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Abstract
The depletion of shallow coal resources necessitates the advancement of deep mining operations, where accurate prediction 
of coal–rock composite mechanical behavior is critical for disaster prevention. This study systematically develops and evalu-
ates a machine learning (ML) framework for predicting key mechanical properties. A dataset of 162 experimental results 
was collected, incorporating ten input features such as densities, elastic modulus, uniaxial compressive strengths (UCSs), 
and key ratio parameters of coal–rock components. Five base models, namely backpropagation neural network (BPNN), 
extreme gradient boosting (XGBoost), support vector machine (SVM), extreme learning machine (ELM), and random forest 
(RF), were optimized using the sparrow search algorithm (SSA). The results show that the SSA–SVM model achieved the 
best prediction accuracy on test data, with determination coefficients of 0.90 for composite UCS (Urc) and 0.85 for elastic 
modulus (Erc). Feature importance analysis highlighted the significant influence of coal proportion (Rc) and strength ratios 
(Ru) on composite mechanical performance. As Rc increases, the overall composite strength decreases. Higher strength ratios 
also alter load-transfer efficiency between coal and rock and increase the risk of interfacial failure. This study provides data-
driven insights for designing safer underground support systems in deep mines and mitigating mining disasters.

Keywords  Machine learning · Coal–rock composites · Compressive strength · Feature importance analysis

Highlights

•	 SSA-optimized ML models predict coal-rock composite UCS and elastic modulus well.
•	 SSA-SVM model achieved highest accuracy (R2=0.90 for UCS, R2=0.85 for E).
•	 Coal proportion and rock-to-coal strength ratio dominate composite failure mechanisms.
•	 Data-driven insights enable safety design for deep mining hazard mitigation.

Introduction

The declining availability of shallow coal reserves is pushing 
mining operations into deeper geological formations. In these 
challenging environments, complex stress conditions and intense 
extraction processes dramatically increase risks of critical haz-
ards like rockbursts and coal–gas outbursts (He et al. 2023, 
2021; Qiao et al. 2024; Wang et al. 2021). These disasters pre-
dominantly originate from structural weak points—particularly 
coal–rock interfaces in mine roadways and lithological transition 
zones near mined-out areas (Chen et al. 2022; Fu et al. 2023; Niu 
et al. 2022). Figure 1 illustrates typical geological configurations 
of coal–rock/soft–hard rock composites. Research indicates that 
these catastrophic events originate from instability in composite 
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systems (Huang and Liu 2013; Lai et al. 2024; Li et al. 2021; 
Qiu et al. 2020). Crucially, conventional testing methods focus-
ing on single materials prove inadequate for evaluating burst 
risks in composite structures, underscoring the requirement for 
prediction of composite mechanical properties (uniaxial com-
pressive strength (UCS) and elastic modulus).

In recent decades, characterizing coal–rock composite 
strength has become crucial for geomechanical assess-
ments. UCS and elastic modulus are typically deter-
mined by uniaxial compression tests following stand-
ards proposed by the American Society for Testing and 
Materials (ASTM) (2023) or the International Society 
for Rock Mechanics (ISRM) (Ulusay and Hudson 2007). 
Experimental studies have identified key factors such as 
coal–rock height ratio (Xie et al. 2019; Yin et al. 2023), 
interface inclination angle (Shen et al. 2022; Wang et al. 
2020a; Xu et al. 2024a; Yu et al. 2021), interfacial strength 
(Gao et al. 2023; Li et al. 2015; Xu et al. 2024b), and 
strength differentials between coal and rock (Liu et al. 
2018; Zhao et  al. 2014) that control the mechanical 
behavior of composites. It has been reported that com-
posite UCS and elastic modulus values scale positively 
with rock content (Tian et al. 2024; Wang et al. 2020b). 
Notably, coal properties exert greater influence than rock 
characteristics on composite behavior (Wang et al. 2024; 
Yang et al. 2020), with coal components showing higher 
damage levels and elastic energy release during failure 
(Tan et al. 2022; Zhao et al. 2024). Acoustic emission 
(AE) monitoring has emerged as a vital tool in geome-
chanical investigations (Jiang et al. 2024a, 2024b; Wang 
et al. 2025; Zhu et al. 2024), particularly for characterizing 
failure mechanisms and potential precursors of coal–rock 
composites (Jing et al. 2025, 2023, 2024).

