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A B S T R A C T

The Hardgrove grindability index (HGI) is a crucial indicator for assessing the grindability of coal, and accurate 
prediction of HGI is essential for improving the production efficiency and economic benefits of the coal industry. 
This study employed six decision tree-based machine learning models to predict the HGI values of 129 coal 
samples, with hyperparameter optimization performed using Optuna, and model interpretability analyzed using 
SHapley Additive exPlanations (SHAP). The results showed that the optimized natural gradient boosting 
(NGBoost) model outperformed all other models, which achieved the highest performance on the test set with a 
coefficient of determination (R2) of 0.9715, a mean absolute error (MAE) of 1.1507, and a root mean squared 
error (RMSE) of 1.4735. SHAP analysis further revealed that volatile matter (VM) contributed the most to the 
model’s predictions, while pyrite (FeS2) had the least contribution. This study provides an efficient machine 
learning approach for accurate HGI prediction, offering excellent predictive performance, interpretability, and 
application value.

1. Introduction

Coal still occupies an important position in the global energy struc
ture and plays an irreplaceable role in global energy supply, economic 
development, and industrial production [24,27,73]. The utilization of 
coal requires grinding it into fine particles, and the grindability of coal is 
crucial in coal processing and usage as it directly affects the efficiency of 
pulverizers, the particle size distribution of coal powder, combustion 
characteristics, and equipment wear [30,68]. The grindability of coal 
refers to the ease with which it can be pulverized into fine powder in 
mechanical equipment, typically measured by the Hardgrove Grind
ability Index (HGI) [62,72,90]. The HGI is determined by conducting 
experiments using standardized Hardgrove equipment following a 
specified procedure [19,22]. A higher HGI value indicates that the coal 
is easier to pulverize, while a lower value indicates greater difficulty 
[75].

Although HGI testing equipment is relatively inexpensive and easy to 

maintain, the measurement procedure is quite cumbersome [15,58]. 
According to the American Society for Testing and Materials (ASTM) 
International standard procedure[5], each machine can only perform six 
tests per hour. Additionally, issues such as non-standardized equipment, 
variations in sample preparation, and the repeatability and reproduc
ibility of the test make determining the HGI value a time-consuming and 
complex process, posing difficulties for large-scale and high-frequency 
measurements [70,79]. Therefore, researchers have analyzed large 
datasets to identify factors affecting the HGI and have employed artifi
cial intelligence methods, such as machine learning (ML), to predict the 
HGI value of coal, thereby improving measurement efficiency and ac
curacy. These studies indicate that the chemical composition and 
physical properties of coal, such as moisture, ash, and volatile matter, 
significantly impact the HGI value [44,45,57]. ML methods, such as 
support vector regression (SVR) and artificial neural networks (ANN), 
can effectively predict HGI values. Sengupta [62] conducted a regres
sion analysis using parameters such as moisture content, volatile matter, 
fixed carbon, and ash to study the grindability of over 300 Indian coal 
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samples, deriving an equation known as the “Statistical Grindability 
Index”. However, due to the heterogeneity of coal, no universal HGI 
equation can be applied to all coal samples [28]. Rao and Gopalakrishna 
[58] trained SVR models with limited measurement data and validated 
the nonlinear relationship between inputs and outputs, demonstrating 
that SVR can effectively establish the correlation between coal compo
sition and HGI with a relatively small dataset. Khoshjavan et al. [35]
studied the estimation of HGI values for 400 coal samples using ANN and 
linear multivariable regression methods, finding that the ANN method 
performed better. Ürünveren et al. [70] predicted the HGI values of 
Afşin-Elbistan low-grade coal using linear regression, feed-forward 
neural networks, generalized regression neural networks (GRNN), and 
Elman network methods. The results showed that the GRNN model was 
the most accurate and could be used to predict the HGI values of coal 
from similar deposits. Yazdani et al. [78] developed an optimized 
evolutionary neural network (OPENN) model to predict the HGI using 
property selection and optimization algorithms accurately. The test re
sults demonstrated that the model outperformed other models in pre
dicting HGI for Kentucky coal samples, showcasing significant economic 

value. Lawal et al. [38] developed predictive models for the HGI of 
South African coalfields using long short-term memory (LSTM) net
works, SVR, and ANN methods. They found that ANN performed the 
best, with HGI being primarily influenced by fixed carbon, calorific 
value, percentage ash yield, and volatile matter, while pyrite had the 
least impact.

Neural network methods excel in handling large-scale data. How
ever, their complexity and training requirements often result in long 
training times. When trained on small-scale datasets, they are prone to 
overfitting and exhibit limited generalization capability [61]. Addi
tionally, neural network models are often considered “black-box” 
models, making their internal workings difficult to understand 
[9,20,50]. In contrast, decision tree models are characterized by low 
bias and high variance. They effectively capture limited feature varia
tions in small datasets and make detailed splits for each sample, thus 
improving model performance[2]. Furthermore, decision tree models do 
not require complex data preprocessing, reducing reliance on large-scale 
data processing, and enabling efficient operation. Decision tree models 
can handle both classification and regression tasks, and they can 

