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Abstract: For an accurate prediction of the uniaxial compressive strength (UCS) of cemented
hydraulic backfill (CHB), it is important to fine-tune the mix design and ensure the safety and
stability of underground mining operations. However, most empirical approaches fail to capture
the nonlinear relationships among mixture properties, thus sacrificing interpretability. This study
proposes novel explainable gradient boosting models, including light gradient boosting model
(LightGBM), CatBoost, adaptive boosting (AdaBoost), and gradient boosting machine (GBM), to
predict UCS based on inputs such as cement content (CT) in %, curing time (CD) in days, solids
concentration (SD) in %, and aggregate to tailings ratio (AT). This study employs various
statistical metrics to evaluate model performance. The results indicate that the GBM model
demonstrates greater potential for predicting UCS values than the other studied models, with
training metrics oR? = 0.93, RMSE = 0.1590, and MAE = 0.1130, and testing metri€% of

0.86, RMSE = 0.2289, and MAE = 0.1395. To compare and evaluate the robust GBM model, this
study also implemented and tested LightGBM, CatBoost, and AdaBoost models. Consequently,
the GBM model provides a balanced and reliable solution for predicting UCS values. To construct
a more interpretable model, SHapley additive exPlanations (SHAP) analysis was employed to
evaluate the effect and direction of influence of each input parameter on the prediction of UCS
values. In addition, the study employed sensitivity analysis to investigate the effects of various
inputs on the output UCS. The findings indicate that, in the design of CHB mix proportions, cement
content and curing time are the factors that most significantly influence the predicted UCS values.
This study has multiple practical applications in the field of mine stability and contributes to
providing a safe working environment for underground mining operations.

Keywords: mining stability; underground mining operations; uniaxial compressive strength;
cemented hydraulic backfill; gradient boosting machine



Highlights

x This study presents the explainable gradient boosting models for accurate prediction of
uniaxial compressive strength of cemented hydraulic backfill.

X The gradient boosting machine model established excellent predictive accuracy, expressively
outperforming other models.

X Sensitivity analysis revealed that cement duration and cement content were identified as the
most significant input parameters affecting output.

1. Introduction

Waste rocks and tailings represent the major waste streams associated with mineral processing
plants. Due to various environmental and safety issues, there is considerable interest in using waste
rocks and tailings for backfilling underground void spaces created by underground mining
activities instead of stockpiling them at surface locations. CHB is defined as crushed waste rocks,
tailings, water, and cement. By facilitating the use of primary waste streams in underground mines,
CHB is gaining popularity as an integral part of underground mining activities. During
underground mining activities, CHB is injected into mined stopes to create a stable working
platform and support mined areas. In addition, it helps in maximizing pillar recovery and
minimizing dilution. UCS is considered one of the essential parameters for designing CHB. The
parameters that control short- and long-term backfill strengths may be broadly classified into two
groups: extrinsic and intrinsic factors. Extrinsic factors relate to in situ conditions such as
underground temperature and humidity levels, underground drainage conditions, stope geometry,
and groundwater conditions. These factors are considered controllable parameters. Intrinsic factors
relate to various physical and chemical properties of backfill constituents and the mixing behavior
of constituents.

Recently, considerable progress has been achieved in computer programming and data analysis
techniques. In this context, data mining, artificial intelligence (Al), and machine learning (ML)
techniques have been successfully applied in various engineering and technology fields. ML
methods have been successfully applied in the construction industry to forecast concrete slump
flow [1,2], the compressive strength of concrete materials [3,4,5,6], and crack formation in
concrete surface materials [7]. In various studies, ML techniques were used to estimate the UCS
of mortars containing fly ash and other materials [8]. Advanced algorithms such as extreme
learning machines (ELM), random forests (RF), and XGBoost are described in the related work to
provide improved accuracy in prediction. Hybrid and ensemble techniques are also stated to
provide improved robustness and accuracy in generalization. However, less emphasis is seen on
the integration of optimization algorithms with ensemble techniques in the prediction of UCS and
E. [9]. In another study, ML techniques were used for forecasting fracture toughness of rocks in
the mining industry [10]. In a study by He et al. [11], a novel evolved random forest (RF) model
using a bio-objective optimization method was proposed. The first evolved RF model was
developed using a beetle search algorithm (BAS) to predict the UCS of cemented paste backfill
(CPB). Mishra et al. [12] investigated the influence of partial replacement of ordinary portland
cement (OPC) by fly ash (FA) on CPB strength using a bayesian network (BN) to identify an
optimal mixture to attain a specific strength of 1 MPa at 28 days of curing in a cost-effegtive wa