However, practical experimental constraints arise from 
the brittle nature of coal specimens that complicate prepara-
tion processes, coupled with insufficient sample quantities 
that limit statistical reliability (Hu et al. 2023; Zhang et al. 
2022). Existing theoretical models developed for homogene-
ous materials prove inadequate for composites due to unre-
solved interactions between material strengths, composition 
ratios, and interfacial geometries (Hoek and Brown 2019; 
Huang et al. 2022; Shaunik and Singh 2019). Furthermore, 
knowledge gaps remain regarding how multiple measurable 
parameters are jointly associated with the mechanical behav-
ior of coal–rock composites. Data-driven models, combined 
with feature importance and correlation analyses, may pro-
vide preliminary insights into these coupled effects.

Machine learning (ML) has become a powerful tool for 
addressing complex nonlinear problems in engineering geol-
ogy (Fathipour-Azar 2021; Jitchaijaroen et al. 2024; Kakasor 
Ismael Jaf et al. 2023; Paudel et al. 2023; Rajabi et al. 2021; 
Tran et al. 2024; Xu et al. 2023). Although ML models excel 
at identifying intricate parameter relationships, they typically 

lack interpretability regarding directional dependencies between 
input variables and mechanical responses. Successful applica-
tion requires careful integration of geological expertise with 
optimized data processing, model selection, and validation 
strategies (Indraratna et al. 2023; Kumar et al. 2024). Numer-
ous algorithms demonstrate strong predictive capabilities for 
UCS and elastic modulus, ranging from artificial neural net-
works (ANNs) (Dehghan et al. 2010; Yilmaz and Yuksek 2009) 
and support vector machines (SVM) (Ceryan 2014) to ensem-
ble methods like random forest (RF) (Barzegar et al. 2019) and 
extreme gradient boosting (XGBoost) (Jodeiri Shokri et al. 
2024). Recent advancements combine these models with bio-
inspired optimization algorithms such as sparrow search algo-
rithm (SSA) (Wang et al. 2023a), gray wolf optimizer (GWO) 
(Li et al. 2023), and particle swarm optimization (PSO) (Ngo 
et al. 2023), which significantly enhances computational effi-
ciency and prediction accuracy. Studies like Khatti and Grover 
(2024) demonstrate systematic approaches for optimizing input 
variables (including density, wave velocity, and elastic modu-
lus) across eight ML models to maximize UCS prediction 
performance. Emerging techniques integrating nondestructive 
testing (ultrasonic pulse velocity, rebound hammer) with ML 
predictions show strong correlations with conventional destruc-
tive tests (Aboutaleb et al. 2017; Han et al. 2019; Wang et al. 
2023b). However, current research predominantly focuses on 
homogeneous rock types (e.g., sandstones, limestones), leaving 
critical knowledge gaps in understanding the failure mechanisms 
and parameter interactions specific to coal–rock composites. The 
mechanical interdependencies between coal and rock compo-
nents in these heterogeneous systems remain poorly quantified, 
particularly regarding how material properties, interface geom-
etries, and loading conditions jointly influence failure processes. 
This underscores the need for targeted investigations combining 
advanced ML techniques with dedicated composite mechanics 
studies.

This study develops, validates, and interprets a machine 
learning framework for predicting the UCS and elastic 
modulus of coal–rock composites using five SSA-optimized 
models: backpropagation neural network (BPNN), extreme 
gradient boosting (XGBoost), support vector machine 
(SVM), extreme learning machine (ELM), and random for-
est (RF). The main contributions of this study are fourfold: 
(1) A comprehensive dataset containing 162 coal–rock 
composite samples with different lithological combinations 
was compiled and analyzed; (2) based on this dataset, five 
models were trained and utilized for prediction, validating 
the rationality of employing ML methods to predict param-
eters of coal–rock composite samples; (3) a comprehensive 
analysis of feature importance was conducted to interpret the 
underlying principles of the data-driven findings; (4) an in-
depth discussion on the limitations of the models and their 
potential for practical application in deep mining engineer-
ing was provided.
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Dataset and preprocessing

Data sources and preprocessing

A comprehensive dataset of 162 coal–rock composite 
specimens was compiled from 47 published experimen-
tal studies (full references in Online Appendix A). To 
improve data consistency and quality, several preprocess-
ing procedures were implemented before model devel-
opment. All variables were converted to consistent SI 
units, and only specimens with comparable cylindrical 
dimensions (nominally 50 mm in diameter and 100 mm 
in height) were retained. Boxplot analysis was further 
used to detect potential outliers, and extreme values were 
checked against the original publications; those associ-
ated with clear reporting errors were excluded. In addition, 
for studies reporting multiple specimens under identical 
conditions, mean values were calculated to reduce within-
study variability.

The source studies generally followed ISRM or ASTM 
procedures. Most tests used standard cylindrical speci-
mens, servo-controlled uniaxial loading, continuous 
load–displacement recording, peak stress as the maximum 
sustained load, and elastic modulus derived from the linear 
segment of the stress–strain curve.

