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Abstract 

To address the limitation of traditional machine learning models in explaining the rockburst intensity prediction process, this study 
proposes an interpretable rockburst intensity prediction model. The model was developed using 350 sets of actual rockburst sample data 
to explore the impact of input metrics on the final rockburst intensity level. The collected data underwent pre-processing using the iso-
lation forest algorithm and synthetic minority oversampling technique. The random forest model was optimized through 5-fold cross-
validation and the Optuna framework, resulting in the establishment of an Optuna-random forest (Op-RF) model that generates decision 
rules through its internal decision tree, utilizing the properties of the random forest model. The model was further interpreted using the
Shapley additive explanations algorithm, both locally and globally. The results demonstrate that the proposed model achieved an area
under curve score of 0.984. In comparison to eight other machine learning models, the proposed Op-RF model demonstrated superior
accuracy, precision, recall, and F1 score. The model provides a transparent explanation of the prediction process, linking impact char-
acteristics to the final output. Additionally, a cloud deployment method for the rockburst intensity prediction model is provided and its
effectiveness is demonstrated through engineering verification. The proposed model offers a new approach to the application of machine
learning in rockburst intensity prediction.

Keywords: Rockburst intensity; Isolation forest; Synthetic minority oversamp ling; Random forest; Interpretable model
1 Introduction 

Rockburst is a geological hazard resulting from the sud-
den release of elastic strain energy in deep underground 
rock, causing fragmentation and destabilization. In China, 
several incidents have been reported during the construc-
tion of deep tunnels, leading to significant safety and eco-
nomic concerns (Wang, 2021). Rockburst frequently 
poses big problems by threatening the safety of construc-
tion personnel, causing damage to construction equipment
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and infrastructure, resulting in significant economic losses, 
and disrupting the construction process. Thus, it is crucial 
to develop an effective rockburst prediction model for prac-
tical engineering applications.

Accurate and reliable rockburst hazard prediction can 
effectively mitigate and control the bumping, making it a 
research area of growing interest. Many scholars have 
explored and researched rockburst prediction methods uti-
lizing machine learning techniques, res ulting in a significant
body of research (Askaripour et al., 2 022). Various 
machine learning models, including support vector 
machine and random forest (RF), have shown promising 
results in rockburst prediction. For example, Zhou et a l.
(2016) found that random forest and gradient boosting per-
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form well in this context. In addition, some scholars have 
optimized the established models using optimization algo-
rithms or heuristics to improve the prediction accuracy of
rockburst. Kadkhodaei and Ghasemi (2022) introduced a 
semi-quantitative prediction framework for assessing rock-
burst risk, employing a logistic model tree in conjunction 
with a risk matrix. These researches have all contributed 
to the development of machine learning for rockburst pre-
diction. There are also some studies using machine learning
methods combined with uncertainty analysis models, such
as cloud model (Lin et al., 2018) and Monte Carlo sim ula-
tion (Kadkhodaei et al., 2022), to establish uncertainty 
assessment models of rockburst risk through the variability
of rockburst impact indicators.

To address imbalanced rockburst data, techniques like 
synthetic minority oversampling technique (SMOTE) have 
been applied to improve model performance, particularly
for minority classes (Papadopoulos & Benardos, 2021). 
Tang et al. (2021) compared five different oversampling 
methods combined with machine learning algorithms for 
rockburst intensity prediction, and found that the random 
oversampling method is more effective in improving the 
accuracy of the prediction model than other oversampling 
methods. Under-sampling involves the removal of select 
samples from predominant categories to equ alize their
quantity with those in underrepresented categories, and
several researchers have successfully devised high-
precision prediction models for addressing challenges by
integrating the under-sampling method with machine
learning (Zheng et al., 2022). 

Despite advances in machine learning, its impact on 
geotechnical engineering has been limited, with the com-
munity remaining skeptical of digital transformation. The 
‘‘black box” nature of machine learning models hinders 
their adoption in geotechnical engineering. While some 
machine learning models handle nonlinear relationships, 
their lack of transparency makes it difficult for engineers 
to identify key metrics influencing rockburst intensity. This 
is particu larly problematic for high-risk hazards like rock-
burst, where incorrect decisions can lead to severe injuries,
fatalities, and property damage. The opacity of models
impedes the wider adoption of machine learning techniques
in subsurface engineering, especially in crucial areas such as
risk prediction.

Machine learning interpretability has been widely stud-
ied, though its application in geotechnical engineering
remains limited (Phoon & Zhang, 2022). At present, pre-
liminary studies, such as those by Ghasemi et al. (2020), 
have explored model interpretability using decision trees 
to explain key factors influencing rockburst intensity, but 
the predictive performance of this model decreases for
more complex decision rules. Ribeiro et al. (2016) utilized 
the irrelevant local interpretable model-agnostic explana-
tions (LIME) by learning a specific input instance and 
the nearest neighbor inst ances of that instance, and then
training a linear regression model with interpretability to
fit the boundaries of the model to be interpreted, and 
finally interpreting the model based on the linear model.
Guidotti et al. (2018) proposed a local rule-based explana-
tions (LORE) model that can solve relational table data, 
where the model generates a simple interpretable model 
on the neighborhood of a given instance by a genetic algo-
rithm, based on which the model decision rules are derived.
Ribeiro et al. (2018) proposed a method (called 
ANCHORS) to approximate the local boundaries of the 
model to be interpreted using if-then rules, while eliminat-
ing the remaining irrelevant features of the instances, to 
communicate the model interpretation rules to the user 
with high fidelity. However, the explanatory methods, such 
as LIME, LORE, and ANCHORS, have some limitations 
in fitting the model to be explained. Simple models are usu-
ally linear models or rule-based models, which have limited 
expression ability and cannot capture complex patterns 
and nonl inear relationships, resulting in accuracy dropping
and thus cannot fully and accurately simulate the model to
be explained, which may not fully explain all the behaviors
and decisions of complex models. When approximating
complex models, model errors may be transmitted, result-
ing in inaccurate interpretation. Thanks to the excellent
performance, Shapley additive explanations (SHAP)
(Lundberg & Lee, 2017) have been applied to model inter-
pretation in geotechnical engineering (Bo et al., 202 2; Qi
et al., 2023). However, few studies have explored the rela-
tionship between model interpretability and the specific
parameters of feature values in individual rockburst cases.

Therefore, in order to facilitate the practical application 
of machine learning methods, it is necessary to explore a 
quantitative method that incorporates the effects of rock-
burst feature values. To solve the above problems, this
study developed the following method system.

2 Methodology 

This study employs the RF as the predictive model for 
rockburst intensity, with the optimization of its hyperpa-
rameters accomplished through the utilization of the 
Optuna framework. Additionally, the SHAP method is 
integrate d to explain the prediction process and assess the
influence of input features. This section serves to introduce
the proposed approach, as shown in Fig. 1. 

2.1 Random forest 

Random forest (Breiman, 200 1) is a machine learning 
technique that relies on multiple decision trees for training 
and predicting samples. Each decision tree serves as a clas-
sifier, and for a given input sample, N trees will produce N 

classification results. The RF method forms a strong clas-
sifier by aggregating results from multiple decision trees 
to improve classification performance, the final output is 
determined by the combined prediction results of all the
decision trees.
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Fig. 1. Methodology flowchart design.
2.2 Optuna 

Optuna (Akiba et al., 2019) is a hyperparameter opti-
mization framework that enhances search efficiency 
through dynamic parameter space construction and effi-
cient pruning. The process starts by defining the optimiza-
tion objective, parameter types, and value ranges. During 
iterations, parameter sets are evaluated, and suboptimal 
candidates are pruned early, allowing the search to focus
on more promising regions. The process continues until
the maximum number of iterations is reached, resulting
in the selection of optimal hyperparameters.