Because conventional models based on the aleatory paradigm are inappropriate for geotechnical
applications and are not consistent with conventional thinking, a BN model was developed and
validated. The reliability of two classifiers in the learning model structure was analyzed, and the
naive Bayes algorithm was found to be the most reliable tool. The feasibility of using a deep neural
network (DNN) model for predicting the UCS of CPB was investigated by Qi et al. [13]. This
study provided a first global dataset of UCS values for CPB by conducting a comprehensive
literature review and laboratory tests. Hu et al. [14] observed that, under multifactorial conditions,
the highest prediction accuracy for CPB strength, compared with other commonly used prediction
models, was achieved with the long short-term memory (LSTM) model they had developed. Tran
[15] employed eight ML methods, i.e., extreme gradient boosting (XGBoost), gradient boosting
(GB), RF, decision tree (DT)k-nearest neighbor§KNN), support vector machines (SVM),
multivariate adaptive regression splines (MARS), and gaussian process (GP), to develop a soft
computing model for predicting the yield stress of CRBrecent article by Pang et al. [16]
proposed advanced ML models to predict UCS of alkali slag cemented tailings backfill by utilizing

a comprehensive dataset. The author employed different algorithms to predict UCS values. Such
as SVM, RF, radial basis function neural network (RBF), convolutional neural network (CNN),
and LSTM. It is evident that some deep learning algorithms, such as RBF and SVM networks,
have shown better prediction accuracy by achieving a high coefficient of determiRatioh 99).

The results show that deep learning algorithms can significantly improve efficiency while
predicting UCS values. Kurniati et al. [17] applied three ML methods, i.e., simple linear model,
GP, and RF model, to develop a model for predicting the UCS of CPB containing copper mining
tailings as an admixture. Hyperparameters in the RF model were fine-tuned using Bayesian
optimization. Following a comprehensive evaluation of the models, it was found that the RF model
accurately predicted the UCS of the CPB across mixture designs. Additionally, it was noted that
cement, ground granulated blast-furnace slag, superplasticizers, and curing times positively
influenced compressive strength. Similarly, Zhang et al. [18] presented an LSTM method along
with the optimization of aggregate gradation to forecast the UCS of CPB. The authors revealed
that the cement content and slurry concentration are the most significant parameters that affect the
development of UCS through the sensitivity analysis. In addition, Du et al. [19] studied the
performance of hybrid models, such ganetic algorithm - support vector regression (GA-SVR)

and particle swarm optimization - support vector regression (PSO-SVR), for UCS prediction of
cemented backfill and observed significant improvement in the accuracy of predictions when using
PHWDKHXULVWLF RSWLPL]DWLRQ IRU WXQLQJ WKH PRGHOTYV K
on exploring the performance of ensemble learning models for UCS predictions in backfill
materials. Recent studies indicate that ensemble models, including random forest, AdaBoost, and
XGBoost, are likely to perform better than individual models, as they provide higher accuracy.
Other techniques, including stacking and hybrid methods, have also improved the performance of
the prediction model. However, the application of metaheuristic optimization coupled with
ensemble regression models has not gained much popularity and needs to be explored further [20].
An additional study describes a data-driven approach based on different machine learning
algorithms, such as XGBoost, GB, RF, LightGBM, SVR, KNN, etc., for predicting UCS for CPB
materials [21]. In this study, XGBoost showed higher prediction accuracy compared to other
algorithms, with a coefficient of determinati® approaching 0.99, highlighting the potential of



these algorithms in solving nonlinear problems for predicting UCS. Furthermore, ensemble
learning algorithms have been used for predicting early-age strength for phosphogypsum-based
backfill materials. A comparative study on different algorithms, such as AdaBoost, GBDT,
XGBoost, LGBM, RF, and ET, showed that ensemble learning algorithms perform better in
predicting UCS with higher reliability compared to conventional algorithms. The potential of
machine learning algorithms has been further explored for different backfill materials in different
studies. Zhou et al. [22] used a machine learning model for predicting UCS for alkali-activated
slag-based CPB materials, highlighting the potential of these algorithms in predicting complex
interactions between different parameters for backfill materials, which can be difficult to establish
through different experiments. Neural network algorithms for predicting UCS for different backfill
materials were widely explored. In this regard, a backpropagation (BP) neural network model was
used for predicting UCS for phosphogypsum composite cementitious backfill materials,
highlighting the potential of these algorithms in predicting UCS for different materials, such as
cementitious materials and chemical additives used in these ingredients. However, recent
investigations have emphasized the need for model interpretability. Chen et al. [23] proposed a
novel hybrid model based on the Grey Wolf optimizer and light gradient boosting machine (GWO-
LGBM) algorithm in combination with SHAP analysis for the prediction and analysis of the effect
of various parameters on the UCS of fiber-reinforced CPB. The consequences showed that the
proportions of the mixture were the dominant parameters, followed by the physical properties of
the tailings and the fibers. In [24], interpretable machine learning models were utilized for the
prediction and analysis of the UCS of the cemented paste backfill. The fallouts showed that the
curing time, water content, and chemical composition were the dominant factors in the prediction
of the UCS. A recent [25] proposed the use of the Optuna algorithm in combination with the tabular
prior-data fitted networkTabPFN) model and the SHAP analysis for the prediction and analysis
of the UCS of the CPB. The results were highly accui& (0.98). This model has the potential