Nomenclature

Mathematical term
MAE Mean absolute error
MAEńorm The standardized and inverted MAE
MSE Mean squared error
N The total number of actual HGI values
R2 Coefficient of determination
RMSE Root mean square error
RMSEńorm The standardized and inverted RMSE
S Comprehensive performance score
X Original metric value
Xmax The maximum value of the metric
Xmin The minimum value of the metric
Xnorm The standardized metric value
Xńorm The metric value after the inversion process
yi the i-th actual HGI value
ŷi the i-th predicted HGI value
y The mean of all actual HGI values

Hyperparameter
colsample_bytree The column sampling ratio (where each column 

represents a feature) when constructing each tree.
col_sample The proportion of features sampled when building each 

tree in NGBoost, similar to colsample_bytree in models like 
XGBoost.

iterations The total number of boosting iterations or decision trees in 
the model training process.

l2_leaf_reg The L2 regularization term applied to the leaf weights in 
CatBoost, used to prevent overfitting by penalizing large 
weights.

learning_rate Controls the step size for updating parameters during 
each iteration of the model.

max_depth/depth The maximum depth or the maximum number of 
levels of the tree.

min_child_samples The minimum number of samples required in a 
leaf node, similar to min_samples_leaf, but commonly used 
in LGBM.

min_child_weight The minimum sum of instance weights required in a 
leaf node.

min_samples_leaf The minimum number of samples required in a leaf 
node.

min_samples_split The minimum number of samples required to split 

an internal node.
minibatch_frac The proportion of the total data used for training in 

each iteration, similar to subsample.
n_estimators The number of decision trees or weak learners.
subsample The proportion of samples used when training each tree.

Abbreviation
A Ash
ANFIS Adaptive neuro-fuzzy inference systems
ANN Artificial neural networks
ASTM American Society for Testing and Materials
BPNN Back propagation neural network
CatBoost Categorical boosting
CV Calorific value
FC Fixed carbon
FeS2 Pyrite
GA Genetic algorithm
GBDT Gradient boosting decision trees
GRNN Generalized regression neural networks
HGI Hardgrove grindability Index
LGBM Light gradient boosting machine
LSTM Long short-term memory networks
M Moisture
MAE Mean absolute error
ML Machine learning
MSE Mean squared error
NGBoost Natural gradient boosting
OPENN Optimized evolutionary neural network ()
PSO Particle swarm optimization
Q Quartz
R2 Coefficient of determination
RF Random forest
Rmax Vitrinite maximum reflectance; the percentage of incoming 

light reflected back to a photomultiplier, usually using oil- 
immersion optics

RMSE Root mean square error
SHAP SHapley Additive exPlanations
St.D Standard deviations
SVR Support vector regression
TS Total sulphur
VM Volatile matter
XGBoost Extreme gradient boosting

Y. Chen et al.                                                                                                                                                                                                                                    Fuel 384 (2025) 133953 

2 



adaptively split based on data characteristics. Even with limited data, 
they can effectively learn by selecting optimal feature split points. By 
adjusting hyperparameters, decision tree models can effectively resist 
noise and reduce the risk of overfitting, thereby maintaining good 
generalization performance on small datasets. Even when the sample 
size is small, proper pruning and hyperparameter tuning can ensure the 
model’s stability and performance [37]. Therefore, decision tree-based 
ML models provide key advantages in interpretability, property selec
tion, handling missing values, data preprocessing, and training speed, 
making them more suitable for small datasets [59,64]. Decision tree- 
based ML models perform well in many applications, but to enhance 
model performance and stability, they are often combined with 
ensemble methods such as random forest (RF) and gradient boosting 
decision trees (GBDT). GBDT, RF, extreme gradient boosting (XGBoost), 
light gradient boosting machine (LGBM), categorical boosting (Cat
Boost), and natural gradient boosting (NGBoost) are widely adopted or 
relatively novel decision tree-based ML models. These models demon
strate exceptional performance in handling nonlinear relationships and 
high-dimensional data, making them particularly well-suited for com
plex engineering problems. They have been extensively applied in both 
industrial and academic settings [13,16,40,48,74,84,91–93]. Matin 
et al. [43] successfully predicted the HGI of Kentucky coal samples using 
variable importance measurements (including proximate, ultimate 
analysis, and petrography) processed by the RF model. The results 
demonstrated that the RF model had high accuracy, validating its reli
ability and practicality in assessing complex relationships in coal pro
cessing. Hower et al. [26] noted that developing artificial intelligence 
models for HGI prediction using interpretable methods like SHapley 
Additive exPlanations (SHAP) can reveal complex relationships between 
variables and enhance the understandability of prediction models. 
Chelgani [17] predicted the total heating value of Armenian coal sam
ples using SHAP combined with XGBoost. Rzychoń [60] predicted the 
HGI of Polish coal samples using the XGBoost model and employed 
SHAP techniques to interpret the main influencing factors. The afore
mentioned studies demonstrate that tree-based ML models, combined 
with explainable artificial intelligence methods, exhibit high feasibility 
in predicting coal HGI and analyzing complex relationships. Given the 
successful application of these models in the coal industry and their 
advantages in handling small datasets, this study selected six tree-based 
ML models: GBDT, RF, XGBoost, LGBM, CatBoost, and NGBoost. By 
incorporating the physicochemical properties of coal and other relevant 
parameters, these models can rapidly and accurately predict HGI. This 
effectively reduces time costs while significantly improving prediction 
accuracy, providing more economical and efficient solutions for indus
trial production.

