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Abstract: The occurrence of premature rockbolt failure in underground mines has remained one of
the most serious challenges facing the industry over the years. Considering the complex mechanism
of rockbolts’ failure and the large number of influencing factors, the prediction of rockbolts’ failure
from laboratory testing may often be unreliable. It is therefore essential to develop new models
capable of predicting rockbolts’ failure with high accuracy. Beyond the predictive accuracy, there
is also the need to understand the decisions made by these models in order to convey trust and
ensure safety, reliability, and accountability. In this regard, this study proposes an explainable
risk assessment of rockbolts’ failure in an underground coal mine using the categorical gradient
boosting (Catboost) algorithm and SHapley Additive exPlanations (SHAP). A dataset (including
geotechnical and environmental features) from a complex underground mining environment was
used. The outcomes of this study indicated that the proposed Catboost algorithm gave an excellent
prediction of the risk of rockbolts’ failure. Additionally, the SHAP interpretation revealed that the
“length of roadway” was the main contributing factor to rockbolts” failure. However, conditions
influencing rockbolts’ failure varied at different locations in the mine. Overall, this study provides
insights into the complex relationship between rockbolts’ failure and the influence of geotechnical
and environmental variables. The transparency and explainability of the proposed approach have
the potential to facilitate the adoption of explainable machine learning for rockbolt risk assessment in

underground mines.
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1. Introduction

Rockbolts are the most widely adopted support system for stabilising excavations
in underground mines, due to their justified reliability in rock reinforcement [1-3]. They
are primarily used to restrain rock mass deformation by suspending weaker rock layers
onto more competent ones. In underground mining operations, bolts have been used to
support surrounding rock masses [4-7], roadways [8-10], mining shafts [11,12], and as
reinforcement of pillars [13]. However, rockbolts, like any ground support system, may only
delay collapse for some time [14]. Therefore, the ability of rockbolts to sustain the weight
of unstable blocks throughout the mine’s life is crucial to ensure effective exploitation in
the context of economics and safety.

Over the past years, there has been an increasing number of rockbolt failures around
the world, usually as a result of stress corrosion cracking (SCC) and localised pitting
corrosion [15-18]. Craig et al. [3] identified sulphate-reducing bacteria as a causative agent
of SCC and localised corrosion. In a study by Wu et al. [19], mineralogical materials were
found to indirectly enhance the rate of corrosion by increasing the concentration of total
dissolved solids. Other influencing factors of rockbolt failures identified in the literature
include an increase in horizontal stress on bolts and the presence of groundwater and
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clay bands within the bolting horizon [1,15]. The varying conditions are indicative of the
complex relationship existing between rockbolts’ failure and the influencing parameters in
a typical underground mine. In effect, attempts to predict such failures via laboratory tests
are mostly ineffective, because they fail to represent the complex mining environment [20].

In response to these challenging requirements, an indirect risk assessment of rockbolts’
failure using machine learning (ML) models is proposed in the literature [20]. The advan-
tages of ML models lie in their ability to accommodate more input variables (categorical or
numeric) and sufficiently model nonlinear and complex relationships between variables.
Jiang et al. [20] utilised a support-vector machine (SVM) as an ML method to predict
the risk (high or low) of rockbolts” failure using geotechnical and environmental input
variables. The predicted failures were consistent with the ground truth, with an AUC of
0.85 and 0.86 on the training and testing datasets, respectively. In similar studies, such
as the work of Sun et al. [21], ML (probabilistic neural network) was successfully used to
detect rockbolts’ defects. Zheng et al. [22] reported a bolt-defect-recognition rate of 95.45%
using an SVM. In a recent study by Singh et al. [23], an artificial neural network was used
to classify roof bolts with a quality identification of around 80%. Other studies have also
employed ML for predicting the corrosion behaviour [24,25] and crack growth rate in Type
304 stainless steel [26]. Although remarkable predictive performances have been achieved
in previous studies, there is still the need to explore the applicability of new ML models.
This is because no single ML model can be universally/consistently efficient for assessing
the risk of rockbolts’ failure, according to the “no free lunch” theorem [27]. Moreover,
the introduction of new ML models to improve predictive performance is a valid goal for
research.