to provide accurate results and insights into the prediction and analysis of the UCS. From the above
research articles, it is evident that the tree-based ensemble models GB, XGBoost, and LightGBM
are more accurate in the prediction and analysis of the UCS of the CPB compared to the traditional
statistical model. Recently, Zheng et al. [26] found that ML techniques, especially ensemble
methods such as DT, RF, AdaBoost, and XGBoost, have been found to possess better predictive
capabilities. The advanced techniques in the boosting family have been found to possess better
accuracy than the traditional models. Additionally, optimization techniques such as genetic
algorithm and grey wolf optimization (GWO) have been successfully used in combination with
ML techniques for better results. However, little work has been done on adjusting ensemble
techniques for small data sets. Also, Shahani et al. [27] used various indirect intelligent tools, such
as multiple linear regression analysis (MLR), artificial neural networks (ANN), and adaptive
neuro-fuzzy inference system (ANFIS), SVM, to predict the UCS of soft sedimentary rock. The
results also prove that using ensemble tools such as random forest and XGBoost yields better
accuracy. But using gradient boosting algorithms to predict UCS is still not common and requires
more work.

Despite the increasing use of ML tools for predicting the UCS of CPB, some significant issues
need to be addressed to enhance the accuracy of existing prediction methods. Several studies



[28,29] have successfully employed various ML models, including ANN, simple regression
analysis, or traditional ensemble models, to forecast UCS based on mixture parameters and curing
conditions of cemented backfill materials. However, these models are generally viewed as black
boxes, which limit their ability to provide insights into how different parameters, such as cement
content, curing time, solid concentration, and aggregate properties, affect UCS prediction.
Therefore, to improve the accuracy of existing models and gain a deeper understanding of UCS
prediction, this study aims to enhance these models by incorporating robust GBM models,
including LightGBM, CatBoost, AdaBoost, and GBM, to predict UCS for CHB materials.
Additionally, SHAP values quantify the influence of input parameters on UCS, and sensitivity
analysis evaluates how each input parameter affects UCS. The findings from this study reveal
nonlinear relationships among backfill mixture parameters and UCS, enabling better mix design
optimization, reducing experimental costs, and supporting more reliable decision-making for safer
and more efficient underground mining operations.

2. Construction of a Dataset

The dataset reflects critical geomechanical properties of rock samples, including UCS in MPa, CT
in %, CT in days, AT in %, and SD in %. This dataset originates from the publicly available online
literature, where the application of an adaptive neuro-fuzzy inference system holds [29]. Before
modeling, the dataset was cleaned. The dataset was split, with 80% used for model training and
20% used for testing. Throughout the modeling process, the hyperparameters of gradient boosting
models were optimized with the assistance of LightGBM, CatBoost, AdaBoost, and GBM. The
model's performance was evaluated using the coefficient of determin@§propt mean square

error (RMSE), and mean absolute error (MAE). Table 1 presents the statistical summary of the
dataset used in the current study, comprising 1,641 data points. The availability of the data suggests
the success of the ensemble models used, considering the size of the dataset.

Table 1. Statistical distribution of the dataset used in this study.

Statistical D (%) ATR CD (%) CT (days) UCS (MPa)
distribution

No. of data 1641 1641 1641 1641 1641
Max 76 11.45 29.98 28 6.34
Min 67 1.46 1.92 7 0.03
Range 9 9.99 28.06 21 6.31
Average 75.40 4.87 11.70 16.32 0.89
Std. Dev. 1.25 1.10 4.09 8.73 0.61

Figure 1 indicates the density distribution of four inputs (SD, AT, CD, and CT), and the output
UCS. The figure disclose that the data holds a combination of normal and n-normal distributions.
The distribution of SD shows a close-fitting distribution with a peak at roughly 75-76, signifying
low variability with a relatively uniform distribution of the data for SD. The AT distribution,
conversely, exposes a normal distribution with a peak at nearly 5-6, indicating a near-normal
performance with reasonable inconsistency. The distribution of CD reveals a clear multimodal
distribution with major peaks at approximately 10-12, indicating a high degree of variability with



possible effects of subdivisions. The distribution of CT exposes a multimodal distribution with
peaks at approximately 7, 14, and 29, indicating possible different classes of dimensions. The
distribution of UCS reveals a high degree of skewness, with most of the data determined at values
less than 1.5, indicating infrequent but possibly important effects of large values. Fig. 1, therefore,
reveal that a number of the variables have distributions that are not normal, indicating a possible
need for robust statistical analysis.
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Figure 1. Density distributions of inputs (SD, AT, CD, CT) and thewdUtf€S used in this study.