In summary, this study selected six decision tree-based ML mod
els—GBDT, RF, XGBoost, LGBM, CatBoost, and NGBoost—to predict 
HGI values. To enhance model performance and stability, hyper
parameter tuning was performed using Optuna and cross-validation. The 
dataset contains 129 samples, with input properties including various 
chemical and physical properties of coal, such as calorific value (CV), 
moisture (M), ash (A), volatile matter (VM), fixed carbon (FC), total 
sulphur (TS), pyrite (FeS2), and quartz (Q). The HGI is used as the output 
variable. The predictive performance of the models was evaluated and 
compared using metrics such as coefficient of determination (R2), root 
mean square error (RMSE), and mean absolute error (MAE). The optimal 
HGI prediction model was then determined, and the SHAP method was 
used to interpret and analyze the model’s predictions.

2. Methods

2.1. Machine learning (ML) model

2.1.1. Gradient boosting decision tree (GBDT)
GBDT is an ensemble learning model based on the gradient boosting 

framework, as proposed by Friedman [23]. It builds a strong predictive 

model by combining multiple weak learners, typically decision trees. 
The core idea is that each newly added model aims to correct the pre
diction error of the previous model, which is achieved by minimizing the 
gradient descent optimization of the loss function [85]. GBDT has high 
prediction accuracy and flexibility, and it can deal with complex prop
erty relations and nonlinear problems. However, it requires careful 
tuning of multiple hyperparameters to achieve optimal performance.

2.1.2. Random forest (RF)
RF is an ensemble learning method that improves model perfor

mance and stability by constructing multiple decision trees and 
combining their prediction results [12,69,92]. Its basic principle is to 
perform bootstrap sampling from the original dataset to generate mul
tiple subsets and build a decision tree on each subset. During the node- 
splitting process, a random subset of properties is selected, and the best 
property among them is used for the split. Finally, random forest ag
gregates the results of the individual decision trees by majority voting 
(for classification) or averaging (for regression) to produce the final 
prediction.

2.1.3. Extreme gradient boosting (XGBoost)
XGBoost, proposed by Chen et al. [18], is an ensemble learning 

method based on the GBDT framework. By optimizing computational 
efficiency and model performance within the gradient boosting frame
work, XGBoost has been widely applied in various machine learning 
prediction tasks[82]. Compared to traditional GBDT, XGBoost in
troduces L1 and L2 regularization to better control model complexity, 
thereby improving generalization ability and stability.

2.1.4. Light gradient boosting machine (LGBM)
LGBM, proposed by the Microsoft team in 2017, is an improved 

machine-learning algorithm based on the GBDT framework[34]. The 
core idea of LGBM is similar to traditional GBDT: a series of decision 
trees are gradually constructed, with each tree attempting to correct the 
errors of the previous one, thereby enhancing the overall performance of 
the model. Compared to traditional GBDT, LGBM adopts a histogram- 
based method and gradient histogram acceleration technique, which 
discretizes continuous properties into integers (binning) to reduce 
memory consumption and computational complexity. It also employs a 
leaf-wise growth strategy, selecting the leaf node with the highest gain 
for splitting to better fit complex data[54].

2.1.5. Categorical boosting (CatBoost)
CatBoost, introduced by Yandex, is a gradient-boosting algorithm 

based on symmetric decision trees, suitable for both classification and 
regression problems[51]. CatBoost integrates a symmetric tree structure 
and automatic categorical property handling, thereby simplifying the 
data preprocessing process and effectively improving the model’s 
generalization ability [11]. Compared to traditional GBDT algorithms, 
CatBoost offers advantages such as effective handling of categorical 
properties, prevention of target leakage, and dynamic learning rate 
adjustment.

2.1.6. Natural gradient boosting (NGBoost)
NGBoost, a probabilistic prediction model proposed in 2019, com

bines the gradient boosting framework with the concept of natural 
gradient optimization[21]. During training, NGBoost incorporates nat
ural gradients into conventional gradient methods, enhancing accuracy 
for small sample data while maintaining probabilistic advantages. 
Compared to traditional GBDT, NGBoost not only provides point pre
dictions but also generates predictive distributions, offering higher 
optimization efficiency and flexibility[76,89,88,42,52,53,55]. Howev
er, this also increases the model’s computational complexity and the 
difficulty of hyperparameter tuning. NGBoost performs excellently in 
regression tasks, providing efficient and accurate probabilistic pre
dictions. For a detailed explanation and theoretical background of 
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NGBoost, please refer to the study by Duan et al. [21].

2.2. Hyperparameter optimization methods and evaluation metrics

Optuna is an automated hyperparameter optimization framework 
designed for ML models, proposed by Akiba et al. [1]. By defining 
optimization objectives and search spaces, and utilizing advanced al
gorithms such as the Tree-structured Parzen Estimator and Covariance 
Matrix Adaptation Evolution Strategy, Optuna efficiently searches for 
optimal hyperparameter configurations. Optuna employs Bayesian 
optimization methods, dynamically adjusting the search space during 
the optimization process to enhance both search efficiency and effec
tiveness. Its flexible and lightweight design makes it easy to integrate 
with various machine-learning frameworks [36]. The Optuna frame
work is based on three core concepts: objective functions, trials, and 
studies[77]. The objective function defines the optimization goal and 
parameter range. A trial represents a single evaluation of the objective 
function. A study oversees the entire optimization process, including 
strategy determination, iteration of trials, and result recording.

