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Abstract
Backfilling material such as tailing (mine wastes) mixing with cement or gypsum has grown throughout the world’s under-
ground mines. However, despite their growing popularity, the typical hydraulic and mechanical fill types utilized in many 
mines still exist. Deep underground mining has increased due to the lack of commercial minerals nearby. Mine wastes were 
considered the main part of backfilling to prevent environmental pollution, ground subsidence after mine abandonment, and 
mine collapse during deeper extraction phases. The cemented backfill technique is the principal technique used in under-
ground mines, which include cement with fly ash and/or filter dust, cement with tailing material and fly ash, gypsum with 
fly ash, and synthetic anhydrite with fly ash and have been reviewed. It has concluded that a backfilling material must be 
selected based on further goals, available material near the mine site, and economic factors. This paper analyzes different 
backfill material mixtures to create a technique that will increase safety in underground mining conditions and foresees an 
appropriate formula that gives high uniaxial compressive strength. The multiple linear regression (MLR) on the collected 
data from the experimental works to construct the relationship between the uniaxial compressive strength (UCS) of the mix-
ture and the components of the backfilling and the prediction formula for expected compressive strength was obtained. The 
results revealed that the predicted regression equation was robust and reliable to predict the (UCS) for the new components 
of the filling (cement (CE), filter dust (FD), water content (WC), and time (T)).

Keywords  Backfilling materials of mine · Multiple linear regression · Uniaxial compressive strength

1 � Introduction

Backfilling process in the mines is filling the unused mine 
voids and openings with waste or mixtures consisting of 
those wastes with hardness or bearing strength greater than 
the loads and weights resulting from the upper layers, to 
achieve safety and a suitable environment for the under-
ground mining process. Backfilling was also used for eco-
nomic and environmental reasons, to mitigate the impacts 
of subsidence on the surface and avoid fires and explosions, 
enhance mine ventilation, strengthen the ground stability of 
rocks, and improve ground stability. [1, 2].

The most common backfill materials in mines consist 
of three basic elements. The majority of the backfill is an 
inert material, typically made up of binding and chemical 

material. The most important inert materials used are tailing 
from the concentration process, sand-gravel, mining tailings, 
and industrial slag. As for the bonding material must have an 
adhesion quality, such as cement, slag, gypsum, or fly ash. 
Chemical compounds are used to improve the permeability 
of the mixture, slurry flowability, and compacting properties 
of backfill such as flocculants, accelerators, and retarders. 
Most of the raw materials used in backfilling technology 
come from mining-related sectors, including overburden, 
mining, and mineral processing tailings [3–6].

Carefully designed and effectively operated backfill sys-
tems can greatly improve the mining process, achieve min-
ing goals, and improve work performance. By contrast, a 
poorly designed and executed backfill can greatly impede 
the operation of a mine and, worst of all, jeopardize safety. 
Backfill is getting stronger over time, until it reaches its final 
strength. The physical and mechanical properties of back-
fill materials and the technique of monitoring and ensuring 
performance are necessary to control and perform the filling 
[3]. The physical, chemical, and mechanical properties of 
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different mixtures were studied and their impact on obtain-
ing the best, cheapest, and strongest suitable mixture of 
backfill materials for the selection and systematic applica-
tion of backfill in underground mines [7, 8].

Among the most important of these effective factors for 
advancing backfill technology is the work of backfill mate-
rials and the interactions and influence of each component 
on the other [5, 6]. The study emphasized waste and readily 
available, inexpensive resources like gypsum and natural and 
synthetic anhydrite. There are opportunities to lessen the 
number of surface tailings and their environmental effects 
through the use of backfill as part of the mining cycle, the 
advancement of existing procedures, selective mining, the 
use of novel processing techniques, and the use of backfill 
materials in beneficial deep geological formations. Cur-
rently, cemented backfilling technology is widely used all 
over the world. Backfill placement, application, and system 
selection in mines include many disciplines.

Paste, hydraulic, and dump backfill technologies are thor-
oughly examined, as are combined backfilling methods [9]. 
There is a good probability that one of the several material 
combinations studied can be employed as an underground 
mine backfill that is both technically and economically fea-
sible. The test work may be necessary to verify the compat-
ibility of the materials on hand for a certain system [6]. The 
main deterrent to backfilling in certain underground mines 
is the cost. Regardless of the mineral deposit's geometry, 
depth, and mining technique.