Figure 2 shows the correlation heatmap, which expresses the interactions between the inputs (SD,
AT, CD, and CT) and the output UCS. It illustrates that a robust positive relationship is detected
between CT and UCS (0.47), signifying that greater CT values are related to greater UCS. A



moderate positive correlation is also found between SD and AT (0.45), indicating a significant
direct relationship between these two variables. In contrast, CD and AT show a moderate negative
correlation (-0.35), indicating that increases in AT are related with decreases in CD. UCS shows a
weak negative correlation with AT =-0.20, while its relationship with SD is very weak and positive
(0.09). The most remote residual correlations are close to zero, mainly for individuals, including
CT with SD, AT, and CD, indicating negligible linear dependence among these variables. Figure
2 proposes narrow multicollinearity in the construction of the dataset, with only a few moderate
relations. This supports the use of these variables in subsequent statistical modeling and predictive
analysis.
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Figure 2.Correlation heatmap within input parameters and output UCS of the given dataset

3. Methods

To predict UCS of CHB, initially, the gradient boosting models were employed in this study,
followed by the data preparation, model training, and evaluation procedures. The models, such as
LightGBM, CatBoost, AdaBoost, and GBM, were selected due to their proven effectiveness in
nonlinear regression problems [27,32,46,47]. The approach adopted to optimize model
hyperparameters and improve generalization performance. The models were implemented in
Python, employing scikit-learn for AdaBoost, the LightGBM basis for gradient boosting, and the
CatBoost library for categorical boosting, to ensure the transparency and reproducibility of the
study. Fig. 3 shows the systematic flowchart of the proposed methodology in this study.
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2.1 Light Gradient Boosting Machine

LightGBM is a fast and efficient machine learning model based on the gradient boosting decision
tree (GBDT). LightGBM is an ensemble learning implementation based on the gradient boosting
framework, as presented in prior studies [30,31]. The model is based on the histogram-based DT
approach, which is efficient in both computation and prediction accuracy, using the leaf-wise
growth policy. It is based on the GBDT model, focusing on the ensemble learning of multiple
models, where each model is trained based on the residuals of the previous model, leading to the
convergence of the ensemble model to the optimal solution, as represented in Figure 4.

The model is built in stages, with one regression tree at a time, by optimizing a second-order
approximation of the objective, with the best leaf weights obtained in closed form at each iteration,
with greedy selection of the splits according to the gain provided.

(£ T L AfgsB : TABD ( (1)
B I: T is the m-th regression trele,is the space of regression trees, his the number of
boosting iterations.
At iteration m, LightGBM minimizes a regularized.
G LA g5  WALes T EBITH E x 5B )
L( ): differentiable loss (e.g., MSE, log-loss),|: tree complexity penalty
LightGBM uses:

x:B; W0 @&~ aAl o8P (3)

T: number of leavesy;: leaf weight, : regularization parameters.

Figure 4. Demonstrates the performance of leaf-wise lightGBM

2.2 Adaptive Boosting

AdaBoost, also known as Adaptive Boosting, is an ensemble ML model that combines multiple
weak learning models, such as decision stumps, into a powerful predictive model. The process is
carried out sequentially, with each model focusing on misclassified instances identified by
previous models by increasing the corresponding weights. The final prediction is made by
summing the outputs of all the weak models. As illustrated in Figure 5, this technique was initially
used to substantially improve the performance of weak classifiers, such as DTs [32]. This
technique is used for classification and regression issues. One of the major advantages of using



this technique is that it is highly adaptable, allowing compatibility with a wide range of models.
However, to obtain the best performance, several parameters and characteristics need to be tuned
[33].

Let D :T; D <F s & Besthe m-th weak learner and| its weight. The ensemble prediction after
M rounds is.

(£ T, L OEAfpsL D i T; (4)

Training modernizes weightSLf-Jél 'so that misclassified points get more weighl; depends on
WKH ZHDN OHDUQHWYYYV ZHLJKWHG HUURU

Uy L—EH@—Z”A& FPTUREAES FAUD T (5)

AdaBoost can be seen as minimizing the exponential logsa (; L ATW¢ R a stage-wise
manner.
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Figure 5. Graphical representation of the AdaBoost model
2.3 CatBoost

CatBoost is a sophisticated ML model developed by Yandex, a Russian firm, in 2017. CatBoost is
considered to be an advanced version of the GBDT model [34]. Generally, GBDT models are
trained on the residuals of the current model ensemble to produce each DT. This results in strong
inter-tree correlations and overfitting. CatBoost abstracts this problem using the ordered boosting
technique along with a new weight scheme. This technique reorders the training set and uses
identical leaf nodes to store similar feature values. This improves the accuracy and reliability of
the gradients while reducing their variance to tackle the overfitting problem.