After model training is completed, the model needs to be evaluated 
to verify its predictive ability on unseen data. This requires using a test 
dataset and examining the results with a series of evaluation metrics. 
The evaluation metrics selected for this study include the coefficient of 
determination (R2), root mean square error (RMSE), and mean absolute 
error (MAE) [39,42,56,80,81,83,91] to assess the relationship between 
the predicted HGI and the actual values. 

R2 = 1 −

∑
(yi − ŷi)

2

∑
(yi − y)2 (1) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
N
∑N

i=1
(yi − ŷi)

2

√

(2) 

MAE =
1
N
∑N

i=1
|yi − ŷi| (3) 

In the formulas, N represents the total number of actual values, yi is 
the i-th actual value, ̂yi is the i-th predicted value, and y is the mean of all 
actual values.

2.3. Model construction

The construction process of the interpretable ML model for HGI is as 
follows (see Fig. 1): 

(1) The HGI dataset is randomly divided into a training set and a test 
set in a 4:1 ratio.

(2) The hyperparameter search space for six decision tree-based ML 
models is defined, and the mean squared error (MSE) from cross- 
validation is used as the fitness metric. To balance training time 
and model evaluation stability, this study employs 5-fold cross- 
validation. Specifically, in each iteration, the training set is 
randomly divided into five equal parts. Four parts are used for 
model training, and one part is used for validation, with each fold 
serving as a validation set in turn. The average MSE from the five 
validation sets is then taken as the fitness value for that iteration. 
Optuna is used to perform 200 optimization iterations to identify 
the optimal hyperparameter combination.

(3) The ML models are trained using the optimal hyperparameters, 
predictions are made on both the training and test sets, and 

Fig. 1. Model construction process.

Y. Chen et al.                                                                                                                                                                                                                                    Fuel 384 (2025) 133953 

4 



evaluation metrics are computed. Compare the predictive per
formance of different ML models to determine the best predictive 
model for HGI.

(4) Conduct an interpretability analysis of the model predictions to 
identify the important properties influencing them.

3. Data description

The Witbank Coalfield, located in the Mpumalanga province of South 
Africa, is one of the country’s most significant coal-producing regions. 
Its geological background and coal type have made it a key player in 
South Africa’s coal mining industry, which supports power generation 
and export markets. The Witbank Coalfield forms part of the Karoo 
Supergroup, a vast sequence of sedimentary rocks that were deposited 
during the Permian Period. The coal seams in the Witbank area are 
found within the Vryheid Formation of the Ecca Group, a unit of the 
Karoo Supergroup. This formation contains alternating layers of coal, 
shale, sandstone, and siltstone. Deposition occurred in fluvial and 
deltaic environments, where thick peat swamps formed under the right 
climatic and sedimentary conditions. Over time, these peats were buried 
and subjected to pressure and heat, forming coal. The coalfield is rela
tively flat-lying with minor tectonic disturbance, making it easier for 
extraction. The coal seams in the Witbank Coalfield are generally thick, 
ranging from 1 m to over 6 m in places. The coalfield has five major coal 
seams, identified as Seams No. 1 to No. 5, with No. 2 and No. 4 being the 
most economically viable for extraction. The Witbank coal is classified 
as bituminous coal, which is a medium-rank coal. It is relatively high in 
carbon content and calorific value, making it suitable for power gener
ation, industrial use, and export. The coal is sub-categorized based on its 
carbon, moisture, and volatile matter content, with qualities ranging 
from low- to high-grade bituminous coal.

A total of 129 coal samples were collected for this investigation from 
the Witbank coalfields, which include the Middleburg and Secunda re
gions in South Africa, as depicted in Fig. 2. These samples originate from 
a coalfield that was formed in the Gondwana Karoo Basin between the 
mid-Triassic and Permian periods. These coals are younger and of lesser 
rank than carboniferous coal from the northern hemisphere. After being 
received, the coal samples were split, ground, and mixed with a rotary 
splitter to create various sub-samples in accordance with the ASTM 
D2013 [3].

The ASTM D5142-04 [6] was followed in conducting the proximate 
analysis. The inherent moisture, percentage ash yield, and volatile 
matter contained in the coal with fixed carbon calculated by difference 
were all determined using approximately 1 g of coal sample. The calo
rific value of the coal samples was determined using ASTM D5865 [8], 
while the total sulphur analyses were carried out according to ASTM D 
5373–14 [7] and ISO 19579 [31]. The HGI was carried out in compli
ance with ASTM D3402 [4]. 1 kg of coal was ground under conventional 
conditions such that it could pass through a 4.75 mm sieve for this test. 
To acquire a maximum representative sample within the size fraction 
range of 1.18 mm to + 600 μm, the obtained sample was staged 
screened. A representative 50 g of the sized coal sample was placed in a 
ball mill along with 8 iron balls with a diameter of 25.4 ± 0.003 mm and 
turned for 60 revolutions. After that, the final grind was filtered through 
a 75 μm sieve. The under-size (− 75 μm) fines formed were weighed and 
the grindability was determined [49].