Thanks to technology, backfill can be buried using dry, 
slurry, or paste materials. Another way to improve back-
fill placement, remove some challenges with underground 
tailings disposal, and lower backfill placement costs is to 
update or modify mining procedures [2]. When relevant to 
successful backfill operations, design and planning con-
siderations, material evaluation, and economic and other 
backfilling techniques are described. The components 

could be extracted from mine waste, tailing, or local 
resources. The highest possible usage of resources from 
mine and industrial waste should be given priority when 
choosing the materials [10–13].

The backfill mixture works to maintain the stability of the 
mine, and this is generally done by increasing the propor-
tion of binders to achieve a higher fill strength, which may 
lead to an increase in the total costs. Therefore, the required 
strength can usually be achieved by changing the proportion 
of materials in the mixture used, so testing is necessary to 
determine the optimal mixture of materials available. To 
complete this study, samples of backfill materials were taken 
from different sources (Germany gypsum mine, Thailand 
potash mine, and China coal mine).

There are 7 different mixtures used in this work (synthetic 
anhydrite and fly ash (SA + FA); natural anhydrite and fly 
ash (NA + FA); cement and fly ash (C + FA); cement and 
filter dust (C + FD); cement, fly ash, and filter dust (C + 
FA + FD); gypsum and fly ash (G + FA); tailing, cement, 
and fly ash (T + C + FA)). The result of the uniaxial com-
pressive strength of the last one (T + C + FA), as shown 
in Table 1. However, all the results are illustrated on the 
flowing drive

https://​drive.​google.​com/​drive/​folde​rs/​1lwDA​cDKri​srlB8​
LptUC​2Ajxb-​Fu0BA​tY?​usp=​share_​link

Any feasibility analysis must show that underground 
backfill is more expensive than storing it on the surface [10]. 
Operating and capital expenses are included in the price of 
backfill placement. Backfilling technology’s economic and 
technical viability is directly impacted by two important 
factors: transportation and geotechnical concerns [11, 12]. 
It enables engineers to maximize the benefits of the back-
fill design while lowering costs. This study will investigate 
backfill methods and materials suitable for underground 
mining. Consequently, the selection of backfill materials is 
the focus of this study [13, 14].

Table 1   Uniaxial compressive 
strength (UCS) of the mixture 
of tailing, cement, and fly ash

No Cement % Tailing % Fly ash % 7 days 28 days 90 days
UCS (MPa)

T1 5 47.5 47.5 1.25 2.4 3.5
T2 5 50 45 1.1 2.3 3
T3 5 45 50 1.3 2.3 3.6
T4 10 45 45 1.8 4 5.1
T5 10 50 40 1.8 3.8 5
T6 10 40 50 2.1 4.2 5.3
T7 15 42.5 42.5 2.9 5.9 7.2
T8 15 50 35 2.5 5.7 6.9
T9 15 35 50 3.2 5.6 7.4
T10 20 40 40 4.1 8 9.1
T11 20 50 30 3.9 8 8.7
T12 20 30 50 4.2 8.2 9.4
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The study aims to enhance the statistical analysis of a 
selection of backfill materials for underground mines. Based 
on the engineering qualities and compaction characteristics 
of the available materials, backfill materials should be cho-
sen. Using (MLR) on the data gathered from experimen-
tal works of the literature review to study the relationship 
between the (UCS) of the mixture and the components of 
the filling, backfill materials should be chosen based on 
compaction characteristics of the materials available [1, 2]. 
This study assesses backfill’s technical, long-term safety, 
environmental, and economic aspects [15].

2 � Methodology

This study examines backfill methods and materials appro-
priate for the systematic selection and use of backfill in 
underground mines. Several backfill materials and mixes 
underwent physical, chemical, and mechanical testing in the 
lab. Manoon Masniyom’s Ph.D. thesis, published in Ger-
many’s Technical University Bergakademie, contained the 
information gathered during the experimental study [1, 2].