Optuna demonstrates stability by focusing the search 
efforts on regions with a higher probability of successful 
outcomes and simultaneously reducing the number of eval-
uations in regions with a low probability of success.

2.3 SHAP 

Lundberg and Lee (2017) introduced the concept of 
SHAP for explaining individual predictions of samples. 
SHAP is based on the Shapley value from combinatorial 
game theory, which addresses benefit allocation in multi-
player cooperative games. In the context of machine learn-
ing, SHAP explains the prediction results by quantifying 
the contribution of each feature to a specific sample x. 
The features of the data instances act as the players in 
the combination game. Given the j-th feature of the i-th
sample is xij, the predicted probability value of the model
for the k-th outcome of the i-th sample in the k classifica-
tion problem is yik, and the average predicted probability
of the k-th outcome of all training samples is ybase-k, the
SHAP value of xij can be represented by
yik ybase-k 

j 

1 
/j 1

As demonstrated by Eq. (1), the sum of the contribution 
values is equivalent to the final output. This explanatory 
method eliminates variations in explanations due to struc-
tural differences between individual models, by providing
an additive contribution of each feature to the final predic-
tion. The SHAP value of feature j is defined as/j 

/j z #Gleft j 

z G z 1 
G 

f k z f k z j

2

where G represents the original feature set, z any feature 
subset in G, Gleft{j} is a subset of all elements in the 
sequence before feature j (in contrast, since the model has 
the property that only a single ordering needs to be consid-
ered, the order of introduction of features is not required, 
i.e., Gleft{j} is replaced in this model by a subset of all ele-
ments in the sequence without feature j), f is the cumu-
lative contribution value o z , a f k z j is the
cumulative contribution value of the residual feature subset
except for feature j.

is 

k z 
f nd 
3 Development of interpretable Op-RF rockburst intensity 
prediction model 

3.1 Data acquisition and cleaning 

Key factors influencing rockburst intensity include the 
stress coefficient (SC h rc, brittleness coefficient (BC)

rt, and elastic deformation energy index (EE W et.
) r 

rc I)
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No. SC BC EEI Actual intensity level

1 0.53 15.04 9.00 2 
2 0.41 29.73 7.30 1 
3 0.38 17.55 9.00 1 

348 0.22 33.75 2.89 1 
349 0.17 19.69 2.81 1 
350 0.08 30.77 2.22 0 

Table 2 
Rockburst intensity database (partial data only, see supplementary
material for complete dataset).
The three parameters have been used in recent research 
studies as main factors in supervised learning methods
for predicting rockburst (Ahmad et al., 2021; Ghasemi
et al., 2020; Guo et al., 2022; Xie et al., 2020; Xue et al.,
2020). At the same time, since they are also accessible in 
the actual engineering, a sufficient number of data samples 
can be collected for model training. Therefore, we selected 
r h rc, rc rt, and W et as the indicators for rockburst. Com-
bining the previous studies (Afraei et al., 2019; Qiu &
Zhou, 2023), rockburst intensity is divided into four cate-
gories: none, light, mo derate, and strong, as described in
Table 1.

To facilitate the prediction results, each rockburst class 
is assigned a label (0, 1, 2, and 3) according to the intensity 
from low to high. In this study, a dataset of 350 real rock-
burst cases without duplicate samples was collected (see
Table 2), with 243 cases from Guo et al. (2022), 68 from
Ghasemi et al. (2020), 26 from Xie et al. (2020), 12 from
Xue et al. (2020), and 1 from Ahmad et al. (2021). The 
dataset, gathered from various global underground pro-
jects, comprising mines, large underground chambers, 
and transportation tunnels, etc., is used to train and test 
the machine learning model. The presence of uncertainties 
such as cognitive bias among statisticians may lead to sta-
tistical biases in some samples, resulting in outliers. Out-
liers can hinder the accuracy of machine learning
algorithms. Therefore, isolation forest was employed for
initial data screening as part of the preprocessing step.
3.1.1 Data outlier processing 
Isolation forest (Liu et al., 2012) is an unsupervised 

anomaly detection algorithm that partitions data recur-
sively, isolating outliers based on their unique characteris-
tics. Under the random partitioning strategy, the anomaly
score of each sample point is calculated by Eq. (3). Outliers 
are identified by their sparse distribution in the data space,
indicating a low probability of occurrence.
S g a 2 
E  l  g 
c a 3

where l  g is the expectation of the path length l from 
the root node to the external node g nd  c(a) the mean of 

given to normalize . The anomal y score, calculated
by the model, determines if a sample is an outlier, with S

near 1 indicating high anomaly.

E g 
,  a is 

l g l g 
Table 1 
Common classification for rockburst intensities.

Rockburst 
intensity 

Motion characteristics

None No rockburst activities
Light Rock deforms, cracks or spalls, but no ejection phenom
Moderate Rock deforms and fractures with a considerable amount

sudden destruction.
Strong Rock mass bursts severely and is thrown out or ejected
3.1.2 Data balancing based on SMOTE 

SMOTE generates synthetic samples to balance the 
dataset, reducing overfitting associated with simple over-
sampling. SMOTE generates new samples by interpolating 
between a minority class sample and its nearest neighbors,
balancing the dataset. c is created by combining existing
ones a with their neighbors b by Eq. (4), then balances 
the dataset.
c a rand 0 1 a b 4
3.1.3 Data cleaning and result of rockburst dataset 

Based on related literature (Aggarwal, 2017; Chen &
Wu, 2019), the parameters of the isolated forest algorithm 
are set within a certain reasonable range, which was config-
ured with 100 trees and 256 samples per tree. Normal sam-
ples are labeled as inlier while abnormal ones as outlier.
Figure 2 illustrates the detection of abnormal samples 
within the 350-group dataset utilizing isolation forest. Sam-
ples scoring below 0 were classified as abnormal, constitut-
ing 10% of the total, align ing with isolation forest’s criteria,
and normal samples were concentrated in regions with low
SC, BC, and EEI values.

Upon removal of anomalous samples, 315 sets of sam-
ples were retained, comprising 52 samples labeled as 0, 95 
as 1, 118 as 2, and 50 as 3 (see Fig. 3(a)). Due to the num-
ber of samples label 0 and label 3 is smaller than that of 
samples label 1 and label 2, the model has a reduced chance 
of learning about rockburst without bumping or strong 
bumping, and ultimately the combined predictive perfor-
mance will be lower. To balance the dataset, SMOTE gen-
erated additional samples, resulti ng in 472 datasets evenly
distributed across the four labels (see Fig. 3(b)), and statis-
tical information of the datasets is shown in Table 3.
Acoustic characteri stics

No sound 
enon appears. Weak sound 
 of chip ejecting, and loosening and Crisp crackling 

Strong bursts and roaring
sounds

suddenly.
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Fig. 2. Outlier detection of rockburst samples.
Figure 4 shows the sample distribution by rockburst 
intensity: green (label 0), red (label 1), light blue (label 2), 
and dark blue (label 3). Kernel density curves indicate 
overlap among the intensity categories. Correlation coeffi-
cients (R) between factors are below 0.5, suggesting no
multicollinearity, hence no need for dimensionality reduc-
tion. The bottom part of Fig. 4 shows that strong rockburst 
is associated with high EEI, while light or none rockburst is
linked to low EEI, consistent with Wang and Park (2001). 