The descriptive statistics of the 129 coal samples are shown in 
Table 1. The mean values of calorific value, moisture content, percent
age ash yield, volatile matter, fixed carbon, total sulphur, pyrite, quartz 
and HGI are 27.467, 2.894, 15.905, 22.151, 59.586, 0.843, 0.884, 1.814 
and 53.488 respectively, while their standard deviations (St.D) are 
2.698, 0.968, 5.470, 7.884, 9.547, 0.356, 0.529,1.579 and 8.301 

Fig. 2. Coalfields of South Africa. The Mopane, Tshipise and Pafuri Coalfields collectively form the Soutpansberg Coalfield. Fm. = Formation[65].
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respectively. Since the values of St.D of the total sulphur and pyrite are 
close to zero, there are no wide variations in these two properties for the 
samples from this location. The variation in the moisture content is not 
also wide. However, the values of volatile matter, fixed carbon and HGI 
largely deviate from one another as presented in Table 1. Since various 
coal properties have an impact on HGI, it is important to create reliable 
models that can consider the non-linearity between the input and output 
variables. Hence, models that can capture the variability in coal prop
erties are proposed in this study. Fig. 3 presents box plots illustrating the 
distribution of input parameters across both the training and test data
sets. These box plots visually summarize the statistical characteristics of 
the input parameters, showing their central tendency, variability, and 
potential outliers in each dataset. For the training set, the box plots 
provide insight into the range and distribution of the input parameters 
used to train the model, while the test set box plots reflect the 

distribution of these parameters during the evaluation phase. By 
comparing these plots, one can assess how the input parameter distri
butions in the test set relate to those in the training set, which can reveal 
potential discrepancies or shifts in the data that may impact the model’s 
performance.

4. Results

4.1. Hyperparameter optimization

Determining the optimal hyperparameters is a crucial step in training 
ML models because it directly impacts model performance. The opti
mization objective dictates the direction of performance improvement 
during hyperparameter adjustment. Common optimization objectives 
include minimizing error or maximizing accuracy. For regression 
models, MSE directly reflects the deviation between predicted and 
actual values, making it a widely used optimization target in many cases. 
In this study, Optuna was employed for hyperparameter optimization, 
with the objective of minimizing the MSE in cross-validation. The search 
space for hyperparameters defines the range of values that Optuna or 
other optimization algorithms can explore when searching for the 
optimal hyperparameters. The definition of the search space is typically 
based on prior experience, relevant literature, and the results of pre
liminary experiments [25,29,66]. In this study, the hyperparameter 
search space was established using these methods, as detailed in Table 2. 
During the hyperparameter optimization process, a total of 200 itera
tions were conducted, with each iteration evaluated using 5-fold cross- 
validation to ensure result stability. The optimization process 

Table 1 
Statistical Information of the HGI Dataset.

Parameters Symbol Min Max Mean St.D

Input Calorific Value (MJ/kg) CV 20.1 32.5 27.467 2.698
Moisture (wt. %) M 1.4 5.5 2.894 0.968
Ash (wt. %) A 7.3 33.3 15.905 5.470
Volatile Matter (wt. %) VM 3.7 34.6 22.151 7.884
Fixed carbon (wt. %) FC 43.8 85.1 59.586 9.547
Total Sulphur (wt. %) TS 0.28 2 0.843 0.356
Pyrite (wt. %) FeS2 0.13 3.12 0.884 0.529
Quartz (%) Q 0.06 7.25 1.814 1.579

Output Hardgrove grindability 
index

HGI 32 79 53.488 8.301

Fig. 3. Distribution of input parameters in training and test Sets.
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proceeded as follows: first, Optuna performed random initialization 
sampling within the predefined search space. Then, based on the cross- 
validation results from each iteration, Optuna used Bayesian optimiza
tion methods to adjust the sampling probabilities of the parameters, 
gradually narrowing the search space, and ultimately converging on an 
optimal set of hyperparameters.

The iteration process of hyperparameter optimization for ML models 
using Optuna is shown in Fig. 4. As shown in the figure, the initial fitness 
values are relatively high, but they rapidly decrease during the first few 
iterations. As the number of iterations increases, the best fitness values 
gradually stabilize. Ultimately, GBDT achieved the lowest fitness value 
of 19.82708944 at the 168th iteration. RF achieved the lowest fitness 
value of 23.72348972 at the 151st iteration. XGBoost achieved the 
lowest fitness value of 20.3016707 at the 188th iteration. LGBM ach
ieved the lowest fitness value of 23.50661551 at the 184th iteration. 
CatBoost achieved the lowest fitness value of 19.46953427 at the 173rd 
iteration. NGBoost achieved the lowest fitness value of 21.45009115 at 
the 107th iteration.

Fig. 5 shows the search paths and optimization results for six decision 
tree-based ML models within the defined hyperparameter space. The 
parallel coordinates plot on the left displays the performance of different 
hyperparameter combinations in terms of fitness values, while the text 
box in the upper right lists the optimal hyperparameter combinations. 
Additionally, Optuna provides a tool to compute the contribution of 
each hyperparameter to the final optimization results. The bar chart in 
Fig. 5 displays the importance of each hyperparameter. From the chart, 
it can be seen that the most important hyperparameter for the GBDT and 
RF models is ’min_samples_leaf’; for XGBoost, it is ’min_child_weight’; for 
LGBM, it is ’min_child_samples’; for CatBoost, it is ’depth’; and for 
NGBoost, it is ’learning_rate’. This indicates that these parameters require 
the most attention and adjustment during the optimization process to 
enhance model performance and optimization effectiveness.