In the GBDT model, the node split criterion is based on the mean values of the data labels. The
formula for this is given as:

TE“—— (6)

where ngenotes the!i feature of the R training sample;TEJrepresents the mean valuds an
indicator function that indicates whether a specific condition holds;arefers to the label value
of the | sample.

Unlike the GBDT method, the CatBoost algorithm uses an adaptive learning rate. This helps to
improve the accuracy of the model by precisely controlling the impact of weak learning at each
step. The process of implementing an adaptive learning rate in the CatBoost algorithm for neural
networks can be described as follows:

5
&* ¥p>5
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where Rienotes the iteration numbdk, signifies the learning rate for th® tound of iteration,
and EJgsignifies the average learning rate over the fiigrations.

Bootstrap N
samples
® ®
® o o ®° - o c @
: ° ¢ ®
e ® o o Y
L J ® Train
L J L J [ ] dataset
L2 %ece oo o e ® ©
A sequence of N trees is
constructed in a stage- l l
wise manner v
° /o o e O N
/@ e o @®. @
e © L N
r / L ] . S
e o ‘e ©®
“r&:lg].ll - /@ °® [ ] I
expansion ~ \

\ - Test
Weight dataset
predictor 1 expansion predictor N

Average'weight
Figure 6. Graphical representation of the CatBoost model

Unlike conventional neural network models, which require a huge dataset to train and deliver
accurate results, the CatBoost model is a decision tree-based model. This model does not require
a huge dataset to deliver accurate results. In addition, the CatBoost model can be trained efficiently



to deliver accurate results. This characteristic of the CatBoost model makes it unique in
comparison to other conventional neural network models in terms of training and prediction speeds
[35]. Figure 6 shows the performance of the CatBoost model.

2.4 Gradient Boosting Machine

Ensemble learning, where Figure 7 represents a set of weak learners that are combined to produce
a strong learner, is one of the promising paradigms of ML and is implemented using Boosting or
DT [36]. In the Boosting paradigm, a set of input objects is evaluated one by one, and successive
models are built to correct the errors of the previous model. More specifically, for each object, a
weak learnef is applied to produce an outputwheref; produces a hypothesiy, : T aiming to

reduce the error of the current model.

However, unlike AdaBoost, GB is a more general approach for ensemble learning. This approach
can be viewed as an optimization process with appropriate cost functions, and it is b&®8ed on
[37]. In this framework, GB is implemented as an ensemble learning algorithm following the
Boosting approach and utilizing multiple DT [38]. In other words, it is an iterative process for
optimizing a cost function over weak hypotheses, following the negative gradient direction (as
described in Eg. 3). More specifically,

G:TLGssTEGD:T; (8
Where the hypothesiB), : T is multiplied by the weight functioné,. In contrast with RF, GB

computes the loss function from the previous step and compensates for the loss"ofatation
at the (m + 1% step.
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Figure 7. Graphical representation of the gradient boosting model
2.5 Cross-Validation Method

The use of a systematic optimization approach is evident, which incorporates grid search and K-
fold cross-validation. The best predictor parameter combination is achieved based on evaluation
parameters, including ti® 506( DQG 0$( 7KH *ULG6HDUFK&9 IUDPHZRU



scikit-learn library, sequentially evaluates and scores all available hyperparameter combinati
within the distinct search space. In order to ensure the reliability of the generalization performance
a 5-fold cross-validation approach is used, as shown in Figure 8. The choice of the fold is based
on a balance between the need for statistical reliability and the availability of data. With the large
number of available data sets, increasing the folds will result in reducing the size of the available
data set for each fold, thus increasing the variance. Sensitivity analyses were conducted with
different fold numbers, and it was found that there were no significant improvements in the
strength of the prediction, thus supporting the use of a 5-fold cross-validation approach. The

*ULG6HDUFK&9 IUDPHZRUN QRW RQO\ HYDOXDWHV WKH PRG

prediction of the hyperparameters.

Whole dataset

!

l Test Fold | | Train Fold |

Cross-Validation

5-fold Cross-Validation
Figure 8. Standardized five-fold cross-validation method used in this work

2.6 ModelV fferformance evaluation

To estimate the performance of the suggested optimization gradient boosting models, such as
LightGBM, CatBoost, AdaBoost, and GBM, tR& RMSE, and MAE are used. The performance
criteria are calculated using Eqg. (8-10).

A @1
° AR K T ®)
506 ( §~QA8 WF W) (9)
0% ( —QAS WF (10)

Where Uand Ware the actual and predicted UCS values, respectilgiy the mean of the actual
UCS valuesn is the overall quantity of datasets.