Beyond predictive performance, there is a growing concern about these models’ “black
box” nature, which makes it difficult for end-users to comprehend why and how par-
ticular decisions are reached [28]. After all, models should not only be good, but also
interpretable [29]. More importantly, end-users should be aware of when the models fail.
It is worth noting that ML models are mostly unable to accurately generalise beyond
patterns seen during training, yet they still give predictions (usually wrong) with high
confidence for out-of-distribution samples [30]. In critical safety domains such as the risk
assessment of rockbolts’ failure (in underground mines), it is essential to know the reasons
why ML models make certain predictions, because incorrect results may have significant
consequences. Questions such as (i) why a sample was correctly classified as having a
high and not a low risk of failure, and (ii) how (in terms of direction) influencing variables
drive models’ prediction, need to be addressed. Previous studies, such as the work of
Jiang et al. [20], have employed methods such as relative feature importance to understand
the importance of predictor variables on rockbolts’ failure. However, such methods are
unable to determine the relationships existing between the input and output variables.
Additionally, relative feature importance is often biased toward high-cardinality features
and cannot determine the contribution of input features to the generalisable predictive
performance (i.e., performance on unseen data). Therefore, there is the need to develop new
models that can accurately recognise high or low risk of bolt failure, while simultaneously
providing the underlying reasoning behind their decisions.

In this regard, a very new ML model—namely, categorical gradient boosting
(Catboost)—was used to predict the risk of rockbolts’ failure in an underground coal
mine. The performance of the Catboost model was assessed and compared with a ran-
dom forest (RF) model. Then, a comprehensively novel model explainability approach
using SHapley Additive exPlanations (SHAP) was employed to explain the models’
decisions. SHAP interpretation can help fill the gaps in understanding of rockbolts’
failure in complex mining environments, and can also convey trust in the use of ML
in the real-time risk assessment of failure. The remainder of this paper is organised as
follows: The next two sections (Sections 2 and 3) present the case study and methodology,
respectively. In Section 4, the results obtained and the corresponding discussion are
presented. The conclusions of this study are then presented in the final section.
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2. Case Study

This study makes use of an existing database [20] consisting of cases of premature
bolt failure in an underground coal mine in New South Wales, Australia. The dataset
consists of 160 instances of roof panels with 12 features representing the geotechnical and
environmental conditions of the site. A summary of the dataset is presented in Table 1,
while the distribution of the continuous features is shown in Figure 1. The data contains
four continuous variables (“dripper flow rate”, “age of bolts”, “length of roadway”, and
“stress factor”) and eight categorical features (representing three zones and five locations).
Roof panels with fallen bolts are labelled as having a high risk of failure, while a low risk
of failure is assigned to those with no fallen bolts. A detailed description of the dataset is

presented in the study of Jiang et al. [20].

Table 1. Variables used for the modelling.

Feature ID Feature Name Range Description
f1 Length of roadway 5-95m Determines the number of bolts installed
2 Dripper flow rate 0-261mL/h Recorded groundwater rate
£3 Age of bolts 2-13 years Service age of installed bolts
f4 Stress factor 0.05-0.9 Ratio of sum of area weighting to maximum possible weighting
5 Zone 1 0,1) Water samples with slightly higher calcium and magnesium with low sulphur
f6 Zone 2 0, 1) Water samples with high sulphur content
7 Zone 3 0,1) Water with low sulphur and lower calcium or magnesium
{8 Headgate 1 0, 1) 1 indicates that the bolt is located in headgate 1, and vice versa
9 Cut-through 1 0,1) 1 indicates that the bolt is located in cut-through 1, and vice versa
{10 Headgate 2 0,1) 1 indicates that the bolt is located in headgate 2, and vice versa
11 Cut-through 2 0, 1) 1 indicates that the bolt is located in cut-through 2, and vice versa
f12 Headgate 3 0,1) 1 indicates that the bolt is located in headgate 3, and vice versa
Target Risk of rockbolt failure 0, 1) 1 = High risk of failure, 0 = low risk of failure.
Failed Falled
Gzt Unfailed 0.923 Unfailed
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Figure 1. Kernel density estimate plots of four continuous features: (a) length of roadway; (b) dripper
flow rate; (c) age of bolt; (d) stress factor.
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3. Methods
3.1. Model-Building Process