However, some variations in loading rate, end con-
ditions, and data acquisition procedures may still exist 
across different laboratories. These differences may intro-
duce additional uncertainty into the compiled dataset and 

should be recognized as an inherent limitation of multi-
source data aggregation.

Variable selection and description

A total of ten variables were considered, including densi-
ties ( Dr for rock and Dc for coal), elastic moduli ( Er for 
rock and Ec for coal), uniaxial compressive strengths ( Ur 
for rock and Uc for coal), the rock-to-coal property ratios 
( Rd for density, RE for elastic modulus, and Ru for UCS), 
and coal proportion ( Rc ). The composite uniaxial compres-
sive strength ( Urc ) and composite elastic modulus ( Erc ) 
were defined as the target outputs.

The ten input variables were selected to balance physi-
cal interpretability, engineering measurability, and data 
availability (Dehghan et al. 2010; Hu et al. 2023). They 
cover three complementary aspects of coal–rock compos-
ite behavior: intrinsic properties of the constituent mate-
rials, relative property mismatch between rock and coal, 
and the structural proportion of the weaker coal phase. 
Therefore, these variables provide a compact but physi-
cally meaningful representation of both absolute material 
effects and coal–rock compatibility for the present data-
set. The selected variables should not be interpreted as a 
statistically optimal feature subset; rather, they represent 
a practically measurable and mechanically interpretable 
input set suitable for the current data-driven framework.

Fig. 1   Coal–rock composite and soft–hard rock composite: (a) in situ schematic diagram, (b) composite samples (Guo et al. 2023)
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Statistical analysis and feature selection

The statistical characteristics of the selected variables are sum-
marized in Table 1, with the full dataset provided in Online 
Appendix A. The data cover a relatively broad range of under-
ground mining conditions. For example, rock UCS ranges from 

20 to 141 MPa, whereas coal UCS ranges from 5 to 44 MPa. 
The distributions of the input variables are further illustrated by 
violin plots in Fig. 2, which combine quartile ranges, median 
values, and kernel density estimation to visualize data variability.

The dataset exhibits several notable outliers, particu-
larly in elastic modulus measurements, which may pose 

Table 1   Statistical indicators of variables

variables Mean Standard deviation Min 25% 50% 75% Max

Rock density (Dr, kg/m3) 2485.09 148.09 2130.00 2400.00 2500.00 2580.00 2800.00
Coal density (Dc, kg/m3) 1342.39 59.34 1229.00 1300.00 1340.00 1383.00 1473.60
Elastic modulus of rock (Er, GPa) 8.64 7.00 2.03 4.79 6.71 9.17 32.97
Elastic modulus of coal (Ec, GPa) 1.80 0.88 0.48 1.31 1.61 2.32 6.72
UCS of rock (Ur, MPa) 66.26 33.08 20.31 36.37 58.49 87.30 141.29
UCS of coal (Uc, MPa) 17.99 8.43 4.87 12.47 15.50 24.97 43.70
Density ratio of rock to coal (Rd) 1.85 0.11 1.31 1.78 1.85 1.92 2.16
Elastic modulus ratio of rock to coal (Re) 5.13 3.39 0.85 2.81 3.86 7.79 20.33
UCS ratio of rock to coal (Ru) 4.51 3.03 0.72 2.18 3.84 5.98 17.39
Coal proportion (Rc) 0.43 0.16 0.05 0.30 0.50 0.50 0.88
Composite UCS
(Urc, MPa)

23.47 10.24 5.61 15.94 21.20 28.25 62.09

Composite elastic modulus (Erc, GPa) 3.02 2.03 0.54 1.80 2.61 3.40 15.19

Fig. 2   Violin plots of input and output variables
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challenges for model fitting during training and validation. 
To further investigate variables interdependence and sup-
port feature interpretation, pairwise correlation analysis was 
performed, as shown in Fig. 3. Spearman’s rank correla-
tion coefficient was adopted instead of Pearson’s correlation 
coefficient because of its greater robustness to outliers and 
potential nonlinearity in the data. Although no strict feature 
elimination was performed, the distribution and correlation 
analyses support the relevance of the selected variables.

The results indicate that the composite strength ( Urc ) and 
composite elastic modulus ( Erc ) are positively correlated with 
the corresponding mechanical properties of the coal and rock 
components, which is generally consistent with engineering 
expectations. In contrast, Urc shows a negative correlation 
with coal proportion ( Rc ) and the rock-to-coal strength ratio 
( Ru ), suggesting that a stronger contrast between rock and 
coal properties may reduce the integrity of the composite 
system. Compared with the direct mechanical parameters 
such as UCS and elastic modulus, Rc shows weaker associa-
tions with some intrinsic material variables, indicating that 
it should be interpreted mainly as a structural proportion 
parameter rather than an intrinsic material property.