Materials produced as byproducts and other easily acces-
sible, affordable resources, such as fly ash, filter dust, and 
tailings, were considered when cement, gypsum, or synthetic 
anhydrite was used as a cement ingredient. There is a good 
probability that one of the several material combinations 
studied can be employed as an underground mine backfill 
that is both technically and economically feasible. Yet, the 
test work may be necessary to verify the compatibility of the 
readily available materials for a certain system.

Analyses typically concentrate on lowering approxima-
tion error to ensure accurate forecasts. Due to their inherent 
overfitting qualities, pattern detection models like (MLR) 
may not be the best match for predicting evolutionary trends. 
Still, they can provide adequate results when used to predict 
potential outcomes. In contrast, regression models are more 
frequently used to forecast trending behaviors; as a result, 
they might be more useful when examining the development 
of a given set of data, symbols, or series. A simple regres-
sion model, however, has an unsatisfactory prediction error 
rate and can be quite wrong. This paper shows a mathemati-
cal method to predict the suitable backfill material that could 
be chosen using a linear regression technique [15].

A statistical method known as MLR uses many explana-
tory variables to forecast the result of a response variable. 
It is the purpose of MLR to model the connection among 
the explanatory and response (independent and depend-
ent) variables[16]. Several explanatory factors are included 
in a multiple regression model, which is based on various 
assumptions (such as a linear connection between depend-
ent and independent variables). The independent variables 
do not have a lot of correlation among themselves. The yi 

observations are chosen randomly and independently from 
the population; residuals should have a mean and variance 
normally distributed with a mean of 0 and variance σ.

where i = n observations, yi = dependent variable, Xi = 
explanatory variables, β0 = y-intercept (constant term), β 
= slope coefficients for each explanatory variable, є = the 
model’s error term (also known as the residuals).

A statistical metric known as the coefficient of determina-
tion (R-squared) is used to determine how much variation 
in the independent factors can be explained in terms of the 
result. Even though the variables may not be connected to 
the outcome variable, R2 always rises when more predic-
tors are included in the MLR model. R2 can only have a 
value between 0 and 1, with 0 indicating that no independ-
ent variable can predict the outcome and 1 indicating that 
it is possible to anticipate the event without error from the 
independent variables [17]. The assumption behind multiple 
regressions is that the dependent and independent variables 
have a linear relationship. Moreover, no discernible associa-
tion between independent variables is a presumption.

Several multilinear regression equations were developed 
to predict the relationship between UCS and one or more 
combinations of the different backfilling materials. One of 
the trickiest methods is the capacity to create precise linear 
models to discover patterns or correlations between vari-
ables. In mining science, extrapolative applications are fre-
quently employed to forecast values[16].

A common method for forecasting the future values of 
a revolutionary object is data analysis. Linear patterns are 
typically investigated first when predicting business expan-
sion, corporation profit, stock values, and other patterns. A 
technique that accurately forecasts trend behaviors can be a 
very useful tool, whether used in fields like econometrics, 
biology, mathematics, or business intelligence. When the 
average daily prices of their stock values are given, the writ-
ers of this article analyze the trend of a stock market that was 
arbitrarily chosen [15]. Finding consistent and predictable 
trends in the evolution of a thing is one of the most popular 
techniques for accurately predicting its behavior.

3 � Results and Discussion

Multiple linear regression (MLR) is applied to the collected 
data from the experimental works. The MLR is used to con-
struct the relationship between the compressive strength and 
the filling components, filling water content, and the time the 
compressive strength is measured. The components of each 
proposed filing are different according to its material and the 
concentrations of these components. Six filling compounds 

(1)yi = �0 + �1Xi + �2Xi2 +……⋯ + �pXip + ε
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are proposed, the first consists of cement and filter dust, the 
cement, fly ash, and filter dust constitute the second com-
pound, and gypsum replaces the cement and filter dust in the 
first compound with fly ash to constitute the third compound.

The fourth compound is a mixture of synthetic anhydrite 
and fly ash; the fifth is the third compound, but the cement 
concentration is increased up to 30% of the full filling com-
pound. The six backfilling materials are a mixture of cement, 
fly ash, and filter dust with different concentrations. The 
objective of using MLR is to select the best compound with 
a linear relationship between the filling compressive strength 
and the compound’s components. Therefore, the correlation 
coefficient of the relation is higher than the other to con-
struct the prediction equation relating the response (filling 
compressive strength) and the input variables, which is the 
components of each compound.