In this study, the 12 input features (presented in Table 1) were used as input variables
to predict the risk of rockbolts’ failure (high-risk or low-risk). The model-building workflow
is presented in Figure 2. According to Figure 2, the database was randomly split into a
training set (80%) and a testing set (20%). Here, stratified sampling was employed to ensure
that an equal proportion of the high and low risks occurred in the training and testing sets.
The training set was used to train the ML models through a 5-fold cross-validation.
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Figure 2. Workflow of the entire study.

Gridsearch was used to obtain the best parameter pairs to ensure optimal performance.
The tuning parameters for Catboost and RF were limited to 3 and 2, respectively, to ensure
simpler models. The Gridsearch parameter relationship with cross-validation performance
for Catboost and RF is shown in Figure 3a,b, respectively. Python-based ML libraries
known as Catboost [31] and Scikit-learn [32] were employed to build the Catboost and RF
models, respectively.

50

2

n_estimators Mean AUC

max_depth Mean AUC

(a) (b)

Figure 3. Relationship of Gridsearch parameters with mean AUC: (a) Catboost; (b) RF.
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For Catboost, the best parameter combination was obtained with depth = 6, learn-
ing_rate = 0.01 and n_estimators = 110. The learning_rate is used for reducing the gradient
step, the depth represents the depth of the tree, and the n_estimators represent the maxi-
mum number of trees that can be built. With RF, the optimal model was obtained with
the parameters; max_depth = 3 and n_estimators = 500. Similarly, the max_depth represents
the maximum depth of the tree, and the n_estimators represent the number of trees in the
forest.

The best parameters were finally used to retrain the models. Then, the testing dataset,
containing only the predictor variables, was supplied to the models to make predictions.
The predictions were then evaluated to assess and compare the models” generalisation
performances. Finally, SHAP was employed to explain the predictions of the Catboost
model. The theoretical background of Catboost and SHAP is presented in the following
subsections. The RF model is not discussed in this study because it has been detailed
extensively in the literature [33-36].

3.2. Categorical Boosting (Catboost)

Catboost, proposed by Prokhorenkova et al. [31], is a powerful open-source gradient
boosting algorithm efficient in handling both regression and classification tasks. Its imple-
mentation introduces two new advances to the boosting family: (i) ordered boosting to
solve the problem of prediction shifts present in all existing implementations of gradient
boosting, and (ii) an innovative technique to handle categorical variables [31].

The algorithm has demonstrated superiority over leading boosting variants for a
variety of problems. For instance, in the study of Luo et al. [37], Catboost achieved good
performance compared to RF and extreme gradient boosting. In the work of Prokhorenkova
et al. [31], Catboost performed better than light gradient boosting and extreme gradient
boosting. In a recent comparison by Wu et al. [38], Catboost demonstrated remarkable
predictive capabilities compared to existing boosting algorithms. Particularly in the geotech-
nical discipline, the algorithm has been widely applied—especially in predicting uniaxial
compressive strength [39], prediction of the elastic modulus of rocks [40], and rock burst
assessment [41].

The underlying strategy of Catboost, like all other boosting techniques, is to learn
many weak classifiers (i.e., base learners) and combine them into a stronger one. In the
Catboost implementation, a binary decision tree is used as the base classifier. The decision
tree divides the feature space (R™) into several disjointed tree nodes using some splitting
attribute (a). The attribute consists of a single feature (k) and a threshold (t), where k is
either a numeric or a binary feature. In the case of this study, the attributes consist of binary
variables and numeric variables that are used to identify whether a feature exceeds some
threshold. For numeric features (e.g., “age of bolt”), a = 1}, while for binary features
(“zone 2”), 4 = 1405y [31]. It is worth noting, however, that the decision tree is unable to
process categorical variables in the input data. Hence, in the existing boosting methods,
one-hot encoding is employed to add a new binary feature, which indicates the presence or
absence of each feature [42]. However, in high-cardinality datasets (i.e., when there are too
many unique categories for a feature), this approach leads to space consumption.

