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Abstract: The time-dependent deformation of rocks due to stress released by excavation is referred to as squeezing. Accurate evalu-26 

ation of the squeezing at the design stage can dramatically reduce technical problems and the financial costs of underground struc-27 

tures. Although various methods are presented to predict tunnel squeezing at the preliminary stage, being site-specific and incorpo-28 

rating incomplete databases are deficiencies of the available procedures. In this study, based on a comprehensive literature review, 29 

we prepared a database of tunnel squeezing for soft rocks, including possible effective parameters. Statistical processing methods 30 

such as univariate, reduction, and cleaning were employed to improve the statistical quality of the database. The statistically-pro-31 

cessed datasets were also validated based on various scales such as accuracy, convergence, and usefulness. Significant predictors of 32 

squeezing are recognized as the ratio of strength to stress and the rock mass classification system. New squeezing criteria were 33 

developed using binary and multi-class regression methods to predict the squeezing occurrence and intensity of soft rocks. The 34 

results are confirmed by a Multilayer Perceptron Feed-Forward Neural Network and are compared to well-known empirical equa-35 

tions. The developed equations are more accurate comparing the empirical equations used to predict the squeezing of soft rocks. This 36 

methodology can be utilized at the design stage for another database to predict squeezing rocks for topographic-stress and tectonic-37 

stress-based cases.   38 
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List of symbols 41 

Q Norwegian rock mass classification index - 

H Overburden depth m 

Qn Modified Norwegian rock mass classification index - 

B Tunnel span m 

K Support stiffness  MPa 

σv or P0 Vertical stress (𝛾H) MPa 

SSR or NC Strength stress ratio - 

𝛾 Unit weight of rock mass MN/m3 

σcm  Rock mass uniaxial compressive strength  MPa 

ua Tunnel convergence  m 

a Tunnel radius  m 

εcr Critical strain % 

RMi Rock Mass index - 

σcritical
'  The critical effective vertical/horizontal stress for squeezing - 

σ' The in situ vertical/horizontal effective stress - 

σϴ Tangential stress MPa 

FEM Finite element method - 

FDM Finite difference method - 

pi Support pressure MPa 

SVM Support vector machine  - 

𝜀 Strain (normalized convergence)  % 

RQD Rock quality designation % 

𝛾dry Dry intact rock unit weight MN/m3 

𝛾sat Saturated intact rock unit weight MN/m3 

UCS Uniaxial compressive strength of the intact rock MPa 

GSI Geological strength index - 

σt Rock mass tensile strength MPa 

C The cohesion of rock mass MPa 

E Young’s modulus GPa 

𝜙 Friction angle of rock mass ° 

ν Poison ratio of rock mass - 

SRF Stress reduction factor - 

BQ Basic quality classification system - 

εθ
a  Peak tangential strain % 

εθ
e  Peak elastic strain % 

NPCA Nonlinear Principal Component Analysis - 

CDF Cumulative distribution function - 

p Class probability of normal distribution - 

𝜙 The standard deviation of the normal distribution - 

OR Odds ratio - 

i The index of the class - 

γi Cumulative probability of ith class - 

MLE Maximum likelihood estimation - 

MMSE Minimum mean square error - 

𝛽 and 𝛽i Coefficients - 

Link Regression link function - 

Y Value of the qualitative dependent parameter - 

Y´ Continuous latent variables - 

k Number of predictors - 

𝛽0 Constant value - 

xi The predictors  - 

SE Standard error - 

r and c The number of rows and columns, respectively  - 

n The number of parameters - 

L(B ͡) and L(B(0)) log-likelihoods with and without predictor parameters - 

MLP-NN Multilayer Perceptron Feed-Forward Neural Network - 

St Statistic  - 

df Degree of freedom - 

Si Significance - 

 42 
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1. Introduction 43 

Squeezing is defined as time-dependent deformations of rocks because of excavation-induced stresses that can 44 

impose extreme pressures on the support system of underground structures (Swannell et al., 2016). This phenomenon 45 

is related to creep triggered by high shear stresses (Chern et al., 1998). Squeezing can be continued even after the 46 

construction phase (Barla & Barla, 2008). Tunnel squeezing is well-known for relatively deep tunnels excavated in soft 47 

rocks. However, topographic or/and tectonic factors can activate over-time deformations that may affect weak rocks 48 

excavated at a shallow depth (Shrestha & Broch, 2008) or hard rocks at a deep depth (Malan, 1999; Hadjigeorgiou and 49 