Data partitioning and normalization

Following common practice in regression modeling, the 
dataset was randomly divided into training and testing 
subsets at a ratio of 80:20 (Qiu et al. 2023). This resulted 
in 130 training samples and 32 testing samples, providing 
sufficient data for model development while preserving an 
independent dataset for performance evaluation.

Before model training, all input features were normal-
ized to the [0, 1] range using min–max scaling to elimi-
nate scale disparities among variables and improve opti-
mization efficiency. The normalization was performed as 
follows:

where Xi is the normalized value; Xmin and Xmax are mini-
mum and maximum values of the corresponding feature, 
respectively.

(1)Xi =
X − Xmin

Xmax − Xmin

Fig. 3   Spearman correlation matrix of the input and output variables
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ML methodology

Overview of ML algorithms

Five representative machine learning models, namely 
BPNN (Rumelhart et  al. 1986), XGBoost (Chen and 
Guestrin 2016), SVM (Drucker et al. 1996), ELM (Huang 
et al. 2006), and RF (Breiman 2001), were employed in 
this study to predict the uniaxial compressive strength and 
elastic modulus of coal–rock composites. These models 
were selected because they represent three commonly used 
nonlinear regression paradigms, namely neural-network-
based, kernel-based, and tree-based learning, and thus pro-
vide a broad basis for comparing predictive behavior under 
the same dataset and evaluation framework.

BPNN and ELM were included as representative neu-
ral-network models because of their ability to approxi-
mate nonlinear input–output relationships, although their 
performance may be sensitive to network structure or ini-
tialization. SVM was adopted as a representative kernel-
based model because of its strong generalization ability, 
especially for relatively limited datasets. XGBoost and 
RF were selected as representative tree-based ensemble 
models because of their robustness in handling nonlinear 
relationships and feature interactions.

To ensure a fair comparison, all five models were 
trained using the same input variables, target outputs, data 
partition, and evaluation metrics. Their key hyperparam-
eters were optimized using SSA so that the comparison 
reflected differences in model characteristics rather than 
arbitrary parameter selection. Detailed implementation 
and optimization procedures are described in Sects. “Spar-
row search algorithm for optimization” and “Model imple-
mentation and evaluation metrics.”

Sparrow search algorithm for optimization

To improve model performance and avoid arbitrary hyper-
parameter selection, the sparrow search algorithm (SSA) 
was employed to optimize the key hyperparameters of the 
five ML models. SSA is a population-based swarm intel-
ligence algorithm inspired by the foraging and anti-pre-
dation behavior of sparrows (Xue and Shen 2020). Owing 
to its simple structure, strong global search ability, and 
fast convergence, SSA has been widely used in parameter 
optimization problems.

In SSA, producers, scroungers, and sentinels jointly 
balance global exploration and local exploitation during 
iterative optimization. For producers, their positions are 
updated adaptively according to the current search state, 
which can be expressed as:

where ca
i,j
, ca+1

i,j
 denote the position of the i-th sparrow in the 

j-th dimension at the a-th and (a + 1)-th iterations, respec-
tively; itermax is the maximum iterations; � ∈ (0,1] ; R ∈ [0,1] 
is a warning threshold; ST ∈ [0.5,1] is a safety threshold; Q 
follows a normal distribution; and L is a unit matrix.

The position of scroungers is updated according to the 
location of producers and the current global best/worst solu-
tions, allowing the population to further exploit potentially 
optimal regions. Meanwhile, sentinels adjust their posi-
tions when danger is detected, thereby helping the swarm 
escape from local optima and improving the robustness of 
the search process.

In this study, SSA was used to optimize the principal 
hyperparameters of BPNN, XGBoost, SVM, ELM, and RF. 
For BPNN and ELM, the optimization mainly focused on the 
hidden-layer structure and other training-related parameters. 
For SVM, the penalty coefficient and kernel-related param-
eters were optimized. For XGBoost and RF, the optimiza-
tion targeted the key tree-structure and ensemble-control 
parameters. The search ranges of all optimized hyperpa-
rameters were predefined based on commonly used values 
in previous studies and preliminary trial experiments, so as 
to ensure sufficient exploration while avoiding excessive 
computational cost. During the iterative search, parameter 
combinations with lower fitness values were progressively 
retained. The final search ranges and optimized values are 
summarized later in Table 5.

By introducing SSA-based optimization, the developed 
models became less dependent on empirical parameter selec-
tion, and the comparison among different algorithms was 
made more objective and reliable.

Model implementation and evaluation metrics

All models were implemented in MATLAB, and the overall 
prediction framework is illustrated in Fig. 4. The dataset was 
first divided into training and testing subsets; normalization 
parameters were calculated from the training set and then 
applied to both subsets according to the procedure described 
in Sect. “Data partitioning and normalization.”