In handling the aforementioned limitation of the one-hot encoding, one common ap-
proach is to replace the unique category x. of the categorical feature i with some target statis-

tics (TS), x;{ . Considering a dataset D = {(X;,Y;)}i = 1...n, where X; = (x1,....Xjn)
represents the input variables containing both numeric and categorical features, while
Y; € R represents the target class, the TS is defined in Equation (1) as follows:

i
xk = 7
j=1 1[ “+a

M

x;i:x;;}

where a > 0 is a parameter and p is generally the average target value in the dataset [43].
However, this approach also leads to overfitting. Catboost uses a more efficient strategy
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known as the ordered TS, which helps to reduce overfitting. Here, the dataset is first
permutated randomly. Then, an average label value is computed for each example with the
same category value placed before the inherited one from the permutation in the dataset.
Ifo=(oj,...... ,0y) represents the permutation, then o; , k is replaced in Equation (2) as
follows:

p—1 —
g ijl [xaj’k = xgp,k} Yoj +ap
k= —1
2]’;1 [xgj,k = xgp,k} +a

where p is the prior value and a is the weight of the prior.

@

3.3. SHapley Additive exPlanations (SHAP)

In this study, the tree-explainer-based SHAP [44] framework with Catboost was
employed to explain the complex underlying relationships among the influencing factors
of rockbolts’ failure. SHAP, introduced by Lundberg and Lee [44], is a game-theory-based
approach used to describe the outcomes of ML models by determining the contribution
of each predictor variable to the models’ output. Here, contributions are estimated by
computing Shapley values [45] for individual instances.

As a game theory approach, each predictor variable acts as a player in a coalition. Then,
the payoff (contribution), which represents the increase in the probability of a particular
class (high- or low-risk) occurring when conditioning the feature, is estimated. The outcome
of the model is explained using the concept of additive feature attribution. SHAP specifies
the explanation in Equation (3) as follows:

M
g(x') =V, + Z Vix; 3)
i—1

where g represents the explanation model, x; is a coalition vector that indicates whether
the ith predictor is present (x; = 1) or absent (x; = 0), V, is the base value when all
inputs are unavailable, and M is the maximum coalition size. V; € R is the Shapley value,
which represents feature attribution for a feature i. For a model £, the Shapley value (V;) is
calculated in Equation (4) as follows:

vie y BRMEBIED g0 () - f5) @

SENV{ xj}

where S represents the subset of features used in the model, xjis the vector of feature values
of the observation to be explained, and M represents the number of features; f(S) is the
prediction for feature values in set S.

Since SHAP computes Shapley values, it is known to be the only method that satisfies
all of the properties of efficiency, symmetry, dummy, and additivity [46]. Interestingly,
SHAP is justified to provide a unique solution with three vital properties: local accuracy,
consistency, and missingness [44,46,47]. The desirable properties of SHAP have led to its
increasing adoption in the geotechnical discipline. A review of some successful applications
of SHAP is presented in Table 2.
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Table 2. Review of some applications of SHAP in the geotechnical engineering domain.

Reference

Area of Application

Remarks

Inan and Rahman [48]

Amin et al. [49]

Zhang and Lin [50]

Leeetal. [51]

Nasiri et al. [52]

Kannangara et al. [53]

Mangalathu et al. [54]

Khan et al. [55]
Mangalathu et al. [56]
Barkhordari et al. [57]

Wang et al. [58]

Guo et al. [59]

Identify significant landslide causal factors

Forecasting compressive strength of rice husk ash
concrete

Mitigating limit support pressure (LSP) and ground
surface deformation (GSD) during the tunnel excavation

Prediction of quantitative rock damage using various
acoustic emission parameters

Prediction of uniaxial compressive strength and modulus
of elasticity for travertine samples