The MLR is then applied to the results of the measure-
ments, and Table 2 illustrates the correlation coefficients 
(multiple R) and the determination coefficient (R-squared) 
of each compound. The multiple R coefficient indicates 
the strongest or weakest relationship between two or more 
variables, whereas +1 or −1 refers to a strong relation-
ship between the variables. The +1 indicates the strong 
direct proportion between the variables, but the −1 refers 
to the strong inverse proportion between the variables. On 
the other hand, if multiple R is zero, then there is no rela-
tion between the variables. The determination coefficient 
(R-squared) measures the variation of one variable when the 
other variable is changed and refers to how strong the linear 
relationship between the variables. The adjusted R-squared 
coefficient compares the explanatory power of the regres-
sion model containing several predictors. When adding a 
new term, the adjusted R-squared improves the prediction 
more than the expectation, but if the new term improves 
the regression model with less than the expectation, the 

adjusted R-squared decreases. Another interpretation of the 
adjusted R-squared is that it compares the goodness of fit 
of the regression models containing different independent 
variables and increases when the new term improves the 
model fit more than that expected by chance. The standard 
error indicates the accuracy of the sample mean compared 
with the population’s mean. The smaller the standard error 
refers to the sample mean is closest to the population mean 
and the standard error for a good model is very small. The 
number of observations indicates the number of samples 
used to construct the regression model.

3.1 � First Filling Compound

The first filling compound was installed from cement and 
filter dust. The cement percentage varies from 0 to 25 % of 
the filter dust. The water content ranges from 40 to 50 % 
of the compound's total volume. The uniaxial compressive 
strength (UCS) was measured for different concentrations of 
the components. The MLR was applied to the 54 data sam-
ples and the regression statistics were developed. Regression 
statistics measure the strength of the relationship between 
two or more variables. These statistics include the coefficient 
of determination (R-squared), the F-statistic, the t-statistic, 
and the P-value. The coefficient of determination measures 
how well a model fits a given data set. In contrast, the F-sta-
tistic and t-statistic measure how significant the model is in 
explaining the variation in the data. The P-value is used to 
assess the statistical significance of a certain model.

Table 2 shows several statistical values that affect how 
well a model may fit a particular data collection. By dividing 
the covariance of two variables by the product of standard 
deviations, the multiple R, which describes the strength of 
the link between the two variables, comes out at 0.956, indi-
cating a stronger linear relationship. The R-squared number 

Table 2   Statistical coefficients of the applied data on the first filling 
experimental results

Regression statistics

Multiple R 0.956886869
R-square 0.91563248
Adjusted R-square 0.910570429
Standard error 0.833827055
Observations 54

Table 3   ANOVA statistics and 
source of variance of the results 
of the first filling compound

df SS MS F Significance F

Regression 3 377.2835554 125.7612 180.8817105 7.83E−27
Residual 50 34.7633779 0.695268
Total 53 412.0469333

Table 4   MLR regression equation of the results of the first filling 
compound

Coefficients Standard error t Stat P-value

Intercept −0.18334788 1.27390005 −0.14393 0.886137101
CE 0.268812698 0.013288186 20.22945 9.94898E−26
WC −1.35 2.779423517 −0.48571 0.629292983
T 0.037163206 0.003220298 11.5403 1.04425E−15
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describes how closely the data resemble the fitted regression 
line. For multiple regression, it is sometimes referred to as 
the coefficient of determination or the coefficient of multiple 
determination.

It runs from 0 to 100%, with 0% signifying that the model 
does not explain any of the response data variability around 
the mean. On the other hand, 100% means that the model 
explains all of the variability in the response data around 
the mean. According to Table 2, the R-squared value of 91% 
indicates that the response data are highly variable around 
the mean. The model matches the observed data fairly well, 
as indicated by the adjusted R-squared of 0.91. The adjusted 
R-squared rise only when the additional term enhances the 
model more than would be predicted by chance. The stand-
ard deviation of a sample is multiplied by the square root of 
the sample size to determine the standard error of the mean 
(SEM). Here, the number 0.833 denotes the standard devia-
tion from the population mean.