4.2. Comparison of ML model results

Fig. 6 shows the predictive performance of six ML models on the 
training and test sets. The red dots represent the predictions on the 
training set, while the blue dots represent the predictions on the test set. 
The dashed diagonal line represents the line of perfect fit, indicating the 
ideal state where predicted values are equal to actual values. In theory, 
the closer the data points are to this dashed line, the higher the pre
dictive accuracy of the model. From Fig. 6, it is evident that there are 
significant differences in the performance of various models on the 
training and test sets. The results indicate that the NGBoost model 
performs almost perfectly on the training set, with an R2 value of 1.0 and 
both MAE and RMSE equal to 0, demonstrating its excellent fit to the 

training data. More importantly, NGBoost also shows outstanding per
formance on the test set, with an R2 of 0.9715, MAE of 1.1507, and 
RMSE of 1.4735. This suggests that NGBoost maintains low prediction 
error when handling unseen data, exhibiting strong generalization 
ability and effectively avoiding overfitting. In contrast, GBDT also per
forms excellently on the training set, with an R2 of 1.0 and negligible 
error. However, its R2 decreases to 0.9473 on the test set, indicating 
that, although its overall performance remains good, the increase in 
error reflects some signs of overfitting. The RF model shows relatively 
good performance on the training set with an R2 of 0.9425, but its R2 

drops to 0.9209 on the test set, with a slight increase in error. Although 
its generalization ability is decent, its performance on both training and 
test sets is somewhat inferior to that of NGBoost. Both XGBoost and 
LGBM achieve nearly perfect performance on the training set, with R2 

values of 1.0 and minimal error. However, their R2 values decrease to 
0.8914 and 0.8118 on the test set, respectively, indicating more severe 
overfitting and weaker generalization capabilities. CatBoost performs 
well on the training set with an R2 of 0.9683, but its R2 on the test set 
decreases to 0.8720, demonstrating moderate generalization ability. In 
summary, although models such as GBDT and RF perform reasonably 
well on the test set, NGBoost shows the most consistent performance 
between the training and test sets, indicating the strongest generaliza
tion ability and the capacity to effectively handle unseen data. In 
contrast, CatBoost, XGBoost, and LGBM display noticeable overfitting 
tendencies.

Table 3 details the performance evaluation metrics of the six models 
on both the training and test sets. Due to the differences in scale and 
range among the various performance evaluation metrics, directly 
comparing these metrics may lead to bias. Therefore, to ensure a fair and 
objective comparison of the models’ performance, each performance 
metric was first standardized. The standardized metrics were then 
aggregated to produce a comprehensive performance score[71], allow
ing for a clearer and more intuitive evaluation of the overall perfor
mance of each model. The specific steps are as follows:

Standardization: Since various performance metrics have different 
dimensions, the Min-Max standardization method is used to standardize 
them for easier comparison. 

Xnorm =
X − Xmin

Xmax − Xmin
(4) 

Where X is the original metric value, Xmin and Xmax represents the 
minimum and maximum values of the metric, respectively, and Xnorm is 
the standardized value.

Metric inversion: For R2, higher values indicate better model per
formance, while for MAE and RMSE, lower values indicate better per
formance. Therefore, after standardization, MAE and RMSE must be 

Table 2 
Hyperparameter Search Ranges for ML Models.

ML Model Hyperparameter Range ML Model Hyperparameter Range

GBDT n_estimators [50, 500] LGBM n_estimators [50, 500]
max_depth [1, 50] ​ max_depth [1, 50]
learning_rate [0.01, 0.5] ​ learning_rate [0.01, 0.5]
subsample [0.5, 1] ​ subsample [0.5, 1]
min_samples_split [2, 10] ​ colsample_bytree [0.5, 1]
min_samples_leaf [1, 10] ​ min_child_samples [1, 20]

RF n_estimators [50, 500] ​ min_child_weight [1, 10]
max_depth [1, 50] CatBoost iterations [100, 1000]
min_samples_split [2, 10] ​ depth [1, 10]
min_samples_leaf [1, 10] ​ learning_rate [0.01, 0.5]

XGBoost n_estimators [50, 500] ​ l2_leaf_reg [1, 30]
max_depth [1, 50] ​ subsample [0.5, 1.0]
learning_rate [0.01, 0.5] NGBoost n_estimators [50, 500]
subsample [0.5, 1] ​ max_depth [1, 10]
colsample_bytree [0.5, 1] ​ learning_rate [0.01, 0.5]
min_child_weight [1, 10] ​ minibatch_frac [0.5, 1.0]
​ ​ ​ col_sample [0.5,1.0]
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Fig. 4. Hyperparameter Optimization Iteration Process for Optuna-ML Models.
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Fig. 5. Hyperparameter Optimization Results.
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inverted so that higher values also represent better model performance. 

Xʹ
norm = 1 − Xnorm (5) 

Where Xʹ
norm is the value after the inversion process.

Comprehensive score calculation: The comprehensive score can be 
obtained by averaging the three standardized values. A higher 
comprehensive score indicates better overall model performance. 

S =
R2

norm + MAEʹ
norm + RMSEʹ

norm
3

(6) 

Where S is the comprehensive performance score, R2
norm is the stan

dardized R2, and MAEʹ
norm and RMSEʹ

norm are the standardized and 
inverted MAE and RMSE, respectively.

Fig. 7 shows the comprehensive scores of the six ML models. The 
scores, ranked from highest to lowest, are NGBoost, GBDT, XGBoost, 
LGBM, CatBoost, and RF. This indicates that the NGBoost has the best 
overall performance, followed by the GBDT, with the RF having the 
lowest score.