Investigation of feature contribution to

shield-tunnelling-induced settlement

Punching shear strength estimation of flat slabs without
transverse reinforcement
Modelling coal dust explosibility

Failure mode and effects analysis of reinforced concrete
structures

Prediction of flyrock due to quarry blasting

Seismic stability analysis of embankment slopes
subjected to water level changes

Assessment of rock-burst risk

Identified important features such as slope, elevation,
and topographic wetness index
Discovered that the most significant factors impacting the
compressive strength were the age of the concrete sample,
the amount of cement, and the amount of aggregate
Found that the soil cover depth and the horizontal
distance from the existing tunnel had a major and minor
influence, respectively, on the values of LSP and GSD
Cumulative absolute energy and initiation frequency
were identified as important factors for both high and
low degrees of damage
Results indicated that P-wave velocity has the highest
importance in the prediction
Revealed that the larger settlements were induced during
shield tunnelling in silty clay, and that low magnitudes of
face pressure at the top of the shield increase the model’s
output
Showed that the material properties (i.e., the ratio of
yield strength to compressive strength, and the
reinforcement ratio) have a greater influence on the shear
strength than the geometric parameters
Identified that coal dust particle size and gross calorific
value were the most important influencing factors on the
maximum pressure of the deflagration index
The geometric variables and reinforcement indices were
critical parameters that influence failure modes
Hole diameter was determined to be the main factor in
controlling flyrock distance, followed by the powder
factor

Identified friction angle ¢ as the most important feature

The results showed that tangential stress around
underground openings and the uniaxial compressive
strength of the rock were the most important variables

4. Results and Discussion
4.1. Classification Performance

In section, the performance of Catboost and RF are assessed and compared. The
performance of the models was evaluated using overall (AUC) and single-class (precision
and sensitivity) performance metrics. The corresponding formulae (Equations (5)—(7)) for
these metrics are provided in Table 3.

Table 3. Evaluation metrics with formulae and descriptions.

Metric Formula Equation Description
AUC indicates how well the probabilities of the positive class are separated
from the negative class, where Ry, is the true positive rate, Ry, is the false
A ! e o o e

uc f o Rep (Rf P)(SRf p 5 positive rate, p, is the probability of observed agreement, and py is the

probability of agreement when two classes are unconditionally independent
Sensitivit P 6 The percentage of the relevant material datasets that were correctly identified,

Y TP+EN where TP and FN denote true positive and false negative, respectively

Precision TPT+PFP - Precision represents the proportion of predicted positive cases that are real

positive values [46], where FP denotes false positive.

The performance of the proposed Catboost model was further evaluated by comparing
its performance with the results obtained for other ML methods by Jiang et al. [20]. The
results are summarised in Table 4. In comparison with the results presented by Jiang
et al. [20], the Catboost model used in this study produced satisfactory results (Table 4).
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Table 4. Classification performance of the various models developed for the study and the models
used by Jiang et al. [20].

Low Risk High Risk Overall

Model Precision Sensitivity Precision Sensitivity AUC Reference

Catboost 1 0.75 0.80 1 0.88 This study

RF 0.92 0.75 0.79 0.95 0.84 This study
PCA-SVM - - - - 0.86 Jiang et al. [20]
SVM - - - - 0.83 Jiang et al. [20]
GTB-SVM - - - - 0.81 Jiang et al. [20]

To aid in easy interpretation, confusion matrices of the classification results for Cat-
boost and RF are additionally presented in Figure 4a,b, respectively. Overall, the results
indicate that the newly introduced Catboost model provides better prediction than the RF
model in terms of AUC, achieving the highest score of 0.89 and 0.88 on the training and
testing datasets, respectively (Figure 5). This means that the Catboost model has the highest
discrimination ability to distinguish between the high- and low-risk rockbolt failures.

High risk

High risk

Low risk

Low risk
Low risk

High risk

= High risk

b1

Figure 4. Confusion matrices for (a) Catboost and (b) RE.