ANOVA stands for analysis of variance is shown in 
Table 3. To compare the means of two or more groups, 
one uses statistics. It assesses whether the means of two 
or more groups differ significantly. ANOVA can be used 
to compare the means of different populations, such as 
comparing the mean scores of students in different classes 
or the mean salaries of employees in different departments. 
ANOVA can also be used to compare the means of dif-
ferent treatments, such as comparing the effectiveness of 
different drugs on a particular disease. The parameters of 
ANOVA statistics are a degree of freedom (df), a vari-
ance of the sum of squares (SS), variance mean square 
(MS), F-test, and significance F. The degree of freed of 

(2)R − squared = explained variation∕total variation

regression which is 3 refers to the independent variables 
in the regression minus one. The degree of free within 
treatments or groups (residual) is 50. The variance sum 
of squares (SS) assesses the variability between differ-
ent groups in an experiment. It is calculated by summing 
the squared differences between each group’s mean and 
the overall mean. It can be used to compare the means of 
several groups and to assess whether there is a statistically 
significant difference between two or more groups.

The calculation of the SS can be determined as follows:

where SST refers to the total sum of squares, Yij refers to the 
observation j in sample i, where i varies from 1 to several 
samples m and j varies from 1 to several variables n. N refers 
to the product of m × n.

The term Y.. refers to the sum of observations in all 
samples where

The total sum of squares between groups (SSt) can be 
calculated as follows:

The sum of squares of error (SSe) can be computed 
from the following equation:

From the data samples, SSt is 377.28, SSe is equal 
34.76, and finally, the SST is 412.04.

ANOVA MS stands for analysis of variance mean 
square. A chi-square test is a statistical method for compar-
ing the means of two or more groups. Determine whether 
there is a statistically significant difference between the 
group means using this method. ANOVA MS can be used 
to compare the means of different treatments, products, or 
services to determine which has the greatest impact on a 
given outcome.

The variance means square (MS) can be computed as 
follows:

(3)SST =
∑

Yij −

(

Y..
)2

N

(4)Y
..
=

∑m

i=1

∑n

j=1
Yij

(5)SSt =

∑

Y2
i

m
−

�

Y..
�2

N

(6)SSe = SST − SSt

Table 5   Statistical coefficients of the applied data on the second fill-
ing experimental results

Regression statistics

Multiple R 0.91231627
R-square 0.832320976
Adjusted R-square 0.829142227
Standard error 1.061710235
Observations 216

Table 6   ANOVA statistics and 
source of variance of the results 
of the first filling compound

df SS MS F Significance F

Regression 4 1180.610293 295.1525733 261.83914 1.35197E−80
Residual 211 237.8452396 1.127228623
Total 215 1418.455533
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A statistical test, the ANOVA F-test, assesses the differ-
ences between two or more groups. It assesses whether the 
means of multiple separate groups differ significantly. The 
ANOVA F-test is based on F-distribution, a probability 
distribution that compares the variability between groups 
to the variability within each group. The test statistic for 
ANOVA F-test is calculated by dividing the variance 
between groups by the variance within each group. If the 
ratio of these two variances is statistically significant, then 
it can be concluded that there is a significant difference 
between the means of two or more groups.

The value of the F-test or F can be determined as 
follows:

Therefore, the value of the F-test is 180.88. Now, the 
tabulated F-test is calculated for the specified significance 
level (0.05) with the degree of freedom (dfregression, dfresidual), 
which is (3, 50) in our case, so the tabulated F-test is 2.8. 
Therefore, the calculated F-test is greater than the tabulated 
F-test. Hence, the null hypothesis (H0) is rejected, which 
says that the means are equal and accept the substitute 
hypothesis (H1) referring to significant differences between 
the data groups.

The regression develops an equation that links the input 
variables (ratio between the cement to filter dust, the water 
content, and the time needed for the sample to run the 

(7)MSt =
SSt

dfregression

(8)MSe =
SSe

dfresidual

(9)F − test =
MSt

MSe

measurement) and the output response uniaxial compres-
sive strength (UCS). The parameters of the equation can be 
extracted from Table 4 as follows:

The P-values in Table 4 indicated that the CE variable 
and T variable have values less than a significant value of 
0.05, so the null hypnosis can be rejected, and the substi-
tuted hypnosis will be considered, referring that it is signifi-
cantly different between the data samples. Equation 10 can 
be approximated to