To train, test and calibrate the model, 90% of the orig-
inal database is randomly selected as a training set (424
samples), and the remaining is assigned as a testing set
Fig. 3. Rockburst data balancing based on SMOTE. (a) Dataset befo

Table 3 
Probability statistics of rockburst parameters in 472 datasets after data cleani

Statistics Parameter

SC BC

Mean 0.442 20.240
Standard deviation (SD) 0.244 9.602
Coefficient of variation (COV) 0.552 0.474
Maximum 1.520 55.000
Minimum 0.050 2.250
(48 samples), their distribution states are represented by
violin plots as shown in Fig. 5. The violin plot is a combi-
nation of a box-and-line plot and a kernel density plot, 
where the red dot indicates the median. As can be seen
from the Fig. 5, the parameter data distributions for both 
the training and testing sets are approximately the same 
to ensure that the analytical process in this study is reliable. 
Ensuring that the training set is diverse and representative 
allows the model to acquire sufficient knowledge of the fea-
tures and patterns inherent in the dataset. The testing set 
comprises a relatively smaller proportion of the data, yet
it maintains a distribution analogous to that of the training
set. This representative nature of the testing set encapsu-
lates the overall characteristics of the rockburst intensity
datasets, enabling the post-training performance evalua-
tion of the model.

3.2 Determination of Op-RF architecture 

The preprocessed training set will be utilized to train the 
RF model, and the trained RF model will be employed to 
predict the rockburst intensity of the actual project. Two 
parameters (max_depth and n_estimators) play an impor-
tant role in RF model and affect the prediction perfor-
mance. max_depth is the maximum depth of the tree, and
n_estimators is the number of trees (Breiman, 200 1). Since 
RF is used to determine the final result by taking the mean 
value of the prediction results of each decision tree. 
In general, having more decision trees leads to better
re balancing, and (b) dataset after balancing based on SMOTE.

ng.

Label Number 

EEI 

4.274 0 118 
12.110 118 
20.494 118 
39.300 118 

0.810 
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Fig. 4. Sample feature matrix scatter plot.

Fig. 5. Data distribution of the training set and testing set.
performance. However, an excessive number of decision 
trees will offset the introduction of randomness, with the 
model being susceptible to overfitting and the generaliza-
tion performance reduced. The deeper the decision tree is, 
the more complex the decision rules and the better the per-
formance of fitting to the data, but too deep a tree structure
can also lead to overfitting. To efficiently select the optimal
hyperparameters, the Optuna is applied to the RF model.
Additionally, 5-fold cross-validatio n (Fig. 6) is utilized, 
and the average of accuracy score (ACC) is employed as 
the objective function, in which the 424 sets of the training 
set were divided into 5 equal parts, 4 of which were used as 
the training subset, and the remaining 1 part was used as 
the calibration subset, and the process was repeated 5 
times. Then, the same set of hyperparameter prediction
models was trained and tested using the 5 sets of training
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subsets and calibration subsets, respectively, and the final 
average score of the validation was obtained.

In this study, Optuna was set to be 500 iterations to find 
the optimal parameters: n_estimators ranged between 1 
and 20, and max_depth between 1 and 10. By the 116th 
iterati on, Optuna identified the optimal parameters: 12
decision trees with a max depth of 10 layers. Only the first
decision tree is shown here (Fig. 7); the others are in the 
supplementary material. Figure 7 shows the structure and 
decision rules of the first tree, where different colors repre-
sent rockburst intensities, and bifurcations are controlled 
by SC, BC, and EEI. The trunk thickness indicates the 
sample count at each level, with thinner branches at deeper 
levels, highlighting fewer samples and a higher risk of over-
fitting. The remaining 11 trees follow the same principles
but with different structures and rules. As the number of
trees and depth increase, the model’s decision rules become
more complex and harder to interpret.

As illustrated in Fig. 8, the workflow includes data 
acquisition, dataset cleaning, data partitioning, model 
selection, model validation, model interpretation, and final 
deployment as well as the utilization of the model on a 
cloud server. The proposed application of interpretable 
Op-RF-based rockburst intensity prediction (IOR-
RBAPP) is designed to gather the necessary data and
upload it to a cloud-based server, where the rockburst
intensity is evaluated by a model hosted on the server. Fur-
thermore, the model is also capable of predicting the prob-
ability of rockburst.

3.3 Classifier performance measurement indicator 

To evaluate the performance of the model, a set of com-
monly used metrics such as accuracy, precision, recall, F1, 
and area under curve (AUC) were employed because they 
are suitable for multi-classification problems. By compar-
ing the predicted and actual results, the samples were clas-
sified as true positive (TP), false positive (FP), true negative
(TN), and false negative (FN).

TP: Cases that the predicted result is the rockburst 
intens ity, and the actual intensity is too.
Fig. 6. 5-Fold cro
intensity, but the actual intensity is.

FP: Cases that the predicted result is the rockburst 
intensit y, but the actual intensity is not.
TN: Cases that neither the predicted result nor the 
actual intensity is the rockburst intensity.
FN: Cases that the predicted result is not the rockburst

ACC 
TP TN 

TP TN FP FN
5

precision TP 
TP FP

6

recall 
TP 

TP FN
7

F1 2 
precision recall 
precision recall

8

The area under the receiver operating characteristic 
(ROC) curve, known as AUC, serves to measure a model’s 
prediction performance. The ROC curve illustrates the 
relationship between the true positive rate and the false 
positive rate at various threshold settings. A higher AUC
value indicates that the model can effectively distinguish
between positive and negative instances, resulting in a
higher true positive rate and/or a lower false positive rate.

To evaluate the overall performance of the model, two 
approaches known as macro-averaging and micro-
averaging are employed. Macro-averaging involves treat-
ing each rockburst intensity as a binary category and calcu-
lating the corresponding precision, recall, and F1 score for 
each category separately, while micro-averaging involves 
treating each rockburst intensity as a binary category,
determining the respective confusion matrix, and then sum-
ming the ratio to obtain a final confusion matrix, by which
the three metrics can be calculated.

4 Results and validation 

4.1 Op-RF model evaluation 

As illustrated i n Fig. 9, only two samples were incor-
rectly identified in the testing set. Specifically, sample 13, 
a light rockburst (label 1), was incorrectly predicted as a
ss-validation.
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Fig. 7. First decision tree in the Op-RF structure for prediction of rockburst intensity.

Fig. 8. Op-RF modelling.
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strong rockburst (label 3), and sample 20, a light rockburst 
(label 1), predicted as no rockburst (label 0). Figure 10(a) 
and (b) depicts the composite AUC and the AUC for dif-
ferent rockburst intensities, respectively. Utilizing the 
micro-averaging, it can be observed that both the compos-
ite AUC and the AUC for different rockburst intensities
are greater than 0.9, indicating a high level of prediction
accuracy. The partially enlarged view in Fig. 10(b) reveals 
that the AUC of the sample with light rockburst is rela-
tively low compared to the other cases in the testing set, 
owing to that both sample 13 and sample 20 were incor-
rectly predicted as light rockburst.