10 10 ——
08 08 e
5 06 5 LT3 A
§ 04 :g 04 T
02 02 o
s — Taining AUC = 0.89 e — Taining AUC = 0.84
e — Esting AUC = 0.88 L — ‘Esting AUC = 0.81
B.a L) T T T T n.ﬂ L T L T
0.0 02 0.4 06 08 10 0.2 04 06 08 10
False Positive Rate False Positive Rate

(a)

(b)

Figure 5. AUC plots for training and testing datasets: (a) Catboost; (b) RF.
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The single-class performance also revealed that the Catboost model was the most
efficient in recognising both high- and low-risk zones (Figure 6). In risk assessment, high
sensitivity of a model in detecting areas at high risk of failure is of utmost importance, since
it serves as a safety buffer. The Catboost model developed in this study achieved a high
sensitivity of 1 (Figure 6), indicating that all high-risk failures were correctly classified or
identified by the model. As indicated in Figure 4a, Catboost correctly classified all of the
high-risk cases, and only committed four of the low-risk cases. Further explanation of such
model classification is discussed in subsequent sections.

M Catboost RF

—AUC—

Sensitivity -

Overall

High risk

Precision JH——

sensitivity JTT——

Low risk

precision M —

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Score

Figure 6. Overall and single-class performance for Catboost and RF.

4.2. SHAP Global Interpretation

The SHAP feature importance plot (Figure 7a) gives the average contribution of a
feature value to the prediction for the six most important variables or features. The features
are sorted in decreasing importance. It was observed that “length of roadway” (f1) and
“headgate 1” (f8) were the greatest contributing factors; f1 was similarly identified in a
previous study [20] as the most important variable. However, the overall importance
ranking obtained in this study (f1, f8, {3, f11, 9, f4) differs from that given by the gradient
tree boosting (GTB) model (f1, £2, f4, £3, f10, {8, 11, {9, {5, 6, f12, and £7) used by Jiang
et al. [20]. In the study of Jiang et al. [20], all numeric values (f1, {2, f3, and f4) were ranked
higher than the binary features. This is because the GTB model employs its internals to
compute the importance calculated using a weighted sum of decreases in node impurity,
making it inherently biased toward numeric features (i.e., higher cardinality) [47].

High
« I . Aol
« - . ¢ .
= I B 1o ok - E
e
g = m jo - | 2
™
fid
o I e i -
« i e
Low
0.0 01 02 03 0.4 0.5 0.6 07 0.8 -4 -3 -2 -1 0 1 2 E]
mean(|SHAP value|) (average impact on model output magnitude) SHAP value {impact on model output)
(a) (b)

Figure 7. Global SHAP interpretations of predictions on the training dataset: (a) feature importance
plot; (b) summary plot showing the first six important variables (note: f1 is in m).
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The directional marginal contribution of the six most important predictor variables to
the various classes is presented in Figure 7b. Here, each point on the plot corresponds to a
row in the dataset. The gradient colour of each point represents the magnitude of the input
variable i.e., red or blue plots represent higher or lower values of inputs, respectively. The
y-axis represents the variable names, ranked from top to bottom in order of importance
(similarly depicted in Figure 7a); the x-axis depicts the SHAP value. The points are coloured
on both sides for all features, indicating how much a feature impacts the model negatively
(left) or positively (right).

It can be observed in Figure 7b that the medium-to-high values of f1 increase the risk
of rockbolt failures, and vice versa. With regards to {8, category 1 (indicating rockbolts
located in “headgate 1”) indicates the lowest risk of failure (Figure 7b). This means that
rockbolts located in “headgate 1” have the lowest risk of failing. In terms of “age of bolt”
(f3), old bolts have a higher risk of failure, while new bolts generally have a low risk of
failure (Figure 7b). There is also a high risk of bolt failure in “cut-through 2” (f11) and
“cut-through 1” (£9). A high “stress factor” (f4) increases the risk of failure, and vice versa
(Figure 7b). On the other hand, “dripper flow rate” (f2) and rockbolts in “zone 1” (£5), “zone
2”7 (£6), “zone 3” (£7), and “headgate 2” (f10) generally have less impact on failure outcomes;
however, in some instances, a high “dripper flow rate” is observed to increase the risk of
failure (Figure 7b). It is important to note that in determining the risk of a rockbolt’s failure,
the most important factors should be considered first followed by the preceding factors in
importance.