For each model, SSA was used to optimize the key hyper-
parameters before final training. In the optimization process, 
each sparrow represented one candidate hyperparameter 
combination, and the RMSE on the training set was used 
as the fitness value. After iterative optimization, the best 
hyperparameter combination was adopted to construct the 
final prediction model. The optimized hyperparameters and 

(2)ca+1
i,j

=

{

ca
i,j
⋅ exp

(

−
i

𝛼⋅itermax

)

,R < ST

ca
i,j
+ Q ⋅ L,R ≥ ST
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convergence behavior are discussed in Sect. “Model com-
parison and hyperparameter analysis.”

Model performance was evaluated using four regression 
metrics: the coefficient of determination (R2), RMSE, mean 
absolute error (MAE), and variance accounted for (VAF), 
with reference to established methodologies (Chai and 
Draxler 2014; Kumar et al. 2022, 2023a, 2023b; Kumar 
et al. 2024). Higher R2 and VAF and lower RMSE and MAE 
indicate better predictive performance. The definitions of 
these evaluation metrics are summarized in Table 2, where 
Pi and Ai denote the predicted and actual values of the i-th 
sample, respectively, and n is the total number of samples. 
Together, these metrics were used to compare the fitting 

accuracy, prediction error, and generalization performance 
of the five models.

Results and discussion

Model performance and comparative analysis

The predictive performance of the SSA-optimized machine 
learning models is summarized in Table 3 and Figs. 5, 6, 
7 and 8. For Urc prediction, SSA–SVM achieved the best 
overall test performance, with R2 = 0.90 and RMSE = 3.98, 
whereas SSA-ELM showed the lowest accuracy. 
SSA–XGBoost and SSA–RF also performed well, but their 
final prediction accuracy remained slightly lower than that 
of SSA-SVM.

The superior performance of SSA–SVM may be attrib-
uted to its kernel-based nonlinear mapping and strong gen-
eralization ability, which are particularly suitable for limited 
and heterogeneous datasets. In contrast, SSA–BPNN and 
SSA–ELM appeared more sensitive to initialization and data 
heterogeneity, likely reduced their predictive stability. The 
relatively good performance of SSA–XGBoost and SSA–RF 
further indicates that ensemble-based methods are effective 
in capturing nonlinear relationships in coal–rock composite 
data.

Fig. 4   Workflow of the ML model framework for predicting the mechanical parameters of coal–rock composites

Table 2   Performance metrics

Metrics Expression Ideal Value

R2 ∑n

i=1 (Ai−Aavg)
2
−
∑n

i=1 (Ai−Pi)
2

∑n

i=1 (Ai−Aavg)
2

1

RMSE
�

1

n

∑n

i=1

�

Ai − Pi

�2 0

MAE 1

n

∑n

i=1
�

�

Pi − Ai
�

�

0

VAF (

1 −
var(Ai−Pi)
var(Ai)

)

× 100%
100
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For Erc prediction, SSA–SVM again achieved the best 
performance (R2 = 0.85), while SSA–RF showed lower 
accuracy (R2 = 0.71) (as shown in Fig. 7). The moderate 
performance of BPNN suggests that increasing network 
complexity does not necessarily improve performance under 
limited-sample conditions. Instead, robust generalization 

appears to be more important than model complexity for 
the present dataset.

Another notable feature is the difference between train-
ing and testing performance. SSA–XGBoost achieved 
high training accuracy for Urc prediction ( R2 = 0.91 ) but 
showed a moderate decline on the testing set ( R2 = 0.86 ), 

Table 3   Comparison of 
performance metrics of various 
ML models

ML models Training dataset Testing dataset

R2 VAF MAE RMSE R2 VAF MAE RMSE

BPNN Urc 0.80 80.48 3.05 4.34 0.82 85.88 3.63 4.85
Erc 0.89 89.21 0.41 0.65 0.78 79.67 0.71 1.67

XGBoost Urc 0.91 91.49 1.71 3.02 0.86 86.29 2.49 3.48
Erc 0.66 66.75 0.75 1.25 0.77 77.23 0.52 0.67

SVM Urc 0.96 96.51 0.56 1.76 0.90 90.77 3.12 3.98
Erc 0.99 98.86 0.10 0.20 0.85 85.82 0.64 1.01

ELM Urc 0.74 73.59 3.64 5.21 0.77 77.52 3.80 4.77
Erc 0.77 77.22 0.66 0.96 0.76 76.03 0.84 1.06

RF Urc 0.93 92.87 1.90 2.81 0.90 90.38 1.94 2.61
Erc 0.63 62.96 0.65 1.17 0.71 71.53 0.80 1.30
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Fig. 5   Comparison between the measured and predicted UCS values for the training and testing datasets: a SSA–BPNN, b SSA–XGBoost, c 
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indicating mild overfitting. SSA–ELM showed only a small 
decrease from training to testing, indicating acceptable gen-
eralization, although its absolute accuracy remained lower 
than that of SSA–SVM. By contrast, SSA–SVM maintained 
consistently strong performance on both the training and 
testing sets, demonstrating better generalization and more 
stable predictive behavior. Overall, these results suggest 
that model suitability for coal–rock composite prediction 
depends not only on nonlinear fitting ability, but also on the 
capacity to maintain robust generalization under limited and 
heterogeneous data conditions.