Karampinos, 2017).  50 

Even though squeezing rocks can be classified as soft (henceforth, tunnel squeezing in this paper) or hard rock, 51 

a specific criterion to recognize the squeezing of the hard rock and the soft rock is absent in the literature. Squeezing 52 

of hard rocks (e.g., quartzite and hard lava) is recorded at gold-bearing reefs of South Africa with uniaxial compressive 53 

strength of 200 and 400 Mpa, respectively (Malan, 1999).  54 

Despite the tremendous progress in predicting squeezing during the past decades, some obstacles still exist dur-55 

ing the design stage and construction phases of tunneling projects. The lack of accurate methods for evaluating the 56 

occurrence and intensity of squeezing rocks makes the proper design of the excavation procedure and support instal-57 

lation a challenge. Common predictive approaches contain some intrinsic disadvantages that can result in unrealistic 58 

results, e.g., some methods present a general, universal equation based on a database collected from a specific site 59 

condition (Panthi & Nilsen, 2007).    60 

Squeezing predictive criteria are usually developed based on a database containing some (but not all) effective 61 

parameters. What are the effective parameters, i.e., the squeezing predictors, is still a million-dollar question. Moreo-62 

ver, many classification systems are binary, i.e., these methods can predict two conditions: squeezing and no-squeez-63 

ing (Goel et al., 1995; Jimenez & Recio, 2011; Shafiei et al., 2012). Using a database with insufficient datasets may also 64 

affect the final results (Mahdevari & Torabi, 2012; Sun et al., 2018).   65 

Therefore, some questions must be answered: (1) what are the effective independent parameters/predictors for 66 

squeezing prediction? (2) Which properties must contain a database to provide a valid predictive criterion? (3) How 67 

to access the validity of such a criterion? A thorough literature review was performed to answer these crucial ques-68 

tions, detect possible shortcomings of available predictive methods and determine the most significant predictors 69 

(Section 2). A comprehensive frequently-used database was collected from the literature. We utilized statistical data-70 

processing methods (including reducing and cleaning) to improve the database quality. The statistical significance of 71 

common squeezing predictors was then evaluated.         72 

This study aims to develop statistical-based models for predicting the occurrence and intensity of squeezing at 73 

the design stage of excavation in soft rocks. We utilized regression analyses to provide squeezing models considering 74 

possible correlations among predictors. The fitting quality, predicting power, and numerical problems were addressed 75 

to control the quality of the final equations. Finally, we compared the results of the developed criteria to some well-76 

known empirical equations and a neural network approach using the same statistically-processed database.  77 
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2. Background studies of the squeezing phenomenon 78 

Previous research works have introduced illustrative examples of squeezing-related problems at various inten-79 

sity conditions (Thut et al., 2000; Khanlari et al., 2012). The type and extent of technical and economic problems can 80 

be estimated based on squeezing intensity (Hoek & Marinos, 2000; Panthi and Nilsen, 2007). These problems include 81 

support failure, delayed construction, floor heaves, financial costs, entrapped machines (Hoek & Guevara, 2009), se-82 

vere flooding (Lyu et al., 2019a and 2019b), and even human injuries (Sun et al., 2018). Re-excavation or non-standard 83 

excavation procedures may be required to decrease the excessive convergences (Thut et al., 2000).  84 

Multiple factors can affect squeezing intensity, such as the stress field, tectonic condition, discontinuity proper-85 

ties, water table, and the type and strength of rocks (Arora et al., 2020). Accurate evaluation of these parameters at the 86 

design stage is essential to predict the occurrence and intensity of squeezing. Methods including empirical (Singh et 87 

al., 1992) and semi-empirical equations (Hoek & Marinos, 2000), as well as analytical/numerical models (Debernardi 88 