4.2 Explaining Op-RF predictions 

The major reason for the limited utilization of machine 
learning models in the prediction of rockburst at engineer-
ing sites is the lack of interpretability in the prediction pro-
cess. This makes it challenging for practical operators to 
comprehend the key indicators that impact rockburst 
intensity and how they affect it, as is the case with linear
regression. This study addresses this issue by providing a
localized explanation of the internal structure of the Op-
RF model through the application of the SHAP algorithm,
thus interpreting the global behavior of the model.

This study focuses on the specific impact of individual 
samples or small groups of samples, which is of particular 
relevance in practical applications. Using the trained Op-
RF model, the SHAP values for the impact of each indica-
tor are calculated for each sample, ensuring that the sum of 
the SHAP values for all indicators at a given sample point
is equal to the model’s output for that sample, as repre-
sented by the Op-RF voting probability of the correspond-
ing rockburst intensity. To demonstrate this approach, the
internal prediction process of the Op-RF model is
Fig. 9. Confusion matrix of the Op-RF model in the testing set.
explained using the SHAP algorithm with a randomly 
selected misclassified sample (sample 13).

Figure 11 employs an arrow notation to depict the direc-
tion and magnitude of the impact on the probability of the 
target rockburst intensity. Specifically, a red arrow point-
ing to the right signifies a positive contribution to the prob-
ability of the target rockburst intensity, whereas a blue 
arrow pointing to the left represents a negative contribu-
tion. The length of the arrow represents the relative
strength of the contribution or penalty. The base probabil-
ity value is the average output probabilities of labels 0, 1, 2,
and 3 from the entire training sample, which are 0.237,
0.261, 0.260, and 0.242, respectively.

For sample 13, the values BC = 7.59 and EEI = 7.5 
increase the probability of the model output being a strong 
rockburst, while SC = 0.36 decreases the probability. The 
cumulative probability of the target rockburst intensity, 
after considering the base value and the contributions 
and penalties of each indicator, is 0.438, which is the max-
imum probability among the various possible rockburst
intensities. Therefore, the prediction for sample 13 is a
strong rockburst. The influence of each indicator on the
probability of the output can be observed in Fig. 12, which 
shows the contribution or penalty value of each indicator
for sample 13. Figure 12(a) illustrates the impact of each 
indicator on the probability of the Op-RF model out-
putting label 3 (the predicted result), with EEI and BC 
being positive influence indicators contributing 0.23 and 
0.06 SHAP values, respectively, to the base value of label
3 and SC giving a SHAP penalty of 0.1 to the base value
of label 3, resulting in an output probability of 0.438 for
label 3. Figure 12(b) illustrates the effect of each indicator 
on the probability of the Op-RF model outputting label 
1 (the true result), with EEI and BC giving a SHAP value 
of 0.08 and 0.02, respectively, to the base value of label 1 
and SC giving a SHAP value contribution of 0.16 to the 
base value of label 1, resulting in an output probability 
of 0.317 for label 1. The probability sum of each indicator
on the output of the Op-RF model for label 0 and label 2 is
only 0.245, and the highest probability result among the
four rockburst intensity outputs is label 3, hence the final
predicted rockburst intensity of the Op-RF model for sam-
ple 13 is the occurrence of a strong rockburst.

4.3 Application of IOR-RBAPP and engineering verification 

In this study, an interpretable rockburst intensity pre-
diction model was established and subsequently utilized 
to develop an application, referred to as IOR-RBAPP, that 
facilitates online prediction through cloud deployment. 
This methodology addresses limitations associated with 
previous models, which were not explanatory in nature, 
as well as the deployment challenges that impede the imple-
mentation of artificial intelligence in geotechnical hazard 
prediction. The proposed model, through cloud deploy-
ment, eliminates the need for users to install any additional
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Fig. 10. AUC performance of Op-RF in the testing set. (a) Composite AUC, and (b) AUC for different rockburst intensities.

Fig. 11. SHAP values of sample 13 for each indicator in the rockburst intensity prediction.

Fig. 12. SHAP contribution or penalty values of each indicator for sample 13. (a) SHAP effect of each indicator on rockburst intensity as the predicted
result, and (b) SHAP effect of each indicator on rockburst intensity as the true result.
software and allows for easy access to rockb urst intensity
prediction results.

The steps for evaluating rockburst intensity by the pro-
posed methodology are: (a) identification and selection of 
the necessary parameters for the model, followed by train-
ing and testing of the model using an existing dataset; (b) 
deployment of the model on a server; (c) transfer of indi-
vidual or multiple samples to the server for further analysis
through the input or upload of files; (d) execution of rock-
burst intensity prediction on the input samples, and presen-
tation of the prediction process and results to the user
through downloading. Figure 13 illustrates the calculation 
process and life cycle of the IOR-RBAPP, which is based 
on the model proposed in this study and other models,
and follows the steps above.

In order to verify the rationality, effectiveness and con-
venience of the system, the web application which has 
deployed the Op-RF model has been used to analyze the 
comprehensive judgment of rockburst intensity classifica-
tion for some large-scale rock underground engineering
examples around the globe (see Table 4), and those exam-
ples were not included in the training set to avoid data
leakage.
These examples illustrate that the proposed model pos-
sesses good prediction performance and is also convenient 
to deploy and implement in solving practical engineering
problems. Some screenshots of the IOR-RBAPP are pre-
sented in Fig. 14. 

5 Discussion and analysis 

The following is an analysis of the impact of the predic-
tion model and the balance of the data samples on the
rockburst intensity prediction results.

5.1 Comparison of the proposed approach with other models 

Table 5 presents a summary of the performance of the 
proposed Op-RF model and common models on a ran-
domly selected testing set. RF without optimization and 
RF with bayesian optimization (Bo-RF) are chosen as con-
trasting models for the Op-RF model to evaluate the opti-
mization effect of Optuna on the random forest algorithm. 
They are optimized by Bayesian and Optuna methods. 
Through these optimization techniques, the optimal values
for the max_depth and n_estimators parameters were
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Fig. 13. Application of IOR-RBAP P in engineering.
determined to be 8 and 170 for the Bayesian optimization 
method, and 10 and 12 for the Optuna method, respec-
tively. The n_estimators of the unoptimized RF are set to 
be 100, which is the default value of the model, and the
max_depth is not restricted, meaning that the nodes are
expanded until all leaves are pure. The hyperparameters
of the other models involved are shown in Table 6. 

Equations (5)–(8) were selected for evaluating the mod-
el’s capability of predicting different rockburst intensities. 
Macro-averaging was employed as a comprehensive evalu-
ation metric for the model’s performance. In the compar-
ison models, it is necessary to normalize the input 
sampl es in support vector machines (SVM), k-nearest
neighbors (KNN), and back propagation neural network-
SVM (BP-SVM) as seen in Eq. (9), as the distance metric 
used in these models for rockburst intensity classification 
is sensitive to the range of different values between features. 
Furthermore, normalizing the data can accelerate the con-
vergence of the weight parameters in the BP training
process.

xi 
xi li 

di 
9 

where li 
1 
n 

n 
j 1x 

j 
i , di 1 

n 1 
n 
i 1 x 

j 
i li 

2 
, xi repre-

sents the i-th dimension of the sample feature x, repre-
sents the value of the i-th dimension of the j-th sample, and
n represents the number of samples.

x j i 

Since numerical scaling does not affect the split point 
location and has no effect on the structure of the tree 
model, Op-RF and other comparable mod els based on
decision tree are insensitive to the size of the variables
and do not need to be normalized.

