
Vol.:(0123456789)1 3

Rock Mechanics and Rock Engineering (2018) 51:2965–2978 
https://doi.org/10.1007/s00603-018-1512-3

TECHNICAL NOTE

Quantifying Wet Muck Entry Risk for Long-term Planning in Block 
Caving

Raúl Castro1 · Diego Garcés1 · Andrés Brzovic2,3 · Francisco Armijo4

Received: 6 November 2017 / Accepted: 18 May 2018 / Published online: 24 May 2018 
© Springer-Verlag GmbH Austria, part of Springer Nature 2018

Abstract
Wet muck entry is one of the major geotechnical risks associated with long-term production goals in cave mining. The objec-
tive of this research is to quantify the effect of the main risk variables related to wet muck entry in an effort to prioritize and 
confront these variables accordingly. Logistic regression modeling was carried out using mine data from Pipa Norte Mine 
(PNM) and Sur Andes Pipa Mine (SPM), both located at El Teniente Mine. A confusion table was employed to calibrate the 
model, while a scatter plot and an error relative frequency histogram were used to validate it. The results indicated that ore 
draw and environmental conditions are the main risk variables associated with wet muck entry. The aforementioned metrics 
show an acceptable agreement between mine and modeled data. Hence, we used these results to create a statistically signifi-
cant predictive model, which may be useful for the risk evaluation of numerous long-term plans. Based on optimal calibrated 
conditions, the predictive model is a powerful instrument not only to identify high-risk zones susceptible to wet muck entry 
but also to make long-term preventive decisions, which could lead in mitigating the risks of wet muck entry in cave mines.

Keywords Wet muck entry · Logistic regression · Risk assessment · Long-term ore reserves recovery

1 Introduction

Block caving is a mining method in which ore blocks or 
panels are undermined causing the rocks to cave, and thus 
allowing broken ore to be removed at drawpoints (Hartman 
and Mutmansky 2002). Once the cave subsidence propagates 
to the surface, accumulated water and fine material may 
enter the draw column through the subsidence zone (Brown 
2004). This material composed of unsorted fine particles 
and water that is mixed in proportions that can potentially 
flow by gravity (Jakubec et al. 2012) is called wet muck. 
The term wet muck entry describes wet muck observed at 
drawpoints, as shown in Fig. 1a. According to the litera-
ture, early wet muck entry has been globally recognized as 
a crucial geotechnical issue in several cave mines, such as 

IOZ Mine (Hubert et al. 2000), DOZ Mine (Syaifullah et al. 
2006; Samosir et al. 2008; Widijanto et al. 2012), El Teni-
ente Mine (Becerra 2011; Ferrada 2011), and Kimberley 
underground mines (Holder et al. 2013). Because this phe-
nomenon generates delays in mine production schedules, 
significant economic losses, and mining safety problems, 
the assessment of wet muck entry is a critical step in risk 
analysis for cave mines.

Butcher et al. (2005) have suggested that four factors are 
required to trigger wet muck entry. These include the capac-
ity for water accumulation, the presence of potential wet 
muck-forming minerals, a disturbance in the ore column, 
and the ability for wet muck to discharge at a drawpoint. On 
the other hand, Navia et al. (2014) have analyzed a historical 
extraction database at Diablo Regimiento Mine in El Teni-
ente Mine and concluded that draw height and uniformity 
of draw are the main variables controlling wet muck entry. 
However, there is not yet a consensus on how to define the 
risk variables or their impact on wet muck entry. Conse-
quently, additional studies to address the likelihood of future 
wet muck entry, based on key risk variables, are needed.

To assess the wet muck entry risk, two approaches 
have been applied: deterministic and multivariate sta-
tistical methods. The deterministic approach could be 
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implemented, but it requires complete data to define the 
weights of each variable. El Teniente Mine has adopted 
a deterministic method for long-term risk assessment, in 
which the analysis is based on controlled draw criteria 
from a wet muck risk map. This map is shown in Fig. 1b, 
indicating the principal cave operations and the three 
types of risk zones. Ore reserves located within the high-
risk area (red zone) are restricted to extract 130% of the 
in-situ column to mitigate the occurrence of wet muck 
entry. Ore reserves located within the intermediate-risk 
area (yellow zone) are planned to extract 160–180% of 
the in-situ column, depending on the mine operation. Ore 
reserves placed within the low-risk (white zone) have no 
restrictions on extraction and can be planned according to 
economic criteria (Codelco 2016a, b). On the other hand, 
the second approach is the multivariate statistical method, 
which could be appropriate due to its ability to estimate 
the event’s likelihood, evaluating the relationship between 
the dependent variable and a set of independent variables. 
The most suitable multivariate statistical method is logis-
tic regression because it is useful for analyzing data that 
include a binary response variable (presence or absence 
of wet muck entry) and the independent explanatory vari-
ables (wet muck entry risk variables) (McCullagh and 
Nelder 1989; Hosmer et al. 2013). The main advantage 
of this method is its ability to minimize the uncertainties 

through the use of maximum likelihood estimates (Geng 
and Sakhanenko 2015). Garcés et al. (2016) attempted to 
integrate wet muck risk assessment in long-term planning 
based on the application of multivariate logistic regression 
to estimate ore reserve recovery before wet muck entry. 
Nevertheless, comprehensive discriminant analysis of risk 
variables was not included in their work. Hence, further 
investigations were required to focus on incorporating the 
main risk variables into long-term risk assessment of wet 
muck entry.