& Barla, 2009; Hasanpour et al., 2014) and soft computing procedures (Sun et al., 2018; Chen et al., 2020), were em-89 

ployed to predict the squeezing intensity and occurrence. Empirical and semi-empirical methods are based on rock 90 

mass classification indices and recorded deformations around tunnels, respectively. Although these two approaches 91 

are considered attractive options (Singh et al., 1992; Goel et al., 1995), the prediction accuracy can be dubious due to 92 

their reliance on some local geotechnical parameters. For example, some methods are developed based on experi-93 

mental data from a few laboratory samples collected from boreholes. Such a methodology may be highly influenced 94 

by the condition at the drill site and may result in erroneous field-scale decisions.  95 

The efficiency of data and enough inclusion of all ranges of squeezing intensities are significant factors in devel-96 

oping a squeezing classification system. In some studies (Table 1), a database including lower than 100 datasets was 97 

used to provide predictive equations for the squeezing. Table 1 summarizes the well-known empirical and semi-98 

empirical predictive approaches. The predictors-including Norwegian rock mass classification indices (Q and Qn), 99 

overburden (H), and vertical stress (σv)- are parameters used to predict squeezing conditions in each equation. 100 

Table 1. Empirical and semi-empirical equations for predicting squeezing  101 

Predictors  Equation (Reference) Explanation  

Q and H H ≥ 350Q1/3 (Singh et al., 1992) 39 datasets 

Qn, B, and H H ≥ (275Qn
0.33) B−0.1 (Goel et al., 1995) 72 datasets 

Q and H H ≥ 424.4Q0.32 (Jimenez & Recio, 2011) 62 datasets 

Q, 𝜎𝑉, and K 𝜀=(
0.0191σVQ

-0.2

K+1
)
-2

+0.0025≥1 (Dwivedi et al., 2013) 63 datasets 

Competency fac-

tors (semi-empiri-

cal equation) 

𝑁𝐶 =
𝜎𝑐𝑚

𝛾𝐻
≤ 2 (Jethwa et al. 1984) P0=𝛾𝐻 

𝑆𝑆𝑅 =
𝜎𝑐𝑚

𝛾𝐻
≤ 1 (Barla, 1995) ---- 

𝑆𝐼 =
𝑢𝑎

𝑎⁄

𝜀𝑐𝑟
 (Aydan et al., 1996) 

Datasets of 21 tunnels excavated in Japan 

were used. 

Cg= RMi
σϴ

⁄  (Palmström, 2001) 𝜎𝛳𝑖s tangential stress.  

 
σcm

P0

≤0.35 (Hoek, 2001) Datasets collected from 16 tunnels 

 𝜀 = 0.15(1 −
𝑝𝑖

𝑝0
⁄ )

𝜎𝑐𝑚

𝑃0

−(3𝑝𝑖 𝑝0 + 1)(3.8𝑝𝑖 𝑝0 + 0.54)⁄⁄
(Hoek, 2001)  

 εt=0.2(
σcm

P0

)
-2

 or This equation provides a strain-based equa-

tion based on Monte Carlo simulations 

(Hoek & Marinos, 2000).  ε = (0.002-
0.0025p

i

p
0

) (
σcm

P0

)
(2.4p

i
p

0
⁄ -2)

≥1% 
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Stability factor 
σϴ

σcm

≥1 (Bhasin & Grimstad, 1996) --- 

Squeezing num-

ber 
S= σ

'

σcritical
'⁄  (Gutierrez & Xia, 2009; Arora et al., 2020) For clay-rich rocks 

B, K, σv (or P0), SSR (or NC), 𝛾, σcm, ua, a, εcr, RMi, σcritical
'

 and σ'are representatives of tunnel span, support stiffness, 102 

vertical stress, strength-to-stress ratio, unit weight of rock mass, rock mass uniaxial compressive strength, tunnel conver-103 

gence, tunnel radius, critical strain, rock mass index, the critical effective vertical/horizontal stress for squeezing and the 104 

in situ vertical/horizontal effective stress, respectively.        105 

Analytical models such as elasto-viscoplastic, convergence confinement, viscoelastic and plain strain theories 106 

were used to evaluate squeezing. Well-known analytical approaches for predicting squeezing are also introduced in 107 