As shown in Table 5, the Op-RF model proposed 
achieves optimal performance in almost all metrics among 
the nine classification models and has the best overall pre-
diction performance among ACC, M-P, M-R,  and  M-F1. 
Based on the results of ACC analysis, the top three best-
performing models were Op-RF, Bo-RF, and RF, with
96%, 94%, and 92%, respectively. It is evident that the
RF model exhibits superior performance in the prediction
of rockburst intensity. Furthermore, when comparing the
three worst-performing single models ①–③, it can be 
observed that the ACC of the ensemble models was gener-
ally 85%, while that of the single models was 81%. For 
instance, the BP-SVM model, which achieved an ACC of 
85%, only performed linear superposition of the two single 
models by assigning different weights. This suggests that 
integrated learning models possess better performance than 
single models . Additionally, it is noteworthy that most of
the models demonstrated high accuracy in predicting the
samples of none rockburst (label 0), indicating that these
models have high accuracy in predicting the likelihood of
rockburst occurrence. In particular, the XGBoost model
exhibited 100% accuracy in this regard.

5.2 Influence of imbalanced datasets 

An imbalanced dataset refers to a scenario where the 
number of samples in each category is disproportionate. 
When a model is trained on an imbalanced dataset, the 
samples in the minority category are prone to be overshad-
owed by the samples in the majority category, leading to 
inadequate learning of the model for the samples in the
minority category. In this study, the effectiveness of the
SMOTE oversampling method was evaluated by compar-
ing it with other balanced dataset methods, using the data-
set with outliers removed (as presented in Tables 7–9). To 
ensure a fair comparison, a 10% portion of the dataset was 
utilized as the test samples, due to the varying sample num-
bers of different data categories.

Table 7 presents the prediction accuracy of nine models 
on three rockburst datasets: the original dataset with out-
liers removed, the dataset processed through random
undersampling (Li, Zheng, et al., 2 023), and the dataset 
processed through the SMOTE oversampling. The com-
parison of the prediction results reveals that the utilization 
of random undersampling on a small sample dataset leads 
to a reduction in the number of training samples, thus 
underfitting and decreased model performance. In contrast, 
SMOTE oversampling increases the number of training 
samples, thereby improving the model’s prediction perfor-
mance to some extent. As indicated in Tables 8 an d 9, the 
SMOTE method enhances the prediction performance of
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Table 4 
Rockburst prediction results of some typical underground projects at global.

Measured data of the prediction
indicators

No. Project Data source Predictions by 
the Op-RF model

Actual 
intensity level

SC BC EEI 

1 Huize lead–zinc mine, China Liu et al. (2008) 0.682 21.780 3.170 1 1 
2 Huize lead–zinc mine, China Li, Li, et al. (2023) 0.630 4.479 3.170 1 1 
3 Rasvumchorr mine, Russia Liu et al. (2008) 0.317 21.680 5.000 2 2 
4 Sewage tunnel, Norway Liu et al. (2008) 0.417 21.680 5.000 2 2 
5 Forsmark nuclear cooling water tunnel, Sweden Liu et al. (2008) 0.385 21.670 5.000 2 2 
6 Laobishan tunnel, China Li, Li, et al. (2023) 0.349 9.510 2.034 1 1 
7 Laobishan tunnel, China Li, Li, et al. (2023) 0.498 9.730 3.932 2 2 
8 Laobishan tunnel, China Li, Li, et al. (2023) 0.559 16.820 4.525 2 2 
9 Qinling Zhongnanshan highway tunnel, China Li, Li, et al. (2023) 0.650 28.600 6.800 3 3 
10 Long exploratory tunnel of 

Jinping II hydropower station, China
Li, Li, et al. (2023) 0.680 27.300 3.100 2 2 

Fig. 14. Some screenshots of the features of the proposed app. (a) Select prediction model (using a PC), (b) enter a single prediction sample (using a PC ),
(c) observe the process of model prediction for a single sample (using a PC), and (d) enter the prediction sample file (using a mobile phone).
various models for categories with a small num ber of train-
ing samples.

5.3 SHAP analysis between rockburst prediction results and 

influencing factors 

By quantifying the interactions between features, SHAP 
interaction values can help us understand how each feature 
influences the model’s output for a particular sample. This 
information can be useful for identifying potential sources 
of bias or error in the model, and for improving its perfor-
mance. As a result of the structure of the machine learning 
model, the SHAP value of feature j is calculated by assign-
ing a random value to it, rather than eliminating it. A fea-
ture with a random value has no role in determining the
prediction outcome in the model and can be considered
equivalent to the elimination of the feature. Thus, the
SHAP value is obtained by averaging the contributions

in all possible permutations of the special collection. The
utilization of SHAP values to determine the significance
of features is deemed reliable due to the objectivity of the
distribution of benefits associated with the SHAP values

/j 
of features, as well as its ability to evaluate the impact of
various features on the classification results.

Exploring the important features of the prediction 
model is of some significance for practical engineering 
applications. To investigate the impact of each input fea-
ture on the prediction outcomes of the proposed model, 
we computed th e average SHAP value for the Op-RF
model. Figure 15 shows the average SHAP value of input 
variables with respect to the vary rockburest intensity, 
where the EEI exerts the most significant influence on the 
prediction of rockburst intensity, followed by the SC, while 
the impact of the BC is the least. The above results were 
consis tent with findings published in existing literatures
(Kadkhodaei et al., 2022; Li et al., 2022). Furthermore, 
SHAP analysis facilitates the demonstration of the sensitiv-
ity of input variables to various rockburst intensities. The 
significance of features during the forecast of rockburst 
across distinct intensity classes aligns with the overall pat-
tern. Notably, it is observed that the relative importance of 
SC exceeds that of EEI in the none rockburst, a phe-
nomenon potentially attributed to an imbalance in the dis-
tribution of samples across different intensity classes in the
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Table 5 
Performance comparisons of the models.