Quantifying wet muck entry risk could give miners 
insight into critical parameters during both production and 
geotechnical planning. This work aims to study the relative 
influence of the main risk variables associated with wet 
muck entry for long-term risk assessment in cave mining. 
In this paper, we conducted an analysis of wet muck entry 
status at drawpoints to define the conditions for wet muck 
entry modes to occur and subsequently, quantified the 
relationship between risk variables and wet muck entry. 
Finally, we proposed a multivariate predictive model for 
the recognition of high-risk areas susceptible to wet muck 
entry. This research has proven to be a useful tool to assess 
wet muck entry risk during planning processes in block 
caving.

Fig. 1  a Wet muck observed at a drawpoint during mine operation 
in El Teniente Mine (Codelco 2014); b Wet muck entry risk map 
(including different mine’s layout) used in El Teniente Mine’s meth-
odology for long-term planning (1 Pipa Norte Mine, 2 Sur Andes 
Pipa Mine, 3 Reservas Norte Mine; 4 Block-1 Esmeralda Mine; 5 
Diablo Regimiento Mine). The red zone (high-risk zone) describes 
the area with low elevation (topographic gutter), less than 500  m, 
with intermittent flows from melting snow and rainfall. This area is 

characterized by the presence of historical wet muck flows. The yel-
low zone (intermediate-risk zone) corresponds to the area within the 
topographic gutter with an elevation higher than 500  m, where wet 
muck inflows were registered. The remaining area classified as white 
zone (low-risk zone) indicates an area with high elevation (greater 
than 600 m) located outside the topographic gutter’s influence, where 
wet muck inflows were unregistered (González and Brzovic 2017). 
(Color figure online)
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2  Background at El Teniente Mine

2.1  Wet Muck Entry Mode at El Teniente Mine

Mine data were provided from mine sectors at El Teniente 
Mine such as Diablo Regimiento Mine (DRM), Reservas 
Norte Mine (RNM), Block-1 Esmeralda Mine (B1-EM), 
Pipa Norte Mine (PNM) and Sur Andes Pipa Mine (SPM) 
from 2000 to 2017 to analyze the wet muck entry mode. 

These mines are mainly located under a topographic gutter 
(similar to a topographic depression) around Braden pipe, 
as shown in Fig. 2, and extensively operated in the high-
risk zone of wet muck entry (Fig. 1b). Currently, the mines 
mentioned above represent nearly 78% of El Teniente 
Mine’s daily production (roughly 91,000 tons per day).

The analysis was executed using both the historical 
extraction and drawpoint status data. It was observed that 
some drawpoints presented wet muck status despite the 
non-presence of wet muck in surrounding areas (blue dots 

Fig. 2  Isometric view of productive sectors at El Teniente Mine, indicating the location of the studied mine database (Codelco 2016a, b)

Fig. 3  Analysis of historical wet muck entry mode at El Teniente Mine; (1) Pipa Norte Mine (PNM); (2) Sur Andes Pipa Mine (SPM); (3) 
Reservas Norte Mine (RNM); (4) Block-1 Esmeralda Mine (B1-EM); (5) Diablo Regimiento Mine (DRM)
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in Fig. 3); therefore, it was postulated that in these cases 
wet muck initially descends vertically through the ore 
column to drawpoints, corresponding to a vertical mode 
of wet muck entry. The analysis of the remaining draw-
points (red dots in Fig. 3) indicated that wet muck status 
was always observed in the presence of wet muck in the 
neighboring areas (i.e., area affected by drawpoint initia-
tors of wet muck entry). Considering this result, it was 
supposed that wet muck has another entry mode, in which 
wet muck laterally diffuses from the initial wet muck area 
to its neighboring drawpoints; thus, corresponding to a 
lateral mode of wet muck entry.

A preliminary conclusion of this initial data review of 
wet muck entry mode is presented as shown in Fig. 4. The 
schematic representation is illustrated based on the typical 
configuration at El Teniente Mine. Nevertheless, it could 
be extended to other ore column configurations. Figure 4a 
shows the initial condition of a cave mine, in which the 
in-situ and broken wet ore columns are defined. The cave-
back grows until caving connects with the broken wet ore 
interface (Fig. 4b), and, then, the broken material begins 
to move down to drawpoints due to gravity (Fig. 4c). The 
first drawpoint declared with wet muck status (Fig. 4d) 

reveals a vertical inflow mode of wet muck. Ore extraction 
continues around this drawpoint; thus, wet muck is later-
ally expanded to its neighboring area, as can be seen in 
Fig. 4e. This second mode corresponds to a lateral inflow 
of wet muck.

These results indicated that it was necessary to separate 
the database into two; one dataset regarding vertical inflow 
of wet muck, and the other concerning lateral inflow of wet 
muck.