Table 2. 108 

The analytical methods exclude some key predictors and consequently may inaccurately evaluate the occurrence 109 

or intensity of squeezing. The assumptions for developing these analytical theories-e.g., using a circular span, plane 110 

strain, or hydrostatic stress condition- can limit their application. Moreover, the anisotropy of stress and heterogeneity 111 

of rock mass can impact squeezing. For example, assuming a plane strain condition can result in a predictive criterion 112 

and is only valid for a defined distance from the excavation face. But squeezing occurs adjacent to the excavation face. 113 

The three-dimensional nature of strain and stress also makes such assumptions invalid. Shortcomings of these analyt-114 

ical procedures, especially at the design phase, can be classified as: (1) relying on up-scaled properties and (2) produc-115 

ing significant uncertainties as well as being calibrated based on a few experimental (Sterpi & Gioda, 2009) or post-116 

excavation in-situ (e.g., convergences) data (Guan et al., 2009; Boidy et al., 2002; Zhifa et al., 2001).     117 

Table 2. Analytical models for predicting squeezing 118 

Model Reference Description 

Axisymmetric Elasto-
Visco-plastic 

(Fritz, 1984) 
The time-dependent strain and stress (for excavated tunnels) were evaluated based 

on an axisymmetric assumption.  

Time-dependent dis-
placements 

(Sulem et al., 1987) 
The generalized convergence confinement approach was defined for isotropic homo-

geneous rocks to evaluate time-dependent deformations of circular tunnels. 
Time-dependent viscoe-

lastic 
(Pan & Dong, 1991) 

Time-dependent deformations of viscoelastic rocks were calculated considering the 

advancement rate.   

Hyperbolic and power-
creep laws 

(Phienwej et al., 2007) 
The time-dependent closure of circular tunnels for various support types and loca-

tions was evaluated. 

Burger-MC   (Guan et al., 2008) 
‘Distance to failure’ was introduced as a degradation scale of Mohr-Coulomb param-
eters related to a stress coefficient and time. 

Elasto-visco-plastic (Sterpi & Gioda, 2009) 
The impacts of tertiary creep on the convergence were studied based on location and 
type of support equipment.  

Stress-hardening elasto-
visco-plastic  

(Debernardi & Barla, 2009) Triaxial creep deformations were evaluated by a stress-hardening constitutive law.  

Numerical modeling was also an alternative option suggested for evaluating squeezing (Aksoy et al., 2012). How-119 

ever, the intensity of squeezing is governed by several parameters such as rock type, discontinuity properties, fluid 120 

pressure, and fluid properties (Kovári & Staus, 1996). Many previous numerical studies disregarded interactions 121 

among these effective parameters; coupled numerical schemes are required to consider these interactions.  122 

The results of complicated coupled numerical simulations are quantitative, which can be considered the main 123 

advantage of these methods. However, several factors may affect the accuracy of these approaches, such as a lack of 124 

valid geotechnical parameters (especially in the design phase), limited coverage area (e.g., a few drilled boreholes), 125 

and modeling simplifications. Table 3 lists some numerical studies for predicting squeezing. 126 
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Table 3. Numerical simulations for predicting the squeezing 127 

Approach Reference Description 

Finite element method (FEM) 

analytical solution 
(Kulhawy, 1974) 

The finite element formulation was used under plane strain 

conditions for homogenous, linearly elastic rocks.  

Axisymmetric FEM (Ghaboussi & Gioda, 1977) 
Kelvin model was utilized to evaluate the time-dependent 
behavior of rocks.  

FEM creep model (Gioda, 1981) 
A non-linear creep model was developed based on finite el-
ement formulation.  

FEM  (Gioda, 1981) 
Time-dependent deformations of viscous rock mass were 
evaluated based on FEM simulations.  

Axisymmetric FEM (Shalabi, 2005) 
Numerical modeling based on hyperbolic and power-law 

creep models (case study) was performed.  