The relationships between SHAP values and the input variables are shown in Figure 8.
The colour coding on the right relates to the values for the interaction feature. Vertical
dispersion of points represents interaction among predictor variables. The deductions from
the dependency plots can be summarised as follows:

e  Figure 8a indicates that rockbolts with “length of roadway” greater than 30 m are
more likely to fail (i.e., SHAP values > 0). The risk even increases when the roadway
is located in “zone 2”.

e In Figure 8b, one can observe that rockbolts existing in “headgate 1” are less likely to
fail, and vice versa.

e Again, rockbolts with a “stress factor” value less than 0.3 are less likely to fail
(Figure 8c). The probability of failure decreases even further when the rockbolts
are located at “headgate 2”. However, the risk of failure increases with increasing
“stress factor”.

e  Figure 8d shows that rockbolts with age of less than 5 years are very unlikely to fail.
After 5 years, the risk of failure increases with time.

e In Figure 8e, it can be seen that rockbolts located in “cut-through 2” are more likely
to fail. Additionally, bolts in “cut-through 2” within “zone 2” have a higher risk of
failure.

e  According to Figure 8f, rockbolts in “zone 1” with a “length of roadway” less than
20 m are more likely to fail.

e  Rockbolts in “zone 2” and “zone 3” are less likely to fail, as shown in Figure 8g,h,
respectively.

e  The “dripper flow rate” generally has less impact on bolt failure; however, a “dripper
flow rate” of 40-60 mL/h together with a low “stress factor” could potentially cause
failure (Figure 8i).

e  The risk of failure in “headgate 2” is very low and is even more unlikely to fail when
“headgate 2” is located in “zone 2” (Figure 8§j).

e  Figure 8k shows that rockbolts located in “cut-through 1” have the potential to fail,
although the probability is less.

e  Figure 8l shows that “headgate 3” generally does not have a serious impact on failure.
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Figure 8. SHAP dependency and interaction effect plots for various input parameters (note: f1, {2,
and f3 have units of m, mL/h, and years, respectively).

We caution that the above-listed conditions are ranked in order of importance, and
so any sample should be interpreted by subjecting it to the various conditions in order
of importance. For instance, in condition VII, rockbolts in “zone 2” and “zone 3” are less
likely to fail. However, in condition I, rockbolts with a longer “length of roadway” have the
highest risk of failure when they are located in “zone 2”. Additionally, bolts in “cut-through
2” and “zone 2” have a higher risk of failure. Moreover, rockbolts in “zone 1” with a
“length of roadway” less than 20 m are more likely to fail. The findings reported by Jiang
et al. [20] suggested that zones 1, 2, and 3 (indicating three water types) were less important
to the prediction outcome. Conversely, the SHAP dependency plot and the interaction
features from this study suggest otherwise. It can be established from our findings that
water types in conjunction with other variables are important contributing variables for
rockbolts’ failure [1]. Our results also establish that the risk of rockbolts’ failure could be
localised in clusters [1].
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4.3. SHAP Local Interpretation

Figure 9a presents the decision plot of all of the testing datasets. This gives an overall
summary of the contribution of each predictor variable to the prediction outcomes. For
instance, it can be seen that in areas with a high risk of failure, f1 generally contributes
positively (right direction), whereas 7, {9, and f12 appear to have a neutral effect on the
outcomes (Figure 9a).
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Figure 9. Local interpretations of predictions on the testing dataset: (a) all testing samples; (b) sample
1; (c) sample 3; (d) sample 2 (note: f1, £2, and {3 have units of m, mL/h, and years, respectively).