The performance of the models on the test set reflects their ability to 
predict unseen data. Fig. 8 shows the Taylor diagram, which visually 
compares the predictive performance of each model on the test set. The 
Taylor diagram combines standard deviation, correlation coefficient, 
and centered root mean square error, providing a more comprehensive 
evaluation perspective [67,86,87,41]. The closer a model is to the purple 
observation point, the better its performance. The results indicate that 
the NGBoost model is the closest to the observation point among all 
compared models, demonstrating the best predictive performance. 
Therefore, based on its superior performance among the six decision- 
tree-based models, the NGBoost model is recommended for prediction.

Table 4 presents a comparison of the performance of the constructed 

Optuna-NGBoost model against various models previously used in 
studies to predict HGI. Clearly, the Optuna-NGBoost model developed in 
this study has surpassed the performance of the vast majority of previous 
models. Therefore, the established Optuna-NGBoost model is suitable 
for the accurate prediction of HGI.

4.3. Interpretability analysis of model predictions

The interpretability analysis of ML models significantly enhances 
model transparency and trustworthiness, allowing users to understand 
the decision-making process of the models [47]. This analysis helps 
identify the properties that contribute the most to model performance, 
guiding feature engineering and optimization, and thereby improving 
the overall performance and reliability of the models. SHAP is a method 
based on the Shapley value principle from game theory, used to explain 
ML model outputs[63,33]. It quantifies each property’s contribution to 
the prediction result, thus providing interpretability for model decisions. 
SHAP can provide local explanations for individual predictions and can 
also explain the overall behavior of the model (global explanation) by 
aggregating property contributions. This section will use SHAP for a 
detailed analysis of the NGBoost prediction model.

The SHAP summary plot in Fig. 9a shows the influence of each 
property on the prediction results of the model and the contribution of 
high and low property values to the direction of the influence. Each 
point in the plot represents the SHAP value of a sample, with the x-axis 
indicating the SHAP value and the color representing the property value 
(from low values in blue to high values in red). The property importance 
plot in Fig. 9b displays the contribution of different properties to model 
prediction. The importance of a property is measured by its average 
absolute SHAP value. The larger the value, the more significant the 

Fig. 5. (continued).
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influence of that property on model prediction. The graph illustrates that 
the impact of each property on model output varies by sample. In some 
cases, properties contribute positively to the prediction results, while in 
others, they may contribute negatively. Global analysis reveals that VM 
is the most important property, with SHAP values significantly higher 
than other properties, indicating its substantial influence on model 
predictions. This suggests that VM is a critical variable in optimizing the 
HGI prediction model and requires particular attention to its variations. 
Conversely, FeS2 has the least impact. Although the SHAP values of other 
properties are relatively lower, they still influence the model predictions 
to some extent, potentially having higher positive or negative contri
butions in certain samples.

Global explanations focus on the behavior of the entire model, while 

Fig. 6. Scatter Plot Regression Analysis of Predicted Results.

Table 3 
Performance Evaluation Metrics of Models on the Test Set.

Training

Model GBDT RF XGBoost LGBM CatBoost NGBoost

R2 1.0 0.9425 1.0 1.0 0.9683 1.0
MAE 0.0 1.5295 0.0003 0.0004 1.1573 0.0
RMSE 0.0 1.9608 0.0005 0.0012 1.4548 0.0
Test

R2 0.9473 0.9209 0.8914 0.8118 0.8720 0.9715
MAE 1.5606 2.2268 2.4702 2.7891 2.6764 1.1507
RMSE 2.0061 2.4574 2.8785 3.7898 3.1253 1.4735
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local explanations focus on individual predictions, quantifying the 
contribution of each property to specific prediction results. In order to 
accurately understand the role of properties in a single prediction 
(positive or negative contributions and their magnitude), local inter
pretation is essential. Fig. 10 and Table 5 present the SHAP explanations 
for the prediction results of three samples from the test set using the 
NGBoost model. The SHAP force plot starts from the base value, which 
represents the mean prediction of the target variable. Each Shapley 
value is depicted as an arrow, indicating the direction and magnitude of 
each property’s impact on the prediction. Red arrows signify that the 
property value has increased the prediction output of the model (posi
tive impact), while blue arrows signify that the property value has 
decreased the prediction output (negative impact). The combined effects 
of these properties result in the final prediction output (f(x)).

Taking Sample ① as an example, the specific properties of this 
sample include CV = 28.3, M = 24.5, A = 13.4, VM = 24.5, FC = 59.6, 
TS = 0.36, P = 0.21, and Q = 0.87. Based on these properties, the 
model’s base value is 53.72117244. In this sample, the SHAP value for 
VM is 2.495762868, indicating that volatile matter has the largest pos
itive contribution to the prediction, increasing the prediction by 
2.495762868. Conversely, the SHAP value for CV is − 0.41011446, 
showing that the calorific value has the largest negative contribution, 
reducing the prediction by 0.41011446. Additionally, the SHAP values 

for M and TS are 0.176733662 and 0.426556674, respectively, which 
both contribute positively to the prediction, while the SHAP value for A 
is − 0.193930188, reflecting a negative impact. After accounting for the 
increase and decrease effects of all properties, the model’s final pre
diction for this sample is 56.7074215. The actual value for this sample is 
56, and the close match between the predicted and actual values dem
onstrates the model’s accuracy for this sample. Similarly, in Sample ②, 
VM is the property with the largest negative contribution, while CV 
provides the largest positive contribution. In Sample ③, VM again has 
the largest negative contribution, while Q has the most significant pos
itive impact on the prediction. By combining property information with 
SHAP values, we can gain a deeper understanding of how each property 
contributes to the model’s prediction.