Discrete element simulations (Yassaghi & Salari-Rad, 2005) 
Two-dimensional modeling of tunnel convergence at an ig-

neous contact zone was studied (a case study).  
Axisymmetric numerical 

modeling 
(Ramoni & Anagnostou, 2010, 2011) 

Interactions between the TBM shield and squeezing inten-

sity were modeled.    

Elasto-visco-plastic simula-

tions  
(Barla et al., 2012) 

An analytical model was implemented in numerical simu-

lations to calculate squeezing intensity.  
Finite Difference Method (Hasanpour et al., 2014) Influences of excavation rate on squeezing were evaluated.   

Discrete element simulations (Gao et al., 2015) 
This study simulates the squeezing at a roadway tunnel due 

to stresses triggered by coal mining.  

Finite element method (FDM) 
by FLAC3D (back-analysis) 

(Tran Manh et al., 2015) 

The over-time deformations and the anisotropy were imple-

mented in the numerical model to evaluate the squeezing of 
the Saint-Martin-la-Porte gallery.  

Quasi-3D modeling (Wu et al., 2018) 
A yielding support system is designed for severe squeezing 
conditions. Quasi-3D models were used to evaluate the 

cushion effects of this support system on large deformation.     

FDM (back-analysis) (Wang et al., 2021) 
A case study (Tawarazaka Tunnel) was considered. Effects 
of internal friction angle, the ratio of horizontal stress, and 

bedding were modeled.   

Soft computing approaches such as artificial intelligence and support vector machine (SVM) can process a data-128 

base in a flexible non-linear way without requiring prior knowledge of a particular model (Alimohammadlou et al., 129 

2014). However, chosen predictors, the quality of the database, and validating methods can significantly affect the 130 

final results. Most binary classification approaches only used H and Q as predictors (Jimenez & Recio, 2011; Shafiei et 131 

al., 2012; Ghasemi & Gholizadeh, 2019; Farhadian & Nikvar-Hassani, 2020). Therefore, considering the final results of 132 

soft computing methodology as a final solution is unreasonable. This approach requires being updated and improved 133 

by more datasets (Jimenez & Recio, 2011). The research works performed by soft computing and probabilistic methods 134 

to evaluate squeezing are listed in Table 4. 135 

Table 4. Soft computing and probabilistic methods for predicting squeezing 136 

Approach Reference Description 

Uncertainty analysis  (Panthi & Nilsen, 2007) 
Monte Carlo simulations were used. Predictors were P0, 𝜀, σcm, and pi; the da-

tabase included two tunnels excavated in Nepal. 

Logistic regression (Jimenez & Recio, 2011) A linear classifier model with 62 datasets (including H and Q) was used. 

Naive Bayes classifier (Feng & Jimenez, 2015) 

A Bayesian network based on the Junction Tree algorithm was employed to 

produce a binary method by 10-fold cross-validation. Predictors were D, K, 
H, SSR, and Q. The database included 166 incomplete datasets. 

Bayesian network (Hasanpour et al., 2019) 
The risk of TBM jamming was evaluated. The database was prepared based 
on numerical modeling. Independent parameters were Erm, shield properties 
(length and thickness), D, σcm, and over-excavation depth.  

Support vector ma-

chine 

(Sun et al., 2018) 
Support vector machine and decision tree were combined for 117 datasets (D, 
K, H, and Q). Multi-class, 8-fold cross-validation and “one-against-one” 

methods were used.  

(Shafiei et al., 2012) 
A binary classification was developed by SVM for 198 datasets (including H 

and Q). The leave-one-out method was used for validation.  
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(Li et al., 2012) 

SVM was combined with particle swarm optimization and chaotic mapping. 

Chaotic mapping was used to optimize kernel function and training parame-

ters for SVM. A database of convergence for the Xiakeng Tunnel at Wan-Gan 
Railway was included (a case study). 

(Yao et al., 2012) 
The genetic algorithm was used to optimize SVM (Hybrid method), and the 
results were compared with an artificial intelligence method. A database of 

strains was used from the Wuhan-Guangzhou railway (138 datasets).  