3. Results and Discussion

The results illustrate that employing gradient boosting models is operational for the prediction of
UCS of CHB. It signifies that, among all models, the GBM model has good execution because of
its ability to decrease the errors of the models [26, 27, 39]. The uniformity of the results of the
train data set and the test data set shows that the models are well systematized and are not
experiencing significant overfitting. Moreover, the results of the factor analysis have shown that
the input variables are not equally contributing to the output of the models. A few of the input
variables are playing a vital role in the output of the models. At the same time, the influence of the
models indicates significant insights into the changes of the input variables. Overall, the results
have shown that the ensemble learning models are highly effective for the predictive purposes of
the UCS of CHB.

3.1 Hyperparameter Optimization

Table 2 highlights the optimization configuration and hyperparameters of the LightGBM,
CatBoost, AdaBoost, and GBM used in this study. For LightGBM, we considered varying learning

rates between 0.01 and 0.1, maximum depth between -1 and 10, and estimators between 100 and
300 to achieve a fair balance between model complexity and overall generalization ability. For
instance, low learning rates paired with high estimators often result in improved model
performance. For CatBoost, we considered varying numbers of iterations between 200 and 300,
learning rates between 0.01 and 0.05, and maximum depth between 4 @GXIH WR &DW % RR\
tendency to favor moderate numbers of iterations and low learning rates due to their symmetric

tree structure. For AdaBoost, we considered varying numbers of estimators, 100 and 200, and
learning rates, 0.01 and 1, as learning rates are criticaFfFBrQWUROOLQJ HDFK ZHDN
contribution to overall model performance. Likewise, we considered varying numbers of
estimators between 100 and 200, learning rates between 0.01 and 0.1, and maximum depth
between 3 and 5 for GBM models, as low depth is often preferred to allow for better generalization
through sequential minimization of residuals. Overall, the hyperparameters considered are
informed by common practices in prior studies [33, 38, 46-49]

Table 2. Optimization Configuration and hyperparameters of the developed models.

Hyperparameter value
Optimization setting

LightGBM learning_rate 0.01-0.1

max_depth -1-10
n_estimators 100-300
CatBoost iterations 200-300
learning_rate 0.01-0.05

max_depth 4-8

AdaBoost n_estimators 100-200

learning_rate 0.01-1
GBM n_estimators 100-200
learning_rate 0.01-0.1

max_depth 3-5




3.2 Analysisof ORGHOV Y 3 PétfGrinanisel Y H

In this study, Figure 9 represents a comparative evaluation of the predicted values and actual values
of UCS based on the performance of the four gradient boosting-based robust ML models, namely
LightGBM, CatBoost, AdaBoost, and GBM. It is observed from the graph that the daStiee 45
represents the ideal prediction, where the predicted values of UCS are closer to the actual value
It is evident from Figures 9(a) and (b) that the performance of LightGBM and CatBoost is quite
high, where the data points are densely clustered closer to the reference line. This specifies the
high accuracy of the prediction results. However, the performance of AdaBoost in Figure 9(c) is
relatively poor when the data points are scattered. It can be observed from Figure 9(d) that the
GBM performs well in terms of the high correlation coefficient, where the data points are
moderately scattered. Thus, in Figure 9, it can be observed that the GBM performs robustly in the
UCS of CHB.
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Figure 9. Scatter plot of actual versus predicted UCS values




The statistical performance metrics of the developed models are presented in Table 3. In Table 3
it is clear that the performance of the models was evaluated usifg, tRMSE, and MAE on

both the training and testing sets. The GBM model is the best performer in terms of simplification
among all the studied models, achieving the higRésalue of 0.86, with the lowest RMSE and

MAE values of 0.2289 and 0.1395, respectively, on the test data. This indicates that the GBM
model is the most accurate and consistent in its predictions on unseen data. Although the
LightGBM model also shows the best performance in terms of accuracy on the training set with
anR? of 0.95 and low error, at the test set, fesalue is significantly lower at 0.82, suggesting

that there is some level of overfitting in this model compared to the GBM model. On the other
hand, the performance of the CatBoost model is good, & walue is 0.83 at the test set with
medium error, signifying that this model has good predictive potential. However, the performance
of the AdaBoost model is the worst among all the models, as iR?*teslue is the lowest at 0.68

with the highest error, suggesting that this model had poor predictive potential in terms of
estimating the nonlinear relationship in CHB strength development. In summary, the ensemble
gradient boosting models, particularly the GBM model, show robust predictive accuracy in
predicting the UCS of CHB.

Table 3. Performance metrics of the developed ensemble prediction models.