Model ACC Precision M-P Recall M-R F1 M-F1 

① 0.81 0.88 0.38 0.80 1.00 0.76 0.74 0.60 1.00 0.88 0.80 0.80 0.46 0.89 0.93 0.77 
② 0.79 0.94 0.50 0.60 0.93 0.74 0.79 1.00 0.67 0.81 0.82 0.86 0.67 0.63 0.87 0.76 
③ 0.81 1.00 0.50 0.70 0.86 0.76 0.89 0.67 0.70 0.86 0.78 0.94 0.57 0.70 0.86 0.77 
④ 0.90 1.00 0.50 1.00 0.93 0.86 0.84 1.00 0.91 0.93 0.92 0.91 0.67 0.95 0.93 0.87 
⑤ 0.90 1.00 0.75 0.80 0.93 0.87 1.00 0.86 0.89 0.81 0.89 1.00 0.80 0.84 0.87 0.88 
⑥ 0.92 1.00 0.75 0.90 0.93 0.89 0.94 1.00 0.90 0.87 0.93 0.97 0.86 0.90 0.90 0.91 
⑦ 0.94 1.00 0.75 1.00 0.93 0.92 0.94 1.00 0.91 0.93 0.94 0.97 0.86 0.95 0.93 0.93 
⑧ 0.85 1.00 0.62 0.80 0.86 0.82 0.89 1.00 0.80 0.80 0.87 0.94 0.77 0.80 0.83 0.83 
Op-RF 0.96 1.00 0.75 1.00 1.00 0.94 0.94 1.00 1.00 0.93 0.97 0.97 0.86 1.00 0.97 0.95 

Model & References: ① SVM (Pu et al., 2018); ②Decision tree (DT) (Ghasemi et al., 2020); ③ KNN (Yin et al., 2021); ④ Light gradient boosting 
machine (LightGBM) (Li et al., 2022); ⑤ Extreme gradient boosting (XGBoost) (Li et al., 2022); ⑥ RF (RF without optimization); ⑦ Bo-RF; ⑧ BP-
SVM (Guo et al., 2022). 
M-P: macro-precision, M-R: macro-recall, M-F1: macro-F1. The maximum of each metric is highlighted in bold.

Table 6 
Model-related hyperparam eter settings.

Model Hyperparameters 

SVM C = 10, Kernel = ’Rbf’, gamma = 0.26
DT max_depth = 4, min_samp les_split = 2
KNN n_neighbors = 10
LightGBM learning_rate = 0.28, n_estimato rs = 20

base_score = 0.5, colsample_bylevel = 1,
colsample_bytree = 1

XGBoost 

BP-SVM BPNN: hidden_layer_sizes = (500,), activation = ’relu’, 
Solver = ’lbfgs’, alpha = 0.0001, batch_size = ’auto’, 
learning_rate = ’constant’;
SVM: C = 10, gamma = 0.1;
Weights = [0.3798,0.6202], voting = ’soft’

Note: The supplementary material includes details for hyperparameters.
collected rockburst dataset. Specifically, the none rock-
burst in the dataset of this study belongs to a minority 
class. This imbal ance, when addressed through the
SMOTE, may lead the predictive model to reinforce the
Table 7 
Prediction accuracy rate of rockburst datasets.

Category of the data Data size Prediction 

Op-RF 

Original rockburst datasets 315 0.81
Rockburst datasets by random undersampling 200 0.70
Rockburst datasets by SMOTE oversampling 472 0.96

Note: ① SVM; ② DT; ③ KNN; ④ LightGBM; ⑤ XGBoost; ⑥ RF; ⑦ Bo

Table 8 
Prediction precision rate of none rockburst datasets.

Category of the data Data size Predict

Op-RF

Original none rockburst datasets 52 0.86
None rockburst datasets by random undersampling 50 0.71
None rockburst datasets by SMOTE oversampling 118 1.00
association between SC and the none rockburst in the gen-
erated data.

Nevertheless, the average SHAP value solely character-
izes the collective impact of each feature on rockburst 
intensity and does not intuitively convey whether each fea-
ture exerts a positive effect (contribution) or a negative 
effect (pun ishment) on the prediction results. To further
clarify the association between the values of the rockburst
intensity influences and their corresponding SHAP values,
Fig. 16 was generated and all local explanations within var-
ious rockburst intensities were compiled into an approxi-
mate global explanation.

The rockburst intensity impact factors are visual ized in
Fig. 1 6, where their relationship to the corresponding 
SHAP values is depicted. The points in the graph are rep-
resented in different colors, with red indicating a higher 
value and blue a lower value. The SHAP value 0 serves 
as the dividing line, with points on the left side indicating 
a negative impact, and those on t he right indicating a pos-
itive impact. As can be observed from Fig. 1 6(a), when the
① ② ③ ④ ⑤ ⑥ ⑦ ⑧

① ② ③ ④ ⑤ ⑥ ⑦ ⑧

accuracy of different machine learning models

0.75 0.78 0.69 0.66 0.72 0.78 0.81 0.66 
0.55 0.60 0.65 0.50 0.45 0.50 0.55 0.50 
0.81 0.79 0.81 0.90 0.90 0.92 0.94 0.85 

-RF; ⑧ BP-SVM.

ion precision of different machine learning models

 

0.86 0.57 0.57 0.71 0.71 0.86 0.86 0.71 
0.43 0.71 0.43 0.14 0.29 0.29 0.43 0.29 
0.88 0.94 1.00 1.00 1.00 1.00 1.00 1.00 
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Table 9 
Prediction precision rate of strong rockburst datasets.

Category of the data Data size Prediction precision of different machine learning models

Op-RF 

Original strong rockburst datasets 50 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.50 0.50 
Strong rockburst datasets by random undersampling 50 0.60 0.60 0.00 0.80 0.80 0.40 0.60 0.60 0.20 
Strong rockburst datasets by SMOTE oversampling 118 1.00 1.00 0.93 0.86 0.93 0.93 0.93 0.93 0.86 

Fig. 15. Importance ranking (average SHAP value ranking) of input variables.

Fig. 16. Approximate global interpretation of Op-RF in different rockburst intensities. (a) None, (b) light, (c) moderate, and (d) strong.
target rockburst intensity is set to label 0, the EEI and SC 
indicators exhibit a negative correlation with the target 
rockburst intensity, with higher values indicating a lower 
probability of the model outputting as none rockburst.
Conversely, the BC indicator is relatively concentrated at
the dividing line, indicating a lack of significant impact
on the prediction results. In Fig. 16(b), the effects of the 
EEI and SC indicators on the target rockburst intensity 
pointing to light rockburst are similar with those observed 
in the case of none rockburst, however, the negative asso-
ciation of SC with the predicted results is less pronounced.
Figure 16(c) and (d) depicts the effects of the three indica-
tors on moderate and strong rockburst intensities respec-
tively, with EEI and SC exhibiting a positive correlation 
with the target rockburst intensity, and the linear correla-
tion between their contributions becoming more pro-
nounced as the rockburst intensity increases. Conversely,
the BC indicator has little effect on its SHAP value across 
the four different intensities, with its SHAP value tending 
towards 0, indicating that it is not an effective indicator
for distinguishing rockburst intensity.

Given the similarities in the impacts of SC and EEI on 
rockburst intensity, it is not feasible to a scertain the depen-
dence properties of the two independently. The SHAP
dependence (see Fig. 17) of SC and EEI is established for 
the training set, a point represents a training sample, with 
the horizontal axis indicating a specific feature of the sam-
ple and the left vertical axis indicating the corresponding 
SHAP value for that feature, the right vertical axis, on
the other hand, represents another feature. A higher SHAP
value corresponds to a greater contribution of the feature
to the prediction outcome.

Figure 1 7(a) shows an increase in rockburst occurrence 
risk at the EEI of 2, which parallels the increase in the
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Fig. 17. SHAP dependence plot in the Op-RF model. (a) EEI versus its SHAP value (for predicted label 0), (b) EEI versus its SHAP value (for predicted
label 3), (c) SC versus its SHAP value (for predicted label 0), and (d) SC versus its SHAP value (for predicted label 3).
value of SC. Figure 17(c) also shows the increase of the risk
at the SC of 0.25. Figure 1 7(b) and (d) illustrates that as the 
values of EEI and SC approach 5.5 and 0.6 respect ively,
there is a gradual increase in the likelihood of strong
rockburst.