The SHAP waterfall plots (Figure 9b—d) are instructive in explaining how individual
decisions are taken. Here, the contribution of each predictor variable (positive/negative) to
the predictions can be assessed. The f(x) value on top of the plot indicates the probability of
a high risk of failure. Positive values represent higher risk, while negative values represent
lower risk. The E[f(x)] values represent the expectation of a high risk of failure. The y-axis
represents the variable name, and the corresponding observed values are presented in
Table 5; the x-axis represents the range of responses.

In Figure 9b, a rockbolt with low risk of failure is wrongly predicted as high risk of
failure. To understand the cause of this incorrect prediction (i.e., low risk instead of high
risk), global analysis derived from the dependency plots in Figure 8 was used. As shown
in Figure 8, it has already been established that old rockbolts (f3 = 13 years) located outside
“headgate 1” (f8 = 0) with higher f1 values (f1 = 75) have a high risk of failure. As evident
from Figure 9b, these important variables drive the prediction positively toward a high risk
of failure.
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Table 5. Details of test samples used for local interpretation.

Sample Number

Feature ID @ @ 3)
f1(m) 75 18 38
f2 (mL/h) 0 0 0
{3 (years) 12 10 10
f4 0.3 0.45 0.4

5 1 0 0

fé6 0 1 1

7 0 0 0

8 0 1 0

9 0 0 0

10 1 0 0

f11 0 0 1
f12 0 0 0

Actual 0 0 1

Predicted 1 0 1

In Figure 9¢, a rockbolt with a high risk of failure (i.e., f(x) = 0.556) is correctly predicted.
Again, using the conditions outlined in Figure 8, it is clear that a rockbolt with high f1
values (f1 = 38) and located in “cut-through 2” (f11 = 1), in “zone 2” (f6 = 1), and with more
than 0.3 “stress factor” (f4 = 0.4) will have a higher risk of failure.

In explaining the correct prediction of low failure risk in Figure 9d, it can be observed
that the rockbolt’s location in “headgate 1” (f8 = 1) is the main contributor to the prediction.
Even though the “stress factor” is more than 0.3, the location alone nullifies all possibilities
of high failure risk by driving the prediction to the extreme left. This is consistent with the
conditions established from the dependency plots in Figure 8.

It is interesting to note that both global (see Figure 7) and local (see Figure 9) inter-
pretations indicate that the “length of roadway” (f1) and “headgate 1” (f8) are the most
important variables, despite the slight differences in the overall variable ranking.

5. Conclusions

In this study, a categorical boosting (Catboost) algorithm and SHapley Additive ex-
Planations (SHAP) were leveraged to conduct a risk assessment of rockbolts” failure in
underground coal mines in New South Wales, Australia. First, the Catboost model was
developed to predict the risk of rockbolts’ failure (high or low) using 12 input features. The
model obtained high AUC scores of 0.88 and 0.84 on the testing and training data, respec-
tively. Specifically, it obtained a sensitivity of 1 and 0.75 in predicting high and low risks of
failure, respectively. In comparison with RF, Catboost showed a better performance with
regard to all assessment metrics. Finally, SHAP was used to explain the nonlinear complex
relationship between rockbolts’ failure and influencing input features. The outcomes of the
analysis revealed the following conclusions:

e  “Length of roadway” was found to be the greatest contributing factor to the failure
outcome, followed (in decreasing order of importance) by “headgate 17, “stress factor”,
“age of bolts”, “cut-through 2”, “zone 17, “zone 2”, “zone 3”, “dripper flow rate”,
“headgate 2”, “cut-through 17, and “headgate 3”.

e  Rockbolts with a “length of roadway” greater than 30 m are more likely to fail. This
risk increases even further when groundwater with high sulphur content is present.

e  Rockbolts with a service age less than 5 years are very unlikely to fail. After 5 years,

the risk of failure increases with time.

Opverall, this study provides insights into the complex relationship between rockbolts’
failure and the influence of geotechnical and environmental variables. The transparency
and explainability of the proposed approach have the potential to facilitate the adoption
of explainable machine learning for rockbolt risk assessment in underground mines. It is
recommended that future studies consider adding the rock types and rock strength to the
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predictor variables, as well as assessing how the reconstruction of the input variables via
autoencoders could improve performance.
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