5. Conclusions

The Hardgrove Grindability Index (HGI) is critical in coal processing 
and utilization. In this study, six tree-based machine learning mod
els—Gradient Boosting Decision Trees (GBDT), Random Forest (RF), 
Extreme Gradient Boosting (XGBoost), Light Gradient Boosting Machine 
(LGBM), Categorical Boosting (CatBoost), and Natural Gradient Boost
ing (NGBoost)—were used to predict the HGI values of 129 coal samples. 
Hyperparameter optimization was performed with Optuna and 5-fold 

Fig. 7. Comprehensive Performance Scores of the Models.

Fig. 8. Taylor Diagram of Model Predictions.

Table 4 
Comparison of predictive performance between previous studies and the model 
proposed in this paper.

Reference Model Input variables R2

Jorjani et al. [32] multivariable 
regression

M, A, Exinite, Micrinite, 
Macrinite, Resinite

0.76

Chelgani et al. 
[15]

multivariable 
regression

Rmax, Exinite, Semifusinite, 
Micrinite, Macrinite, Resinite

0.81

Chelgani et al. 
[15]

ANN Rmax, ln(exinite), 
Semifusinite, Micrinite, 
Macrinite, Resinite

0.95

Bagherieh et al. 
[10]

BPNN A, Rmax, Vitrinite, Total 
vitrinite, Liptinite, Inertinite, 
Fusinite, Sulfur

0.61

Bagherieh et al. 
[10]

GRNN A, Rmax, Vitrinite, Total 
vitrinite, Liptinite, Inertinite, 
Fusinite, Sulfur

0.6

Modarres et al. 
[46]

Neuro-PSO A, Rmax, Vitrinite, Total 
vitrinite, Liptinite, Inertinite, 
Fusinite, Sulfur

0.83

Modarres et al. 
[46]

BPNN A, Rmax, Vitrinite, Total 
vitrinite, Liptinite, Inertinite, 
Fusinite, Sulfur

0.66

Modarres et al. 
[46]

GRNN A, Rmax, Vitrinite, Total 
vitrinite, Liptinite, Inertinite, 
Fusinite, Sulfur

0.70

Rao and 
Gopalakrishna 
[58]

SVR M, VM, A 0.8084

Khoshjavan et al. 
[35]

ANN M, VM, A, FC, TS, Btu/Ib, 
Carbon, Hydrogen, Nitrogen, 
Oxygen

0.82

Chelgani et al. 
[14]

GA-ANFIS M, VM, Al2O3, Na2O, TiO2, 
MgO, K2O, SO3, CaO

0.89

Chelgani et al. 
[14]

GA-ANFIS TS, Na2O, Hydrogen, TiO2, 
Carbon, SiO2, Oxygen, Al2O3

0.92

Chelgani et al. 
[14]

GA-ANFIS Liptinite, Al2O3, Rmax, SiO2, 
Na2O, MgO, TiO2

0.97

Matin et al. [43] RF M, TS, TiO2, Al2O3, Liptinite, 
Rmax

0.90

Ürünveren et al. 
[70]

GRNN M, CV, A, FC + VM, SiO2, K2O, 
MgO, MnO, SO3, Fe2O3, 
Al2O3, CaO

0.9604

Yazdani et al. [78] OPENN TS, Hydrogen, Nitrogen, 
Na2O, Liptinites

0.82

Rzychoń et al. 
[60]

XGBoost M, VM, A, TS, Carbon, 
Nitrogen, Hydrogen, 
Vitrinite, Liptinite Inertinite

0.86

This paper Optuna-NGBoost CV, M, A, VM, FC, TS, P, Q 0.9715
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cross-validation, and the predictive performance of each model was 
systematically evaluated using the coefficient of determination (R2), 
mean absolute error (MAE), and root mean squared error (RMSE) as 
performance metrics. The results indicated that the Optuna-NGBoost 
model achieved the best performance in HGI prediction, with the 
highest R2 value (0.9715) and the lowest MAE (1.1507) and RMSE 
(1.4735) on the test set. Compared to most existing HGI prediction 
models, the NGBoost model demonstrated superior performance. 
SHapley Additive exPlanations (SHAP) global explanation analysis 
revealed that volatile matter was the most important feature in pre
dicting HGI. Additionally, SHAP’s local explanation for individual 
samples further highlighted the specific contribution of each property to 
the prediction, enhancing the interpretability of the model.

In conclusion, this study demonstrates the feasibility and advantages 
of using interpretable decision tree-based machine learning models for 
predicting the HGI. By accurately predicting HGI values, the developed 
model plays an active role in improving milling efficiency and reducing 

equipment energy consumption. In subsequent research, with the 
collection of more data and further optimization and integration of the 
model, the development of a corresponding graphical user interface will 
provide enterprises with a more convenient tool to assess coal quality 
more effectively and optimize supply chains. This will offer a valuable 
solution to enhance efficiency and decision-making processes within the 
coal industry.
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