Feature importance analysis

The importance of input features was evaluated for the five 
ML models, as shown in Figs. 9 and 10. To improve inter-
pretive rigor, the feature importance results were analyzed 
together with the Spearman correlation matrix in Fig. 3, so 
that the dominant features could be interpreted from both 
model-based rankings and their statistical associations with 
the target mechanical properties.

For Urc prediction, the constituent strength parameters, 
especially coal strength (Uc), consistently ranked among the 
most influential variables across the models, as shown in 
Fig. 9. This is consistent with the correlation analysis, in 

which Uc showed a stronger positive association with Urc, 
than rock strength (Ur) (as shown in Fig. 3). The result sug-
gests that the composite strength is strongly controlled by 
the weaker constituent, in agreement with the weakest-link 
interpretation of coal–rock failure (Zuo et al. 2013). In addi-
tion, the rock-to-coal strength ratio (Ru) and coal proportion 
(Rc) were also identified as important factors. Their roles 
are also supported by the Spearman analysis, in which Rc 
and Ru show negative associations with Urc. A higher Rc 
increases the proportion of the weaker coal phase and there-
fore reduces the overall composite strength, whereas a larger 
Ru reflects a stronger strength mismatch between rock and 
coal, which may intensify interfacial stress concentration 
and promote premature instability.

For Erc prediction, coal proportion (Rc) was the most 
influential variable, followed by the constituent elastic mod-
uli (Ec and Er) and the rock-to-coal modulus ratio (Re) (as 
shown in Fig. 10). This pattern is broadly consistent with the 
correlation matrix, in which Erc is positively associated with 
the elastic properties of the constituent materials, while the 
influence of structural proportion and modulus mismatch is 
also evident. These results suggest that composite stiffness 
depends not only on the absolute stiffness of coal and rock, 
but also on their relative proportion and modulus mismatch, 
which together affect deformation compatibility and stress 
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Fig. 6   UCS prediction performance of various models on the testing dataset: a SSA–BPNN, b SSA–XGBoost, c SSA–SVM, d SSA–ELM, e 
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redistribution within the composite (Chai et al. 2023; Chen 
et al. 2019; Wang et al. 2024).

The consistency between feature importance and correla-
tion analysis reinforces the reliability of the interpretation. 
Variables that rank highly in the ML models, such as Uc, 
Rc, Ru, and Re, also show meaningful statistical associations 
with Urc or Erc in the Spearman matrix. At the same time, 
differences between the two analyses are expected. Spear-
man correlation only describes pairwise monotonic asso-
ciation between two variables, whereas feature importance 
reflects the contribution of each variable within a multivari-
ate nonlinear prediction framework. Therefore, a variable 
with moderate pairwise correlation may still receive high 
model importance if it contributes significantly through non-
linear interactions with other variables. Overall, the com-
bined evidence indicates that coal–rock composite behavior 
is governed not by any single parameter alone, but by the 
coupled effects of constituent properties, material propor-
tion, and mechanical mismatch (Hu et al. 2022; Tan et al. 
2022).

Multi‑parameter synergistic effects

The following discussion should be interpreted as a qualita-
tive analysis of coupled parameter effects based on feature 
importance rankings, correlation trends, and mechanical rea-
soning, rather than as a fully quantitative interaction analy-
sis. The feature importance results further reveal that the 
five ML models differed in how they captured the coupled 
effects of material proportion, strength contrast, and stiff-
ness compatibility in coal–rock composites. These differ-
ences provide additional insight into why the models showed 
different predictive performance.

For SSA–SVM, the RBF kernel enhanced sensitivity to 
coal proportion (Rc) and the rock-to-coal strength ratio (Ru), 
indicating that this model was particularly effective in iden-
tifying nonlinear interactions associated with weak-phase 
dominance and strength mismatch. This is mechanically 
meaningful because Rc controls the relative contribution 
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of the weaker coal phase, whereas Ru reflects the degree 
of strength contrast between coal and rock, which affects 
load transfer and interfacial stress concentration. The strong 
sensitivity of SSA–SVM to these coupled variables helps 
explain its superior performance in the present dataset.