2.2  Study Area

The Pipa Norte Mine (PNM) and Sur Andes Pipa Mine 
(SPM) at El Teniente Mine were chosen for our study area 
based on the quality of available mine data, especially 
regarding the measures of water infiltration to cave opera-
tions. The study area is located under both a river basin 
known as El Teniente Basin, and the topographic gutter 
around Braden pipe that has been formed due to caving 
subsidence from previous mine exploitations, as shown 
schematically in Fig. 5. Historically, the topography of this 
area was recognized as a critical factor to accumulate water, 

Fig. 4  Schematic cross-section view through a cave mine, showing the wet muck entry mode proposed in this research

Fig. 5  Schematic east–west cross-section showing the location and initial conditions of the study area; a Pipa Norte Mine, and b Sur Andes Pipa 
Mine
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which directly impacts on water infiltration to cave mines 
(Codelco, 2016).

Regarding the geotechnical characterization, Fig. 5 also 
depicts the three main rock types within the study area. 
First, the ore broken unit is composed of unconfined caved 
material resulting from secondary fragmentation due to 
caving process. This unit is located within the subsidence 
zone of previous mine operations. Second, the secondary 
rock unit corresponds to an in-situ ore rock type, which is 
a moderately competent, permeable rock due to the pres-
ence of several faults and open fractures within the intact 
rock. This characteristic has led to an increasing accu-
mulation of groundwater, and thus this unit is considered 
as a considerable aquifer when cave mines are operating. 
Moreover, the primary in-situ rock unit is described as 
a very competent, massive, and impermeable rock type 
because open joints are rarely found within the intact rock 

and faults have a very low frequency of occurrence in line 
sampling (0.1 m− 1) (Brzovic and Villaescusa 2006). Con-
sequently, a high primary in-situ rock column tends to 
decrease the likelihood of wet muck entry at drawpoints 
with this geotechnical property compared to those draw-
points that do not present this characteristic. The principal 
geotechnical parameters of the lithological units within 
the study area are summarized in Table 1 (Codelco 2014).

2.3  Wet Muck Entry Datasets

The PNM and SPM data were gathered from 317 drawpoints 
between July 2003 and February 2017, from which 94 data 
records (30% of the database) were declared with wet muck 
status. This database was employed to independently study 
the relationship of the risk variables to the presence of wet 

Table 1  Geotechnical 
parameters for each lithological 
unit within the study area

Lithological unit Rock type UCS (MPa) E (GPa) c (MPa) � (°)

Mafic complex El Teniente (CMET) Fw Primary rock 108 ± 10 50 ± 8 23 40
Andesite Primary rock 151 ± 3 40 ± 2 20 44
Mafic complex El Teniente (CMET) Fw Secondary rock 45 ± 15 40 ± 15 12 35

Table 2  Description of the terms used in this research

Terms Description

In-situ tonnage Indicates the tonnage of ore (or material) naturally present within the rock mass before any mining activity
Primary rock Refers to a strong, less-fractured and low permeability ore rock mass, which is termed as primary rock at El Teniente Mine
Secondary rock Refers to a weak, fractured and high permeability ore rock mass at El Teniente Mine
Drawpoint neigh-

borhood/Cluster
Defines the number of drawpoints that are a part of the vicinity of the studied drawpoint vicinity. For instance, in a pro-

duction level layout at El Teniente Mine, a drawpoint has at maximum six neighboring drawpoints

Table 3  Summary of variables used in this research

Variable Symbol Unit Type Description

Extraction E (%) Continuous Calculated by the ratio between accumulated drawn tonnage and in-situ tonnage 
for each period. This calculation is a measurement of over-draw of the in-situ 
column

Column height of in-situ material h
i

(m) Continuous Measure of the column height of uncaved ore rock previous to mine operation
Column height of primary rock hpr (m) Continuous Measure of the column height of in-situ primary rock
Distance to topography ht (m) Continuous Estimate of the column height measured from the undercut level to the surface. 

This variable considers the column height of in-situ ore and the column height 
of broken material

Topographic gutter TG – Categorical Variable based on the location of the drawpoint. It is equal to zero if the 
drawpoint is not situated under the topographic gutter around Braden pipe, 
otherwise one if it is not

Monthly water flow rate FR (l/s) Continuous Variable that expresses average daily water flow rate infiltrated per month 
within the production level

Drawpoint neighborhood with 
wet muck entry

Nwm – Continuous Measure of the drawpoint number with wet muck entry status on surrounding 
areas (neighboring drawpoints). It considers zero to six neighboring draw-
points with wet muck entry status
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muck entry. This analysis was carried out using the univari-
ate analysis of the logistic regression approach.

To accomplish the multivariate analysis, the database 
was subdivided into two new datasets to incorporate the 
wet muck entry modes in the development of the predictive 
model. The vertical inflow of wet muck dataset is composed 
of 24 wet muck, and 72 non-wet muck entry stratified sam-
ples selected from the initial database. The lateral inflow of 
wet muck entry data contains 70 wet muck and 210 non-wet 
muck entry stratified samples chosen from the initial data-
base. The dataset for multivariate analysis was used to train 
(i.e., data used to derive the logistic regression equations) 
and test (i.e., data used to analyze the predictive performance 
of the logistic regression model) the predictive model.

2.4  The Wet Muck Entry Risk Variables

As the aim of this study was to evaluate the wet muck entry 
risk, essential risk variables were selected based on cave 
experience learned through mine operations. Seven risk vari-
ables were considered: extraction, water flow rate, column 
height of in-situ material, column height of primary rock, 
column height of topography, the presence of topographic 
gutter, and drawpoint neighborhood with wet muck entry. A 
more detailed description of the variables involved in this 
research is summarized in Table 2, 3.