The utilization of SHAP values for analysis presents sig-
nificant opportunities for the rockburst intensity analysis 
of individual cases and global influences. For individual 
instances, the attributes of the target rockburst intensity 
can be identified by examining indicators with high SHAP 
values, while for the population instance, the average high 
SHAP metrics can be analyzed to understand the charac-
teristics of the rockburst intensity. Local interpretability 
aids in model optimization by highlighting the most infor-
mative indicators for a given sample of the dataset and in
debugging the model by exposing how it relies on the glo-
bal influence of input characteristics. This, in turn, enables
model developers to determine the limitations of the mod-
el’s implementation in practice.

The application of artificial intelligence in geotechnical 
engineering is expanding, and machine learning-based dis-
aster prediction and forecasting methods are limited in 
their acceptance due to the ‘‘black box” nature of the algo-
rithms and potential biases in decision-making, which may 
result in production safety concerns and the loss of time in 
preventing rockburst. This study addresses these concerns 
by incorporating the SHAP algorithm into the Op-RF 
model, making the original ‘‘black box” prediction process
interpretable. This not only results in a highly accurate
machine learning model, but also provides effective theoret-
ical support for future rockburst prevention and control
measures and further advances the development, debug-
ging, and monitoring of the model.
6 Conclusions 

The ‘‘black box” problem of models and the suspicion 
surrounding digital transformation have emerged as crucial 
issues in current research on smart geotechnical problems. 
In this study, a new hybrid interpretation model (Op-RF) 
was proposed to forecast the rockburst intensity. In com-
parison to eight other machine learning models, the Op-
RF model demonstrates superior accuracy, precision, 
recall, and F1 score, respectively and provides a clearer 
explanation of the prediction process for individual case 
and/or overall characteristic. On the other hand, the 
impact of SMOTE versus the undersampling method on 
the predictive performance of the Op-RF model was com-
pared. The results showed that SMOTE oversampling was
more appropriate for addressing small sample datasets
compared to the undersampling method. To facilitate the
practical implementation of the Op-RF model, this study
developed a cloud-based deployment for the rockburst
intensity prediction models and created an online applica-
tion that enables real-time predictions. The application
was demonstrated through an engineering example, where
its online prediction results were found to be consistent
with actual rockburst conditions.

However, the interpretability of predictive models 
employing SHAP method is contingent upon the specific 
model utilized. Discrepancies in SHAP values may arise 
with variations in models, thereby introducing interpreta-
tional instability when the predictive model undergoes 
alteration. Given the current constraint on the obtainabil-
ity of rockburst cases, it is advised to restrict the applica-
tion of the proposed predictive model to scenarios where
the test samples closely align with or fall within the defined
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range of input parameters. In the future, more and more 
available data as well as data specification will rapidly pro-
mote the digital transformation of geotechni cal engineering
to promote the application of machine learning techniques
in risk assessment of high-risk hazards.

Supplementary material 

Supplementary material to this article can be found at
https://github.com/jackieshan282/IOR-RBAPP. 

CRediT authorship contribution statement 

Yaxi Shen: Writing – original draft, Visualization, Soft-
ware, Formal analysis, Conceptualization. Shunchuan Wu: 

Writing – review & editing, Funding acquisition, Concep-
tualization. Yongbing Wang: Invest igation, Data curation.
Jiaxin Wang: Resources, Methodology. Zhiquan Yang:

Validation, Investigation.

Declaration of competing interest 

The authors declare that they have no known competing 
financial interests or personal relationships that could have
appeared to influence the work reported in this paper.

Acknowledgement 

This work was financially supported by the National 
Natural Science Foundation of China (Grant No. 
51934003), the Yunnan Major Scientific and Tech nological
Projects (Grant No. 202202AG050014) and the Yunnan
Innovation Team (Grant No. 202105AE160023).

References 

Afraei, S., Shahriar, K., & Madani, S. H. (2019). Developing intelligent
classification models for rock burst prediction after recognizing
significant predictor variables, Section 1: literature review and data
preprocessing procedure. Tunnelling and Underground Space Technol-
ogy, 83, 324–353. 

Aggarwal, C. C. (2017). Outlier analysis. Springer. 
Ahmad, M., Hu, J. L., Hadzima-Nyarko, M., Ahmad, F., Tang, X. W.,

Rahman, Z. U., Nawaz, A., & Abrar, M. (2021). Rockburst hazard
prediction in underground projects using two intelligent classification
techniques: a comparative study. Symmetry, 13(4), 632. 

Akiba, T., Sano, S., Yanase, T., Ohta, T., & Koyama, M. (2019). Optuna:
a next-generation hyperparameter optimization framework. In Pro-
ceedings of the 25th ACM SIGKDD international conference on 
knowledge discovery & data mining (pp. 2623–26 31). 

Askaripour, M., Saeidi, A., Rouleau, A., & Mercier-Langevin, P. (2022).
Rockburst in underground excavations: a review of mechanism,
classification, and prediction methods. Underground Space, 7(4), 
577–607. 

Bo, Y., Liu, Q. S., Huang, X., & Pan, Y. C. (2022). Real-time hard-rock
tunnel prediction model for rock mass classification using CatBoost
integrated with Sequential Model-Based Optimizatio n. Tunnelling and
Underground Space Technology, 124, 104448. 

Breiman, L. (2001). Random forest. Machine Learning, 45, 5–32. 
Chen, Y. L., & Wu, W. (2019). Isolation forest as an alternative data-

driven mineral prospectivity mapping method with a higher data-
processing efficiency. Natural Resources Research, 28(1), 31–46. 
Ghasemi, E., Gholizadeh, H., & Adoko, A. C. (2020). Evaluation of
rockburst occurrence and intensity in underground structures using
decision tree approach. Engineering with Computers, 36(1), 213–225. 

Guidotti, R., Monreale, A., Ruggieri, S., Pedreschi, D., Turini, F., & 
Giannotti, F. (2018). Local rule-based explanations of black box
decision systems. arXiv preprint arXiv:1805.10820.

Guo, J., Guo, J. W., Zhang, Q. L., & Huang, M. J. (2022). Research on
rockburst classification prediction based on BP-SVM model. IEEE
Access, 10, 50427–50447. 

Kadkhodaei, M. H., & Ghasemi, E. (2022). Development of a semi-
quantitative framework to assess rockburst risk using risk matrix and
logistic model tree. Geotechnical and Geological Engineering, 40(7), 
3669–3685. 

Kadkhodaei, M. H., Ghasemi, E., & Sari, M. (2022). Stochastic
assessment of rockburst potential in undergrou nd spaces using Monte
Carlo simulation. Environmental Earth Sciences, 81(18), 447. 

Li, D. Y., Liu, Z. D., Armaghani, D. J., Xiao, P., & Zhou, J. (2022). Novel
ensemble intelligence methodologies for rockburst assessment in
complex and variable environments. Scientific Reports, 12(1), 1844. 

Li, D. G., Zheng, C., Zhao, J. M., & Liu, Y. (2023). Diagnosis of heart
failure from imbalance datasets using multi-level classification.
Biomedical Signal Processing and Control, 81, 104538. 

Li, M. L., Li, K. G., & Qin, Q. C. (2023). A rockburst prediction model
based on extreme learning machine with improved Harris Hawks
optimization and its application. Tunnelling and Underground Space
Technology, 134, 104978. 