Neural-network-based models, especially SSA–BPNN 
and SSA–ELM, showed relatively greater sensitivity to 

density-related variables. Although density may reflect 
lithological differences that influence crack propagation 
and energy dissipation, these variables were not the most 
direct controls on composite strength and stiffness in the 
present dataset. In particular, the near-uniform feature 
importance distribution of SSA–ELM suggests limited 
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Fig. 8   Elastic modulus prediction performance of various models on the testing dataset: a SSA–BPNN, b SSA–XGBoost, c SSA–SVM, d SSA–
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ability to distinguish dominant variables from second-
ary factors, which is consistent with its weaker predictive 
performance.

In contrast, the tree-based models SSA–RF and 
SSA–XGBoost were more sensitive to coal-related intrinsic 
properties, such as coal density, coal elastic modulus, and 
coal strength. This indicates that ensemble methods were 
effective in capturing heterogeneous local patterns associ-
ated with the coal component, but were relatively less effec-
tive than SSA–SVM in representing the broader coupled 
interactions among Rc, Ru, and stiffness mismatch.

Overall, coal–rock composite behavior cannot be inter-
preted from any single variable alone. The results suggest 
that material proportion, strength contrast, and stiffness 
compatibility may jointly affect the predicted mechanical 
response. A higher Rc generally weakens the composite, 
whereas larger strength or modulus mismatch may intensify 
interfacial incompatibility and promote premature instabil-
ity. These observations provide qualitative data-driven evi-
dence for coupled parameter effects, although more rigor-
ous quantitative interaction analysis is still needed in future 
studies.

Model comparison and hyperparameter analysis

Advantages and limitations of each model

Table 4 summarizes the main strengths and limitations of 
the five ML models in terms of predictive ability, robust-
ness, computational characteristics, and generalization per-
formance in this study. As shown in Table 4, the comparative 
results indicate that model suitability for coal–rock com-
posite prediction depends on both nonlinear fitting capacity 
and generalization robustness. SSA–SVM achieved the best 
overall performance, suggesting that kernel-based nonlinear 
mapping is particularly effective for limited and heteroge-
neous datasets. SSA–XGBoost and SSA–RF also showed 
good robustness, indicating that ensemble-based methods 
can effectively capture complex variable interactions. In 
contrast, SSA–BPNN and SSA-ELM were more sensitive 

to model structure and initialization, which may reduce sta-
bility when the available data are limited.

Hyperparameter optimization analysis

The SSA algorithm was employed to optimize the key hyper-
parameters of each model. Table 5 presents the correspond-
ing search ranges and optimized values. The search intervals 
were determined based on commonly used ranges reported 
in previous studies, preliminary trial experiments, and the 
trade-off between search breadth and computational cost. 
Excessively narrow intervals may miss promising solutions, 
whereas overly broad intervals may increase optimization 
difficulty and runtime.

As shown in Table 5, the optimized values for most 
models were located within the interior of the predefined 
search intervals rather than at the boundaries, indicating that 
the selected search spaces were generally appropriate. For 
example, the optimal C and � values of SSA–SVM were 
10.1 and 2.3, respectively, while SSA–XGBoost achieved 
its best performance at n_estimators =150, max_depth =5, 
and learning_rate =0.39.

Table 4   Comparative analysis of the advantages and limitations of different models

Model Advantages Limitations

SSA–BPNN Captured nonlinear patterns effectively More sensitive to network structure and initialization
SSA–XGBoost Showed strong predictive ability and robustness Involved more hyperparameters and a relatively more complex 

tuning process
SSA–SVM Achieved the best overall prediction accuracy and generaliza-

tion,
Performance remained highly dependent on the selection of C 

and �
SSA–ELM Offered fast training efficiency Stability and feature discrimination ability were comparatively 

weaker
SSA–RF Exhibited good robustness and resistance to overfitting Final accuracy was slightly lower than that of the best-per-

forming models

Table 5   Hyperparameter search ranges and optimized values 
obtained by SSA

Model Hyperparameter Search range Optimized value

SVM C (regularization param-
eter)

[0.1, 100] 10.1

γ (RBF kernel param-
eter)

[0.001, 10] 2.3

XGBoost n_estimators [10, 200] 150
max_depth [1, 12] 5
learning_rate [0.01, 2] 0.39

RF n_estimators [50, 300] 100
max_depth [3, 15] 6

BPNN Hidden layer 1 nodes [5, 30] 15
Hidden layer 2 nodes [3, 15] 10

ELM Hidden nodes [10, 150] 30
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Figure 11 shows the convergence curves of SSA for each 
model. The fitness values of all models decreased mark-
edly during the first 20–50 iterations and then gradually 
approached stable levels. Most models converged before 
approximately 120 iterations, indicating that the maximum 
iteration number used in this study was sufficient to ensure 
convergence without obvious under-optimization. Since 
SSA is a stochastic optimization algorithm, the convergence 
curves in Fig. 11 represent the best fitness evolution from a 
representative optimization run for each model. Therefore, 
they mainly illustrate the convergence tendency and optimi-
zation behavior of SSA rather than the complete statistical 
variability across repeated independent runs.