Finally, Table 4 summarizes the criteria adopted for the 
selection of risk factors based on both the physical condi-
tions for wet muck entry and the cave experience gained 
throughout cave operation.

3  Method

3.1  Risk‑Factor Strength Association Analysis

In this work, several risk variables were critically evalu-
ated to quantify wet muck entry risk for long-term planning 
using logistic regression as a statistical approach. Through 
this approach, a predictive model was developed to calculate 
the likelihood of wet muck entry based on the main risk 
variables. The main advantage of the current method is that 
variables associated with ore draw, environmental conditions 
and drawpoint status are incorporated into the estimation 
of the daily likelihood of having wet muck entry at each 
drawpoint. A brief introduction to developing the predictive 
model is described below. A more detailed presentation of 
logistic regression may be found in Hosmer et al. (2013).

3.1.1  Univariate Logistic Regression Analysis

Risk variables for wet muck entry were independently 
assessed using univariate logistic regression analysis to 
study the strength of association. Chi-squared test ( �2 ) and 
odds ratio ( OR ) were applied to analyze the relative relation-
ship between the variables.

The odds ratio is capable of estimating how likely it is for 
wet muck to be present or absent among those drawpoints 
with x = 1 (presence) as compared to those drawpoints with 
x = 0 (absence) (Hosmer et al. 2013). For instance, if a draw-
point with the presence of wet muck entry is located under the 
topographic gutter, then an odds ratio OR = 3 means that the 
likelihood of wet muck entry among drawpoints situated below 
the topographic gutter is three times greater than the likelihood 
of wet muck entry among the drawpoints not situated below 

Table 4  Summary of selected risk variables based on physical properties of wet muck entry and mine practice

Risk factor Selection criterion

Extraction Represents both the increment of rock permeability promoted by caving propagation and the fine material 
formation due to the secondary breakage through the ore column. Based on mine data, the propensity of 
wet muck entry tends to rise with the increase of ore extraction

Monthly water flow rate Signifies a long-term representation of the water infiltration expected to be observed at drawpoints during 
cave operation. Therefore, high water flow increase of the likelihood of wet muck entry

Column height of in-situ material Indicates the permeability properties of the uncaved materials constituting the ore column (composed of 
primary and secondary rock), which controls water movement and infiltration to drawpoints

Column height of primary rock Represents the material with the lowest permeability within the ore column, which allows water to delay its 
infiltration to mine areas. Thus, drawpoints with a high column height of primary rock present less likeli-
hood of wet muck entry

Distance to topography Considers the distance to superficial water sources (melting snow and rain water)
Topographic gutter Signifies the high-risk zone associated with the preferential water accumulation in the lowest surface level, 

hence, controlling the state of water sources directly
Drawpoint neighborhood with wet 

muck entry
Indicates the risk that wet muck could be laterally spread to the surrounding areas (neighboring drawpoints)
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the topographic gutter. A detailed discussion of the odds ratio 
is given in Hosmer et al. (2013).

In univariate analysis, the statistical significance (p value) 
of 0.2 is used to determine if each independent variable is sta-
tistically significant with wet muck entry. The variables found 
to be significant were included in the multivariate logistic 
regression.

3.1.2  Multivariate Logistic Regression Analysis

The interrelationship of different risk variables with the occur-
rence of wet muck entry was tested using the multivariate 
logistic regression. In this stage, vertical and lateral inflow of 
wet muck datasets were used to derive the quantification of the 
main risk variables.

Multivariate logistic regression delineates the association 
between the dichotomous response variable, Y (the occurrence 
or non-occurrence of wet muck entry), and the collection of 
risk variables, x . The purpose of this analysis was to estimate 
the coefficient of each risk variable and test its statistical 
significance.

Multivariate logistic regression depends on the likelihood 
of the response variable, considering a set of n independent 
risk variables designated by the vector x = (x1, x2, x3,… , xn) . 
Therefore, the conditional likelihood that wet muck entry is 
present (i.e., Y = 1 ) would be given by the following equation 
according to Hosmer et al. (2013).

where � = �0, �1,… , �n are the logistic regression model 
coefficients, which can be determined through particular 
methods based on the maximum likelihood methodology 
(Geng and Sakhanenko 2015).

In this analysis, two criteria were adopted: the statisti-
cal significance (p-value), and the log-likelihood ratio 
( −2log ). First, the statistical significance for a risk variable 
to remain in the multivariate logistic regression model was 
set at 0.05. s, the log-likelihood ratio measures the change 
of likelihood between the fitted and saturated model (Hos-
mer et al. 2013). In general, the most desirable fitted-model 
corresponds to the one which minimizes the log-likelihood 
ratio (Allison 2012).