Lin, Y., Zhou, K. P., & Li, J. L. (2018). Application of cloud model in
rock burst prediction and performance comparis on with three machine
learning algorithms. IEEE Access, 6, 30958–30968. 

Liu, F. T., Ting, K. M., & Zhou, Z. H. (2012). Isolation-based anomaly
detection. ACM Transactions on Knowledge Discovery from Data, 6 (1), 
1–39. 

Liu, Z. J., Yuan, Q. P., & Li, J. L. (2008). Application of fuzzy probability
model to prediction of classification of rockburst intensity. Chinese
Journal of Rock Mechanics and Engineering, S1, 3095–3103 (in
Chinese). 

Lundberg, S. M., & Lee, S. I. (2017). A unified approach to interpreting
model predictions. In Proceedings of the 31st international conference
on neural information processing systems (NIPS 2017), Long Beach, 
CA, USA (pp. 4768–47 77). 

Papadopoulos, D., & Benardos, A. (2021). Enhancing machine learning
algorithms to assess rock burst phenome na. Geotechnical and Geolog-
ical Engineering, 39(8), 5787–58 09. 

Phoon, K. K., & Zhang, W. G. (2022). Future of machine learning in
geotechnics. Georisk-Assessment and Management of Risk for Engi-
neered Systems and Geohazards, 17(1), 7–22. 

Pu, Y. Y., Apel, D. B., Wang, C., &Wilson, B. (2018). Evaluation of burst
liability in kimberlite using support vector machine. Acta Geophysica,
66(5), 973–982. 

Qi, C. C., Zheng, J. S., Yang, X. Y., Chen, Q. S., & Wu, M. T. (2023).
Application of deep neural network in the strength prediction of
cemented paste backfill based on a global dataset. Construction and
Building Materials, 391, 131827. 

Qiu, Y. G., & Zhou, J. (2023). Short-term rockburst prediction in
underground project: insights from an explainable and interpretable
ensemble learning model. Acta Geotechnica, 18, 6655–66 85. 

Ribeiro, M. T., Singh, S., & Guestrin, C. (2016). ‘‘Why Should I Trust
You?”: Explaining the predictions of any classifier. In Proceedings of
the 22nd ACM SIGKDD international conference on knowledge 
discovery and data mining, San Francisco, CA, USA (pp. 1135–1144). 

Ribeiro, M. T., Singh, S., & Guestrin, C. (2018). Anchors: high-precision
model-agnostic explanations. In Proceedings of the thirty-second AAAI
conference on artificial intelligence (pp. 1527–1535). AAAI Press. 

Tang, Z. L., Wang, X., & Xu, Q. J. (2021). Rockburst prediction based on
oversampling and objective weighting method. Journal of Tsinghua
University (Science and Technology), 61(6), 543–555. 

Wang, J. A., & Park, H. D. (2001). Comprehensive prediction of
rockburst based on analysis of strain energy in rocks. Tunnelling and
Underground Space Technology, 16(1), 49–57. 

Wang, K. (2021). Overview of state-of -art of rockburst prediction and
prevention techniques for deep-buried tunnels. Tunnel Construction, 41
(2), 212–224 (in Chinese). 

Xie, X. B., Li, D. X., Kong, L. Y., Ye, Y. F., & Gao, S. (2020). Rockburst
propensity prediction model based on CRITIC-XGB algorithm.

https://github.com/jackieshan282/IOR-RBAPP
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0005
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0005
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0005
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0005
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0005
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0005
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0010
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0010
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0015
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0015
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0015
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0015
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0015
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0020
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0020
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0020
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0020
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0020
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0025
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0025
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0025
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0025
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0025
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0030
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0030
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0030
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0030
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0030
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0035
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0035
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0040
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0040
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0040
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0040
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0045
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0045
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0045
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0045
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0055
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0055
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0055
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0055
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0060
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0060
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0060
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0060
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0060
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0065
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0065
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0065
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0065
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0070
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0070
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0070
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0070
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0075
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0075
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0075
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0075
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0080
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0080
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0080
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0080
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0080
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0085
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0085
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0085
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0085
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0090
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0090
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0090
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0090
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0095
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0095
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0095
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0095
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0095
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0100
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0100
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0100
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0100
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0100
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0105
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0105
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0105
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0105
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0110
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0110
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0110
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0110
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0115
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0115
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0115
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0115
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0120
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0120
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0120
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0120
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0120
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0125
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0125
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0125
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0125
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0130
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0130
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0130
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0130
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0130
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0130
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0135
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0135
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0135
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0135
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0140
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0140
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0140
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0140
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0145
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0145
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0145
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0145
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0150
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0150
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0150
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0150
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0155
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0155


214 Y. Shen et al. / Underground Space 21 (2025) 198–214
Chinese Journal of Rock Mechanics and Engineering, 39(10), 1975–19 82
(in Chinese). 

Xue, Y. G., Bai, C. H., Qiu, D. H., Kong, F. M., & Li, Z. Q. (2020).
Predicting rockburst with database using particle swarm optimization
and extreme learning machine. Tunnelling and Underground Space
Technology, 98, 103287. 

Yin, X., Liu, Q. S., Pan, Y. C., Huang, X., Wu, J., & Wang, X. Y. (2021).
Strength of stacking technique of ensemble learning in rockburst
prediction with imbalanced data: comparison of eight single and
ensemble models. Natural Resources Research, 30(2), 1795–1815. 
Zheng, D. Y., Hou, M. C., Chen, A. Q., Zhong, H. T., Qi, Z., Ren, Q.,
You, J. C., Wang, H. Y., & Ma, C. (2022). Application of machine
learning in the identification of fluvial-lacu strine lithofacies from well
logs: a case study from Sichuan Basin, China. Journal of Petroleum
Science and Engineering, 215, 110610. 

Zhou, J., Li, X. B., & Mitri, H. S. (2016). Classification of rockburst in
underground projects: comparison of ten supervised learning m ethods.
Journal of Computing in Civil Engineering, 30(5), 0401600 3.

http://refhub.elsevier.com/S2467-9674(24)00108-9/h0155
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0155
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0155
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0160
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0160
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0160
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0160
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0160
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0165
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0165
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0165
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0165
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0165
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0170
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0170
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0170
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0170
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0170
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0170
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0175
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0175
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0175
http://refhub.elsevier.com/S2467-9674(24)00108-9/h0175

	Interpretable model for rockburst intensity prediction based on �Shapley values-based Optuna-random forest
	1 Introduction
	2 Methodology
	2.1 Random forest
	2.2 Optuna
	2.3 SHAP

	3 Development of interpretable Op-RF rockburst intensity prediction model
	3.1 Data acquisition and cleaning
	3.1.1 Data outlier processing
	3.1.2 Data balancing based on SMOTE
	3.1.3 Data cleaning and result of rockburst dataset

	3.2 Determination of Op-RF architecture
	3.3 Classifier performance measurement indicator

	4 Results and validation
	4.1 Op-RF model evaluation
	4.2 Explaining Op-RF predictions
	4.3 Application of IOR-RBAPP and engineering verification

	5 Discussion and analysis
	5.1 Comparison of the proposed approach with other models
	5.2 Influence of imbalanced datasets
	5.3 SHAP analysis between rockburst prediction results and influencing factors

	6 Conclusions
	Supplementary material
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgement
	References