Despite its effectiveness, SSA still has several limitations. 
Its performance depends on settings such as population 
size and iteration number, and larger populations increase 
computational cost. In addition, because SSA is stochastic, 
the optimization results may vary slightly across runs. As 
with other metaheuristic algorithms, SSA may also become 
trapped in local optima in highly complex search spaces.

The optimization results also provide insight into model 
applicability under limited-sample conditions. The superior 
performance of SSA–SVM after optimization suggests that, 
for the present dataset, robustness and generalization were 
more important than model complexity alone. By contrast, 
models with greater structural flexibility did not necessarily 
achieve better predictive performance, implying that overly 
parameterized architectures may be less advantageous for 
relatively limited and heterogeneous datasets.

Engineering implications and limitations

Although the dataset used in this study contains only 162 
samples and remains limited for some lithological combina-
tions, the proposed ML framework still has practical value 
for deep mining engineering. By using readily measurable 
properties of the constituent materials, such as uniaxial com-
pressive strength, density, and elastic modulus, the frame-
work enables preliminary estimation of the mechanical 
behavior of coal–rock composites without extensive prepara-
tion and testing of composite specimens. This is particularly 
useful when direct laboratory testing is impractical because 
of coal brittleness, coring costs, limited specimen availabil-
ity, or time constraints during mine planning and design.

From an engineering perspective, the proposed frame-
work is most suitable for preliminary assessment and screen-
ing rather than direct final design. It may support early-stage 
roadway support design, pillar stability evaluation, and haz-
ard zoning by rapidly identifying lithological combinations 
associated with weak mechanical compatibility or elevated 
instability risk. The results also suggest that coal proportion 
and coal–rock strength mismatch should be explicitly con-
sidered when evaluating local support demand and failure 
susceptibility in heterogeneous mining environments.

Nevertheless, several limitations should be noted. The 
dataset remains relatively limited, and some lithological 
combinations are underrepresented, which may affect model 
generalizability. Although the selected variables are physi-
cally interpretable, potential redundancy may exist because 
the ratio-derived variables are mathematically related to the 
original coal and rock properties. Future studies should fur-
ther examine feature robustness and interaction effects using 
ablation analysis, recursive feature elimination, and larger 
standardized datasets.

Conclusions

This study developed a data-driven framework for predicting 
the uniaxial compressive strength ( Urc ) and elastic modu-
lus ( Erc ) of coal–rock composites using five SSA-optimized 
machine learning models, namely BPNN, XGBoost, SVM, 
ELM, and RF. Based on a compiled dataset of 162 sam-
ples, the predictive performance, feature importance, and 
engineering relevance of these models were systematically 
evaluated. Consequently, the study concludes that:

(a)	 Among the investigated models, SSA–SVM achieved 
the best overall predictive performance for both 
Urc and Erc , with testing R2 values of 0.90 and 0.85, 
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respectively, indicating strong generalization ability 
under limited-sample conditions. In contrast, SSA-
ELM and SSA–BPNN showed comparatively weaker 
performance, suggesting that neural-network-based 
approaches were more sensitive to dataset heterogene-
ity and feature discrimination limitations in the present 
problem.

(b)	 Feature importance analysis and correlation analysis 
consistently indicated that coal proportion ( Rc ) and the 
rock-to-coal strength ratio ( Ru ) are important variables 
associated with the predicted mechanical behavior of 
coal–rock composites. A higher Rc generally reduces 
the overall composite strength, while a larger strength 
contrast between rock and coal may intensify interfa-
cial stress concentration and promote premature failure. 
These findings provide qualitative data-driven insights 
into the possible coupled effects of material proportion 
and mechanical mismatch.

(c)	 From an engineering perspective, the proposed frame-
work can serve as a practical auxiliary tool for pre-
liminary assessment in deep mining applications, such 
as roadway support design, pillar stability evaluation, 
and hazard screening. Nevertheless, its applicability 
remains constrained by dataset size, incomplete repre-
sentation of interface and loading effects, and the need 
for further site-specific validation. Overall, the study 
demonstrates the potential of ML-based approaches for 
predicting coal–rock composite mechanical properties 
and provides a useful basis for future data-driven and 
mechanism-informed investigations.
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