3.2  Calibration and Validation of the Predictive 
Model

A novel approach for calibrating and validating the multi-
variate predictive model was carried out in this section. The 
calibration of the fitted model was assessed by comparing 
the mine data and the modeled muck entry depending on the 
value of a cut-off probability. The cut-off probability allows 

(1)P(Y = 1|x) = p(x) =
e�0+�1x1+�2x2+⋯+�nxn

1 + e�0+�1x1+�2x2+⋯+�nxn

the drawpoints to be classified into one of the response val-
ues (i.e., 1 or 0) using different levels of likelihood. The cut-
off probability is defined as the minimum likelihood value 
for a drawpoint to be labeled as wet muck entry status; there-
fore, drawpoints with a likelihood value above the cut-off 
value were classified as wet muck entry, whereas those with 
lower cut-off probabilities were classified as non-wet muck 
entry. An algorithm was created to obtain the cut-off value 
which includes the key risk variables and the best-fitted pre-
dictive models (i.e., vertical and lateral inflow of wet muck 
models). This algorithm enables the estimation of the daily 
likelihood of wet muck entry for each drawpoint.

After selecting the cut-off probability, a contingency 
table was constructed, which permitted the calculation of 
four possible outcomes. On the one hand, if the real value is 
positive and classified as positive, then it is counted as a true 
positive ( TP ); otherwise, it is counted as false negative ( FN ). 
On the other hand, if the real value is negative and is classi-
fied as negative, then it is counted as a true negative ( TN ); 
otherwise, it is counted as a false positive ( FP ) (Fawcett 
2006). To evaluate the contingency table, the cut-off prob-
ability enables the calculation of three main performance 
metrics, described by Fawcett (2006) as follows.

where TPR is the true positive rate (also called sensitivity), 
TNR is the false positive rate (also known as specificity), and 
ACC is the accuracy of the best-calibrated model.

After calibrating the predictive model, the validation of 
the cut-off probability was executed comparing the real and 
modeled data regarding drawn ore tonnage before wet muck 
entry. The validation stage aims to minimize the drawn ore 
tonnage error, which is defined as the subtraction between 
real and modeled drawn ore tonnage. The validity of the 
predictive model is graphically represented on a scatter plot, 
which displays the degree of correlation between modeled 
drawn ore tonnage (plotted along the vertical axis) and 
drawn ore tonnage from mine data (plotted along the hori-
zontal axis). Additionally, a relative frequency histogram for 
the error was presented to examine the proportion of error 
values for each corresponding class interval. The calibrated 
model is validated if the defined cut-off probability results 
in a scatter plot with a high degree of correlation between 
modeled and mine data, and if the error’s distribution is near 
zero.

(2)
TPR =

TP

TP + FN
; TNR =

TN

TN + FP
;

ACC =
TP + TN

TP + TN + FP + FN
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4  Results and Discussion

4.1  Risk Factors Strength of Association Analysis

4.1.1  Univariate Logistic Regression Analysis

Univariate analysis was carried out for each of the seven risk 
variables, in which all the risk variables were statistically 
significant (p value ⩽ 0.2). Table 5 summarizes the associa-
tion metrics obtained in this analysis.

Based on Table 5, the results show that variables such 
as extraction, the presence of topographic gutter, and draw-
point neighborhood with wet muck entry have the highest 
statistically predictive power for the occurrence of wet muck 
entry. First, the presence of a topographic gutter is the major 
risk variable related to wet muck entry, with an odds ratio 
measured as 7.16, indicating that a drawpoint located under 
the lower surface zone has 7.16 times higher likelihood of 
suffering wet muck entry, compared to a drawpoint situated 
outside the topographic gutter area. Second, the extraction 
has an odds ratio of 3.19, meaning that if a drawpoint has 
drawn 150% of its in-situ column, wet muck entry likeli-
hood will increase 3.19 times compared to a drawpoint that 
has drawn 50% of its in-situ column. Finally, the number of 
drawpoints within the area surrounded by wet muck is the 
third major risk variable associated with wet muck entry. 
This variable has an odds ratio estimated as 2.27, revealing 
that a drawpoint with two neighboring drawpoints with wet 
muck status has 2.27 times higher likelihood of presenting 
wet muck entry compared with a drawpoint with only one 
neighboring drawpoint with wet muck status. The remaining 
risk variables have a slight statistical degree of association 
with wet muck entry because of the low values of the Chi-
squared test and odds ratio.

Based on the above-mentioned results, the analysis indi-
cates that wet muck entry generally occurs under over-draw 
conditions for those drawpoints placed below a topographic 
gutter and located near wet muck areas. Hence, during the 
long-term planning process, mine planers must bear in 
mind the selection of daily tonnage drawn depending on the 

environmental conditions of each drawpoint. The univariable 
analysis was useful to identify the main variables related 
to wet muck entry. However, it does not consider the rela-
tive relationship between risk variables, which is assessed 
through multivariate analysis, as indicated in the following 
section.

4.1.2  Multivariate Logistic Regression

Multivariate logistic regressions were performed using verti-
cal and lateral inflow of independent wet muck entry data-
sets. Thus, two best-fitted predictive models were selected 
for each entry mode (Table 6).