Model Train Test
R? RMSE MAE R2 RMSE MAE
LightGBM 0.95 0.1401 0.0934 0.82 0.2597 0.1465
CatBoost 0.91 0.1824 0.1280 0.83 0.2492 0.1470
AdaBoost 0.79 0.2798 0.1997 0.68 0.3447 0.2161
GBM 0.93 0.1590 0.1130 0.86 0.2289 0.1395

Figure 10 illustrates the comparison of the predictive performance of LightGBM, CatBoost,
AdaBoost, and GBM models usii§, RMSE, and MAE on the training and testing datasets. As
represented in Figure 10, the GB models have good learning and predictive performance on the
training dataset, with LightGBM and GBM models performing better in terr®, dMSE, and

MAE compared to the CatBoost and AdaBoost. In particular, AdaBoost performs worse than the
other three models, with higher RMSE and MAE and loR%erMore importantly, the models'
performance on the test set indicates differences in their oversimplification performance. In
particular, the performance of the GBM model is the best among all the models, with the highest
R, lowest RMSE, and MAE, signifying that this model achieves the best in terms of predictive
performance on unseen data. In contrast, the performance of the LightGBM and CatBoost models
on the test dataset shows a moderate dr& aompared to show on the train dataset, suggesting
that there is some level of model flexibility and learning ability. In particular, the performance of
the AdaBoost model on the test dataset demonstrates the RAvésghest RMSE, and MAE,
signifying that this model is not good at modeling the nonlinear relationship between variables in
the framework of CHB. The above comparative analysis of the exhibition of the models on the test
and train datasets shows that the GBM model is more reliable in terms of predictive performance



from the perspective of UCS prediction. At the same time, it specifies that more recent gradient
boosting models can efficiently capture the composite relationships among variables in the
prediction of the UCS of CHB.
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Fig.10 Column chart plots of the performance metrics for O-LightB@y<€atBoost, and O-Ada
Boost and GBM

3.3 Taylor Diagram Representation

Figure 11 illustrates the Taylor diagram for both the training and testing datasets, showing a
comprehensive comparison between the predictive performance of gradient boosting models and
observed UCS values for CHB. The diagram allows for the simultaneous evaluation of three
statistical parameters, such B RMSE, and Standard deviation. This enables an integrated
evaluation and assessment of the predictive accuracy and reliability of each gradient boosting
model [39]. The Taylor diagram refers to a concise statistical explanation of how well the contexts
match their standard deviation and correlation. Taylor diagram can be expressed as in Eq. (11)
[40]:

4 L—'AAﬁ:é)?é&@?L‘E

(11)

Y N
WhereR highlights a correlatiorR is the discrete point numbelyand B are both vectorsés and
§illustrate the standard deviation oéndf, and Nyand B describe the mean value of vectdys

and B, respectively.

The Figure 11 analysis indicates that all models achieved strong agreement with observed values
during training; however, GBM consistently outperformed others by exhibiting hithand

lower RMSE. LightGBM and CatBoost also delivered reliable predictions, whereas AdaBoost
showed comparatively larger standard deviations, reflecting reduced accuracy. A similar pattern
was observed in testing, where GBM maintained superior generalization with standard deviations
closely matching measured data. The closeness of model outputs to the reference point confirms
improved predictive capability and reduced errors. Thus, boosting-based ensemble methods,



particularly GBM, demonstrate enhanced effectiveness in modeling nonlinear relationships for
UCS prediction, consistent with prior relevant studies [38,41].
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Figure 11. Graphical representation of the Taylor diagram
3.4 SHAP Analysis

SHAP analysis boosts the prediction of UCS of CHB, quantifying the impact and collaboration of
input parameters such as CT, CD, SD, and AT, so refining model interpretability and supporting
optimized mix design and decision-making in geomechanical engineering applications. Figure 12
shows SHAP summary plots for the gradient boosting models for both training and testing datasets,
showing that the feature contributes to the prediction of the UCS for CHB. SHAP values measure
how each feature affects the prediction, with positive SHAP values showing an increase in UCS,
while negative SHAP values represent a decrease in UCS [48,49].

From Figure 12, it is evident that the feature with the most significant effect on UCS prediction is
the CD, as shown by the wide range of SHAP values for the feature in both plots. The SHAP values
for feature range from negative to positive, with higher CD in red showing higher SHAP value
magnitudes, thus indicating that this feature has a significant positive effect on UCS prediction,
while lower CD in blue have lower SHAP value magnitudes, showing that this feature has a small
effect on UCS prediction, thus validating the fact that longer durations in the curing process
improve CHB strength through hydration reactions. In the study by Li et al. [42], CD and the CT
ratio were identified as the dominant factors determining the strength of the backfill material.
While CD was found to be more important than CR in this analysis, the literature [43] and the
GBM model results are consistent: in both cases, the greater the cement content and the longer the
curing time, the higher the UCS value. Other factors, such as AT and SD, had very little influence
RQ WKH PRGHOYfV UHV X0 WsMts $@n D Ghis hqaRsisQuienZheWtues/frt DU H
and cement are held constant.
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3.5 Sensitivity Analysis

The cosine amplitude method (CAM) was employed for sensitivity analysis. Since only the GBM
model demonstrated ideal UCS prediction, sensitivity analysis was conducted exclusively on this
model. The sensitivity between an input variakl@nd outputy using CAM is represented in
equation (12) [50].

