
spot prediction.

Using the TBO-XGBoost-GAFM model, a comprehensive single-well geological–
engineering sweet spot identification considering multiple factors was realized. The model
was applied in the Nanchuan block to achieve precise single-well sweet spot predictions,
demonstrating its potential for practical applications in oil and gas exploration and devel-
opment. Future studies may extend the TBO-XGBoost-GAFM framework to multi-basin
datasets and integrate 3D seismic attributes for broader validation.
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