For the vertical inflow mode of wet muck, variables such 
as ore draw and environmental conditions (topographic 
conditions, column height variables, and water infiltration) 
have a physical impact on the occurrence of vertical wet 
muck entry; hence, three predictive models were developed 
(Table 6a). Based on the p value given in Table 6a, most 
of the risk variables were significant at 0.05 level, whereas 
those with p value > 0.05 were found to be needed in the 
model because they have a physical significance with wet 
muck entry and the p value is approximately at 0.05 confi-
dence level. Additionally, the multivariate analysis showed 
that the distance to topography must be eliminated from 
modeling since it was not statistically significant at the 0.05 
level. Finally, considering the log-likelihood ratio used to 
analyze the degree of suitability among the models, model 
2 has the lowest value compared to the others, which means 
that model 2 has a more appropriate predictive capacity, and 
thus it was selected as the best-fitted model for the vertical 
wet muck entry mode. The key risk variables included in 
model 2 are in line with both the results presented in the uni-
variable analysis and the high association of the odds ratio 
observed in Table 6a. Consequently, the vertical inflow of 
wet muck mode during cave operations is mainly controlled 
by extraction, water infiltration, column height of primary 
rock and the presence of a topographic gutter.

Table 5  Risk variables and their 
relative relationship with wet 
muck entry, sorted by strength 
association from the odds 
ratio (univariate analysis of 
association)

Variable Statistical signifi-
cance (p value)

Chi-squared 
test ( �2)

Coefficient Odds ratio

Topographic gutter < 0.001 446.30 1.97 7.16
Extraction < 0.001 407.01 1.16 3.19
Drawpoint neighborhood with wet 

muck entry
< 0.001 387.81 0.82 2.27

Monthly water flow rate 0.006 229.69 0.003 1.003
Distance to topography < 0.001 148.82 -0.019 0.981
Column height of in-situ material < 0.001 93.63 -0.007 0.993
Column height of primary rock < 0.001 74.71 -0.006 0.994
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On the other hand, regarding the lateral mode of wet 
muck entry, the multivariate analysis considers ore draw, wet 
muck entry areas and environmental conditions (topographic 
conditions, column height of material and water infiltra-
tion) as risk variables; therefore, three models were built 
(Table 6b). Most of the risk variables presented in Table 6b 
were statistically significant at 0.05 p value level. Although 
the variable monthly water flow rate is an exception, it has 
physical significance in the occurrence of the phenomenon, 
and it was nearly at 0.05 confidence level. Thus, the vari-
able monthly water flow rate needs to be incorporated in 
multivariate modeling. In addition, the analysis revealed 
that topography and column height variables needed to be 

excluded from this multivariate logistic regression analy-
sis since they were not significant at 0.05 level during the 
model-building step. Based on the log-likelihood ratio given 
in Table 6b, the considerably lower value obtained in model 
3 explains both that the predictive performance is more suit-
able compared to other models, and that the included vari-
ables are the most influential factors associated with lateral 
wet muck entry. Accordingly, model 3, which is principally 
dominated by the extraction variable, the presence of a top-
ographic gutter, and the neighboring drawpoints with wet 
muck status, is selected as the best-fitted model for lateral 
inflow of wet muck.

Table 6  Multivariate logistic 
regression modeling for (a) 
vertical mode and (b) lateral 
mode of wet muck entry

Model Coefficient ( �
i
) Std. error p value Odds ratio log-like-

lihood 
ratio

(a)
Model 1
 Extraction 0.76 0.75 0.031 2.13 73.59
 Monthly water flow rate 0.001 0.002 0.057 1.001
 Topographic gutter 0.74 0.65 0.025 2.09
 Constant − 2.20 0.78 0.040 0.11

Model 2
 Extraction 0.57 0.83 0.058 1.77 68.30
 Monthly water flow rate 0.001 0.002 0.031 1.001
 Topographic gutter 0.59 0.70 0.063 1.81
 Column height of primary rock − 0.003 0.006 0.066 0.996
 Constant − 1.62 1.31 0.021 0.19

Model 3
 Extraction 0.56 0.77 0.470 1.74 71.98
 Monthly water flow rate 0.001 0.002 0.057 1.001
 Topographic gutter 0.78 0.66 0.024 2.17
 Column height of in-situ material − 0.004 0.003 0.022 0.996
 Constant − 1.21 1.07 0.026 0.30

(b)
Model 1
 Extraction 2.51 0.33 < 0.001 12.29 363.13
 Monthly water flow rate 0.001 0.001 0.064 1.001
 Constant − 2.63 0.28 < 0.001 0.072

Model 2
 Extraction 2.18 0.34 < 0.001 8.82 306.11
 Monthly water flow rate 0.001 0.001 0.068 1.001
 Topographic gutter 1.91 0.43 < 0.001 6.76
 Constant − 4.10 0.50 < 0.001 0.017

Model 3
 Extraction 1.83 0.36 < 0.001 6.23 214.65
 Monthly water flow rate 0.001 0.001 0.02 1.001
 Topographic gutter 1.70 0.43 < 0.001 5.47
 Drawpoint neighborhood with wet 

muck entry
0.53 0.13 < 0.001 1.70

 Constant − 4.06 0.50 < 0.001 0.017
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In this research, a predictive model including key risk 
variables involved in wet muck entry was created. This 
model supports the notion that over-drawing at drawpoints 
with risky environmental conditions (located under the topo-
graphic gutter and in wet muck neighboring areas, with low 
height columns of primary rock and high-water infiltration 
periods) could lead to a higher likelihood of wet muck entry, 
compared to drawing at others with more favorable condi-
tions. Finally, the best-fitted multivariate predictive model 
is defined as

where pwm(x) indicates the wet muck entry likelihood; pv(x) 
and pl(x) denote the vertical and lateral wet muck entry 
likelihood, respectively; CPv and CPl specify the cut-off 
probability for vertical and lateral wet muck entry models, 
respectively. In the next section, the calibration and valida-
tion of the cut-off probabilities of the predictive model are 
presented and discussed.