~D . %L
L —208-f060 (12)
§A% .85 8A85.10
Where, Nis the sensitivity (cosine amplitude value) of variabl&; gs the value of input variable
i at data poink, U,is the output value at data pokptandn is the number of data points.
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Figure 13. Sensitivity analysis of the GBM Model



Figure 13 illustrates the important features based on the GBM prediction model applied to the test
set for the prediction of the UCS of the CHB. The vertical axis represents the parameters, which
are enumerated based on their limitations: CT, CD, AT, and SD. The horizontal axis represents
the significance of the parameter; it is observed that the CD has the highest importance score of
about 0.65, indicating that the prediction is highly sensitive to the CD. It is observed that the CT
has the second-highest importance score of about 0.26. In distinction, the standing scores of the
last two factors, AT and SD, are almost zero. The result shows that the CD is the most prevailing
factor in the prediction outcomes. In contrast, the influence of the cement ratio is not as significant
as the CD but is still significant. In comparison, the influence of the AT of the backfill is very low.
This is consistent with the fact that the UCS gained by the backfill is mostly a purpose of the CD.
It is widely understood that the backfill gains strength mostly during the time from 7 days to 28+
days [29,42].

The results can be related to the findings of current studies conducted in this area. It has been found
that the UCS of CHB is mainly related to the CT, SD, curing temperature, and CD the outcomes
of the present model are consistent with the findings of Li et al. [42], as the variable of CD has
been identified as the highest factor in the present study, as it has been shown in the previous study,
with the variable of CT ranking second in the present study, as opposed to ranking first in the
aforementioned. Qi et al. [43] identified the cement ratio (CR) as the top factor in the DNN model
based on the global CPB dataset. Xiong et al. [44], the variable of binder proportion (tailings
percentage) has been identified as the topmost factor, with the variable of curing ranking second
in importance in this study. These findings can be clarified in light of the fact that the amount of
cement in the mixes is already sufficient; thus, the addition of more cement will only have a
marginal effect on the strength of the mixes, with the variable of CD ranking first in importance

in the present study. Min et al. [45], it was found that binder content and slurry attraction are
important variables in determining the UCS of the CPB. In conclusion, it can be believed that
previous studies have shown that the strength of the CHB is determined by variables such as CR
and CD, and the sensitivity analysis of the present model has shown that the variable of CD is the
predominant factor in determining the strength of the CHB.

4. Conclusion

This study proposes a novel explainable GBM model in forecasting the UCS of CHB, which
addresses the major limitations of conventional and black-box ML techniques. The study yielded
the following important conclusions:

1) This study presents LightGBM, CatBoost, AdaBoost, and GBM to predict UCS based on
input variables, such as CD in days, CT in %, AT, and SD in %. To avoid overfitting, the
dataset of 1,641 samples was distributed into 80% for training and 20% for testing. The
results illustrate that the GBM model gives the highest accuracy in predicting UCS than
the other studied models, achievingRérs 0.93, MAE = 0.1130, RMSE = 0.1590, during
training; and?? = 0.86, MAE = 0.1395, RMSE = 0.2289, during testing.

2) Taylor diagram representation for both the train and test datasets, illustrating an inclusive
evaluation between the predictive performance of gradient boosting models and detected



UCS values for CHB. The diagram allows for the immediate evaluation of three statistical
parameters, such 8, RMSE, and Standard deviation. In addition, SHAP provides a clear
understanding of the effect and influence of each parameter in predicting outcomes by
incorporating SHAP analysis results, which reveal that CT in % and CD in days have a
significant positive impact on UCS prediction, while variations in SD in % and AT have a
significant impact on UCS prediction.

3) Sensitivity analysis using CAM was employed, since only the GBM model validated the
robust UCS prediction. In comparison to previous studies that mainly emphasized
predictive results in this area, this study places more emphasis on model transparency and
interpretability, which are more applicable and helpful for engineers in practice.

4) In summary, this study contributes to explainable Al in mining or geotechnical engineering
and proposes a reliable predictive model, particularly GBM, for safe and efficient
underground mining operations.

To develop model simplicity, it is recommended to expand the number of datasets in demand to
include a variety of actual circumstances, such as binders, tailings, and environmental assessment
criteria. To develop prediction performance, hybrid models integrating gradient boosting with
metaheuristic optimization models, including genetic algorithms (GA), particle swarm
optimization (PSO), or whale optimization (WQO), may be investigated. Future work may also look

at merging physics-informed ML models with deep learning techniques to enhance the capture of
key material performance. Furthermore, confirming the developed models through actual field
measurements will increase their real-world efficiency. The implementation of these models in
real-time predicting applications or smart decision-assistance stages could considerably enhance
engineering workflows for CHB design and optimization.
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