(Huang et al., 2021) 
SVM was combined with backpropagation. A database (180 datasets of D, K, 
H, and Q) was used to produce binary results.  

(Farhadian & Nikvar-
Hassani, 2020) 

Kringing geostatistical method for 225 datasets (including H and Q) was uti-
lized. Results were presented as a multi-class classification of squeezing.     

Radial basis network 
(Mahdevari & Torabi, 

2012) 

Radial basis function analysis was compared to multi-layer perceptron and 
multi-variable methods. The effects of different parameters were evaluated 

by a sensitivity analysis of convergence data. Parameters were UCS, RQD, H, 
GSI, 𝜙, 𝛾dry, 𝛾sat, C, ν, E, σc, and σt for 60 datasets from Ghomroud Tunnel, Iran.  

Logistic regression 
(Ghasemi & Gholizadeh, 

2019) 

Binary logistic regression (BLR) and linear discriminant analysis (LDA) were 
used to develop two binary empirical equations based on 220 datasets, in-
cluding H and Q.  

Decision tree algo-

rithm 
(Chen et al., 2020) 

A trained classifier was integrated into the Markovian geologic model. A da-
tabase (154 datasets including D, K, H, SSR, and BQ) was used for binary and 

multi-class methods. 10-fold cross-validation was used.  

Hybrid classifier en-

semble 
(Zhang et al., 2020) 

Seven machine learning classifiers were combined using a weighted voting 

approach to provide a classifier ensemble. The weight and hyper-parameters 
of each classifier were tuned using the firefly algorithm. Missing parameters 

of datasets were replaced by imputation procedures. The predictors were D, 
K, H, SSR, and Q, and a database containing 166 incomplete datasets was col-
lected. Results were presented as a binary method.   

RQD, 𝛾dry, 𝛾sat, UCS, GSI, σt, C, E, 𝜙, and ν depict the rock quality designation, dry intact rock unit weight, saturated 137 

unit weight, uniaxial compressive strength, geological strength index, rock mass tensile strength, the cohesion of rock 138 

mass, young’s modulus, friction angle of rock mass, poison ratio of the rock mass. SRF and BQ are representatives of the 139 

stress reduction factor and rock mass quality, respectively.               140 

The squeezing intensity is usually classified based on a qualitative description of the structure at the production 141 

phase, Table 5 (Hoek & Marinos, 2000). This qualitative method is used for some of the studies introduced in Tables 142 

1-4. The normalized strain (𝜀), the ratio of deformations to tunnel size, is also presented as a quantitative parameter to 143 

classify squeezing. In many research works, the normalized strain of 1% is considered a squeezing threshold for un-144 

supported tunnels (Aydan et al., 1993; Hoek & Marinos, 2000; Sun et al., 2018; Zhang et al., 2020). However, various 145 

ranges of 𝜀 were introduced for each squeezing class in previous research works (Aydan et al. 1996; Sakurai 1997; 146 

Singh and Goel 1999; Hoek and Marinos 2000).  147 

Table 6 shows various quantitative classifications of squeezing intensity based on considering four (Singh et al., 148 

1992) or five squeezing categories (Aydan et al., 1996; Hoek & Marinos, 2000). Recorded deformations during excava-149 

tion may be considered a predictor to classify the squeezing intensity (Li et al., 2012; Yao et al., 2012), but pre-excava-150 

tion is a prerequisite for measuring 𝜀 accurately. Therefore, this predictive factor usually cannot be used at the design 151 

stage.      152 

Table 5. A frequently-used qualitative classification of squeezing intensity based on rock behavior (Hoek & Marinos, 2000) 153 

Squeezing intensity Rock behavior Stability condition 

No squeezing Elastic  Stable tunnel after the termination of face effects 

Light Strain-hardening  Stable tunnel and converged displacement when face effects stop 

Moderate Strain-hardening Large displacement: converged displacement after face effects 

Severe High strain-hardening Extreme displacements: do not converge even after face effects 
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Very severe Rock flow & collapses Extreme displacement: re-excavation & heavy support are required. 