3.2 � Second Filling Compound

The cement, fly ash, and filter dust constitute the second 
compound. A total number of 216 data samples were col-
lected from the experimental works. The cement ranges from 
5 to 20 %, the flay ash ranges from 30 to 40 % and the rest 
is for the filter dust. The water content is 0.4 to 0.5, and 
the time varies from 7, 28, and 90 days. Table 5 illustrates 
several statistical values of the MLR that were applied to 

(10)
UCS = −0.1833 + 0.2688 × CE − 1.35 ×WC + 0.037 × T

(11)UCS = −0.1833 + 0.2688 × CE + 0.037 × T

Table 7   MLR regression 
equation of the results of the 
first filling compound

Coefficients Standard error t Stat P-value

Intercept 0.742569511 1.044110873 0.711197949 0.477747044
Cement 0.314609259 0.014448046 21.7752112 7.14611E−56
Filter dust −0.018166667 0.012922725 −1.405792202 0.161256653
Water content −2.652777778 1.769517059 −.499153549 0.135328473
Time 0.041801665 0.002050199 20.38907538 8.87854E−52

Table 8   The statistics 
regression output of the five-
regression model for the studied 
compound

Compound 1 Compound 2 Compound 3 Compound 4 Compound 5 Compound 6

Multiple R 0.96 0.91 0.78 0.73 0.92 0.91
R-square 0.92 0.83 0.61 0.53 0.85 0.83
Adjusted R2 0.91 0.83 0.58 0.52 0.84 0.83
Standard error 0.83 1.06 2.34 2.56 0.98 1.58
Observations 54 216 54 90 108 162

Table 9   Statistical parameters of the fifth compound using MLR

Coefficients Standard error t Stat P-value

Intercept 1.44 1.36 1.056 0.293
CE 0.32 0.019 16.249 3.49005E−30
FD −0.02 0.017 −1.340 0.183
WC −3.19 2.31 −1.380 0.171
T 0.04 0.0027 14.723 4.3363E−27
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the data samples of the experimental run results. Table 6 
shows the ANOVA statistics parameters, and the calculated 
F-test is greater than the tabulated F-test (2.45 at dfresidual 
equal to 120); hence, the null hypothesis will be rejected and 
accepted with the substituted hypothesis.

The regression model results in Table 7 indicate that the 
first compound, which consists of cement and filter dust 
is the strongest regression model. The multiple R is 0.96, 
which refers to the strong directly proportional between the 
input variables (cement concentration, water content, and the 
span time at which the compressive strength is measured). 
The R-squared for the first regression model is 0.92, which 
indicates the strongest relationship between the compressive 
strength and the input variables and refers to the fact that 
any change in one of the input variables significantly influ-
ences the output response (compressive strength). The fit-
ness of the regression model is so good because the adjusted 
R-squared is 0.91, where the improvement that occurred is 
more than that expected by chance. The results also show 
that the standard error of the first regression model is less 

than that of the other model (0.83). The results in Table 8 
indicate that the fifth compound's regression model is also 
significant, and the statistics parameters may decrease with 
the number of samples increase.

3.3 � The Comparison Results Among the Statistical 
Results of the Five Filling Compound

Therefore, based on the fifth compound, a prediction model 
is constructed that links the compressive strength and the 
input variables of the filling (components concentration, 
water content, and the elapsed time at which the compressive 
strength can be measured). However, its statistical param-
eters are less than the first compound, but the number of 
observations is more than that for the first compound. In 
addition, compound 5’s components are three components, 
but only two components for compound 1.

The form of the prediction equation that is constructed 
to relate the response and input variables should be in the 
following form:

where the response refers to the estimating variable (output); 
x1, x2, …., and xn refer to the input variables that influence 
the response; n is the number of the variables; and c0 is the 
intercept coefficient when each x is zero and c1, c2, …, and 
cn refer to the coefficient of each term.