(3)pwm(x) =

⎧
⎪
⎨
⎪
⎩

pv(x) =
exp (−1.62+0.57E+0.001FR−0.003hpr+0.59TD)

1+exp (−1.62+0.57E+0.001FR−0.003hpr+0.59TD)
If Nwm = 0, for CPv

pl(x) =
exp (−4.06+1.83E+0.001FR+1.70TD+0.53Nwm)

1+exp (−4.06+1.83E+0.001FR+1.70TD+0.53Nwm)
If Nwm > 0, for CPl

4.2  Calibration and Validation of the Predictive 
Model

Mainly in this research, the calibration stage involves the 
development of an algorithm to assess daily wet muck 
entry likelihood based on daily ore draw, drawpoint sta-
tus, environmental conditions of drawpoints (column 
height of primary rock, presence of a topographic gutter 
and monthly water infiltration), a multivariate predictive 
model, and the cut-off probability. Mine data from 2003 to 

2017 were included in the algorithm, and thus several cut-
off probabilities were tested to build contingency tables. 
The algorithm is schematically explained in Fig. 6, which 
indicates the role of cut-off probability CPv and CPl to 
define the occurrence or non-occurrence of wet muck 
entry at drawpoints.

After processing several cut-off probabilities, the opti-
mal cut-off value for correctly identifying wet muck entry 
observations (i.e., mine data containing wet muck entry 
status) was 0.58 for CPv and 0.60 for CPl . According to 
Table 7b, 80 observations of wet muck entry were accu-
rately classified because of the unfavorable operational 

Fig. 6  Schematic diagram of the algorithm and its elements used to 
calibrate and validate the modeled data based on the estimation of the 
daily likelihood of wet muck entry. The above diagram represents the 
procedure for one evaluated drawpoint, where p

wm(x) is the wet muck 

entry likelihood; CP
v
 and CP

l
 indicate the cut-off probability for verti-

cal and lateral wet muck entry models, respectively; and N
wm

 repre-
sents the number of drawpoints in the neighborhood with wet muck 
entry
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conditions of the analyzed drawpoints (i.e. drawpoints 

with an over-draw condition and located both under the 
topographic gutter and near an extensive wet muck entry 
area). Due to the above-mentioned unfavorable conditions, 
35 observations of non-wet muck entry were inaccurately 
classified. In addition, 14 of the wet muck entry observa-
tions were misclassified by the predictive model because 
they had favorable operational conditions, such as draw-
points with non-over-draw conditions and situated out-
side both the topographic gutter and non-wet muck entry 
neighboring areas. Finally, 188 drawpoints were accurately 
classified as non-wet muck entry since the operational and 
environmental conditions were favorable. In total, 70% of 
wet muck entry data and 93% of non-wet muck entry data 
were correctly classified, and hence, the model’s 84% accu-
racy demonstrates substantial discrimination for predicting 
the presence or absence of wet muck entry at drawpoints 
(Table 7c).

To validate the calibrated predictive model, the algorithm 
was applied to estimate drawn ore tonnage before wet muck 
entry. Using the defined cut-off probability, the occurrence 
or non-occurrence of wet muck entry was established within 
the calibrated model. The validation stage was carried out 
considering mine data between 2003 and 2017 and the 317 
drawpoints from PNM and SPM. The resultant scatter plot 
(Fig. 7a) shows that for the cut-off probability, there is a high 
positive degree of correlation between mine and modeled 
data concerning ore tonnage drawn before wet muck entry. 
In addition, Fig. 7a displays the 95% confidence level for the 
cut-off probability, from which two new cut-off probabili-
ties are obtained. In the case of the lowest confidence inter-
val, Y = 0.86x in green, the cut-off probability corresponds 

Table 7  Contingency tables and performance metrics for the calibra-
tion process: (a) two-class contingency table, (b) contingency table of 
calibration dataset and (c) main performance parameters for the cali-
brated model

(a) Two-class prediction definition (TP: true positive; FN: false nega-
tive; FP: false positive; TN: true negative)
(b) Contingency table of calibration step for the predictive model uti-
lizing a cut-off probability set of CPv : 0.58 and CPl : 0.60. The draw-
points with an estimated probability above 0.58 and 0.60 for vertical 
or lateral inflow of wet muck mechanism, respectively, were cate-
gorized as wet muck entry (1 to indicate the presence of wet muck 
entry), whereas the remaining drawpoints were categorized as non-
wet muck entry (zero to indicate the absence of wet muck entry)
(c) Main performance parameters employed to measure the degree of 
agreement between mine data and modeled observations for the cut-
off probability set previously mentioned

Logistic model

1 0

(a)
 Reality 1 TP FP

0 FN TN

Predictive model

1 (115) 0 (202)