(12)response = c0 + c1.x1 + c2.x2 +⋯ + cn.xn

Table 10   Statistical parameters of the fifth compound using MLR 
considering the effective parameters based on Table 8

Coefficients Standard error t Stat P-value

Intercept −1.126 0.258628 −4.353 3.13E−05
CE 0.318 0.017009 18.6866 3.58E−35
T 0.039 0.002699 14.60612 4.85E−27

Table 11   The percentage 
errors between the actual and 
predicted UCS based on Eq. 
(13)

Cement (CE) Filter dust (FD) Water con-
tent (WC)

Time (T) UCS Predicted UCS Errors %

1 15 42.5 0.4 90 7.2 7.348649056 2.0645702
2 15 50 0.4 90 6.9 7.179037945 4.0440282
3 15 35 0.4 90 7.4 7.518260167 1.5981104
4 20 40 0.4 90 9.1 8.937871279 1.7816343
5 20 50 0.4 90 8.7 8.71172313 0.1347486
6 20 30 0.4 90 9.4 9.164019427 2.5104316
7 5 47.5 0.45 90 3.9 4.010760167 2.8400043
8 10 45 0.45 90 5.5 5.59998239 1.8178616
9 10 40 0.45 90 5.6 5.713056464 2.0188654
10 15 42.5 0.45 90 7.5 7.189204612 4.1439385
11 15 50 0.45 90 7.1 7.019593501 1.1324859
12 15 35 0.45 90 7.7 7.358815723 4.4309646
13 20 40 0.45 90 9.4 8.778426834 6.6124805
14 20 50 0.45 90 9.1 8.552278686 6.0189155
15 15 42.5 0.5 90 7 7.029760167 0.4251452
16 15 50 0.5 90 6.5 6.860149056 5.5407547
17 15 35 0.5 90 7.2 7.199371279 0.0087322
18 20 40 0.5 90 8.8 8.61898239 2.0570183
19 20 50 0.5 90 8.5 8.392834242 1.2607736
20 20 30 0.5 90 9 8.845130538 1.7207718
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The prediction equation that links the compressive 
strength and the components of the filling (cement (CE), fil-
ter dust (FD), water content (WC), and time (T)) can be built 
based on the results and statistical parameters in Table 2. 
The results of the MLR to construct the prediction equation 
are illustrated by Eq. (13):

The effective or significant terms can be evaluated based 
on the statistical parameters, especially the P-value shown in 
Table 8. The P-value is a statistical parameter that indicates 
each term’s significance by rejecting or confirming the null 
hypothesis. When the P-value is less than the significant 
limit (0.05), then the null hypothesis can be rejected, and 
confirm the alternative hypothesis, else the null hypothesis 
is confirmed. The P-value in Table 9 refers to the effec-
tive terms of Eq. (13) CE and T because their P-values are 
less than 0.05, and the non-significant terms are FD and 
WC because their P-values are greater than 0.05 (0.183 and 
0.171). Therefore, MLR can be carried out on the CE, T, and 
UCS. Hence, Eq. (13) can be approximated to Eq. (14) based 
on the new MLR results as in Table 10.

Therefore, Eq. (14) can predict the compressive strength 
(UCS) when the data of CE and T are known. The percent-
age error between the actual and predicted UCS is shown 
in Table 11 for 20 randomly selected cement and flay ash 
values with the filter dust and water content. The results 
indicated the ability of the model to predict the UCS well 
where the error percentage did not exceed 6 %.

4 � Conclusions

This study used five backfilling compounds to prevent mine 
collapse in later and deeper extraction phases, ground sub-
sidence after mine abandonment, and environmental degra-
dation. MLR was applied to the results of experimental runs 
performed on the uniaxial compressive strength of the back-
filling materials to support the mine. Six backfilling materi-
als were selected to choose the best one based on the results 
of the experimental runs, and the regression applied to that 
data. The MLR results indicated that the five backfilling 
material compound is the best where statistics parameters 
decreased with the number of samples increased. Therefore, 
a prediction model can be installed based on Eq. (13) to 
predict the UCS value at new component data, such as con-
centration, water content, and the elapsed time at which the 

(13)
UCS = 1.44 + 0.32 × CE − 0.02 × FD − 3.19 ×WC + 0.04 × T

(14)UCS = −1.126 + 0.318 × CE + 0.039 × T

compressive strength can be measured. May the fifth com-
pound is not the best from the economic concept where the 
cement quantity is higher than in the first compound, but the 
prediction results are more accurate. The percentage error 
did not exceed 6% between the predicted and actual UCS, 
referring to the constructed equation’s robustness.
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