(b)
 Mine data 1 (94) 80 14

0 (223) 35 188
(c)
 Sensitivity 70%
 Specificity 93%
 Model accuracy 84%

Fig. 7  a Scatter plot displaying ore tonnage drawn prior to wet muck entry, considering mine information from PNM and SPM, and; b relative 
frequency histogram for error between mine and modeled data based on the information gathered from PNM and SPM
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to 0.54 for CPv and 0.60 for CPl , whereas for the highest 
confidence interval (i.e. Y = 1.002x in red) the cut-off prob-
ability is 0.60 for CPv and 0.50 for CPl . Accordingly, the 
calibration error for the drawn tonnage before the occurrence 
of wet muck entry is near 94% with a confidence level of 
± 8%. Moreover, based on the obtained relative frequency 
histogram shown in Fig. 7b, the average error between mine 
and modeled drawn tonnage data is approximate − 3.2 ± 
44.1kton, therefore, this metric performance is distributed 
around zero.

Based on the calibration and validation results, we 
concluded that the predictive model has a substantial 

discrimination capability for predicting drawpoints suscep-
tible to wet muck entry within the study area; therefore, it 
could be employed to assess wet muck entry risk for long-
term planning applications.

Employing the calibrated and validated predictive model, 
a wet muck entry risk map was created for PNM and SPM 
at the end of the evaluated periods, as shown in Fig. 8. All 
drawpoints with modeled likelihood above 0.58 for the verti-
cal inflow of wet muck model or 0.60 for the lateral inflow 
of wet muck model were classified as wet muck status (black 
dots in Fig. 8a, c). In addition, Fig. 8b, d display a wet muck 
status map for PNM and SPM, respectively, considering the 

Fig. 8  Comparison between wet muck entry risk maps and mine data 
at the end of the evaluated periods; a wet muck entry risk map for 
PNM based on the predictive model; b wet muck entry status for 

PNM from mine data; c wet muck entry risk map for SPM based on 
the predictive model, and; d wet muck entry status for SP from mine 
data
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mine data gathered from the study area. Based on a visual 
comparison between these maps, we established that the wet 
muck entry risk map resulting from this research is appro-
priate for the recognition of high-risk zones prone to wet 
muck entry.

The use of multivariate logistic regression was founded 
to be applicable to the assessment of wet muck entry risk 
and the creation of a wet muck entry risk map for long-
term planning. Using such a map, long-term mine planners 
can reduce wet muck entry risk and mitigate losses of ore 
reserves by attending to those drawpoints susceptible to wet 
muck entry and adopting preventive strategies, such as low 
draw rates, uniformity of draw, reduction of long-term ore 
reserves, among others. Finally, the results obtained herein 
provide meaningful long-term guidelines to re-define ore 
draw for wet muck entry high-risk zones. Several advantages 
of our approach include:

• The assessment of wet muck entry risk can be performed 
for each monthly period in long-term production plans.

• The multivariate predictive model and the application 
of the algorithm can be used to identify high-risk zones 
prone to wet muck entry, and thus re-plan the ore reserves 
to both reduce ore loss and mitigate the risks of wet muck 
entry.

• This methodology will enable the development of cali-
brated and validated predictive models for cave mines 
using their mine and wet muck status data.

It is important to mention that to improve the predictive 
capability of the model for future long-term planning, reli-
able feedback is needed as additional mine data becomes 
available. Furthermore, the methodology adopted in this 
study is applicable to future cave mine projects. However, in 
the case of cave mines currently in production, back-analysis 
of mine data is required to derive the logistic regression 
equations and perform both the calibration and validation 
steps.

5  Conclusions

In this article, the quantification of wet muck entry risk for 
long-term risk assessment and planning was presented and 
discussed. This methodology employs a multivariate logis-
tic regression, incorporating key risk variables associated 
with wet muck entry. The results presented in this research 
demonstrate that logistic regression is a suitable approach 
for the evaluation of long-term wet muck entry risk. The 
best-calibrated model incorporates the most important risk 
variables causing wet muck entry at the study area: ore draw, 
water infiltration, the presence of topographic gutters, col-
umn height of primary rock, and neighboring wet muck area 

at drawpoints. Using the cut-off probability set revealed in 
this study, the model’s accuracy was estimated at 84%. In 
addition, the predictive ability of the model was found to 
be reliable for the estimation of ore tonnage drawn before 
wet muck entry at drawpoints. Therefore, performed under 
optimal calibration and validation, this predictive model can 
provide a relevant instrument to delineate zones prone to wet 
muck entry and can be used to evaluate numerous long-term 
plans for caving mines, allowing preventive decisions to be 
made that would minimize the risks caused by wet muck 
phenomena.

The model’s success promotes the use of logistic regres-
sion as a valuable wet muck status classifier that can be 
updated and enhanced as new data becomes accessible. 
Additional research applying the methodology to long-
term risk assessment should further refine the predictive 
capability of the modeling methodology. Furthermore, 
the favorable predictions obtained from this study may be 
improved by adding other factors to the predictive model, 
such as uniformity of draw, types of lithology and mate-
rial fragmentation, and presence or absence of moisture 
at drawpoints. Even though some broad geomechanical 
characteristics were included herein, further research on 
the analysis of rock mass quality and joint set characteris-
tics would be useful to study and quantify the influence of 
these geotechnical parameters on the probability of having 
wet muck entry at drawpoints.
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