Table 6. Quantitative classifications of squeezing intensity based on normalized strain  154 

Squeezing intensity (Singh et al., 1992) (Aydan et al., 1993) 
(Hoek & Marinos, 2000; Hoek 

& Guevara, 2009) 

No squeezing ε≤1 εθ
a εθ

e⁄ ≤1 ε≤1 

Light 1<ε≤3 1< εθ
a εθ

e⁄ ≤2 1<ε≤2.5 

Moderate 3<ε≤5 2< εθ
a εθ

e⁄ ≤3 2.5<ε≤5 

Severe ε>5 3< εθ
a εθ

e⁄ ≤5 5<ε≤10 

Very severe --- εθ
a εθ

e⁄ >5 ε>10 

εθ
a  and εθ

e  depict the peak tangential strain and peak elastic strain.      155 

Considering the summarized literature review for evaluating squeezing, although substantial studies were per-156 

formed, the shortcomings of available predictive approaches confirm a necessity to continue research works in this 157 

field. In the previous research works, a clear distinction between the squeezing type for tectonic-based shallow squeez-158 

ing or hard/soft rocks at a deep depth is absent. Most previous works studied the squeezing of soft geomaterials at 159 

deep depths. This study aims to improve the understanding of tunnel squeezing based on statistical methods. 160 

3. Methodology 161 

Based on the literature review, we defined some effective predictors to evaluate the occurrence and intensity of 162 

the squeezing and processed a collected database to present new predictive criteria. Statistical approaches such as 163 

factor analysis were used to improve the quality of the datasets. 164 

We performed binary and multi-class regression analyses for the occurrence and intensity of squeezing, respec-165 

tively. Statistical tests such as goodness-of-fitness, Chi-Square statistics, likelihood ratio, and statistical significance 166 

were used to analyze the accuracy of final equations.   167 

3.1. Datasets and effective parameters   168 

Although numerous studies covered squeezing, most presented databases were limited (i.e., including low da-169 

tasets) or incomplete (lack of some main parameters). In this study, a comprehensive database (made up of 159 com-170 

plete, frequently-used datasets) was collected from previous research works (Shrestha & Broch, 2008; Dwivedi et al., 171 

2013; Feng & Jimenez, 2015; Sun et al., 2018; Chen et al., 2020) to study the squeezing for soft rocks. Five new datasets 172 

from the Golab tunnel excavated in Iran were included.  173 

The database was controlled to include the main characteristics of squeezing (i.e., time-dependent deformation 174 

of soft rock mass and stability problems) and contain all the defined squeezing predictors. It was possible to compare 175 

them statistically, considering the in-common properties of these datasets. We included the following possible effec-176 

tive parameters as initial key predictors (i.e., the independent parameters) affecting squeezing (the dependent param-177 

eter) based on the previous prementioned studies:   178 

• H: height of overburden overlying the underground structure 179 

• SSR: percentage of the strength-to-stress ratio  180 

• BQ: rock mass classification index (quality index)  181 
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• D: tunnel diameter 182 

• K: support stiffness   183 

Stress state could be recognized as the most used parameter influenced by several factors (Jethwa et al., 1984; G. 184 

Barla, 1995; Hoek & Marinos, 2000; Bhasin & Grimstad, 1996), such as orientation and depth of underground structures 185 

(the mechanical stresses) as well as the tectonic situation of rock mass (Mahdevari & Torabi, 2012). 186 

In the case of tectonic-related stresses, some studies cited that tectonic conditions could only alter the stress field 187 

at a large-scale range, e.g., a 200 km area (Heidbach et al., 2010). Therefore, the total stress state could be considered 188 

only depth-dependent for most geo-engineering projects (with length < 200 km). Other research works mentioned that 189 

tectonic condition is partially understood and may alter based on the findings at the production phase (Guan et al., 190 

2012). Therefore, these in-field characteristics cannot be included as a scale in the design phase (Sun et al., 2018).  191 

In many cases, an approximately similar density is assumed for all squeezing-prone rocks, i.e., soft rocks. There-192 

fore, tunnel depth (H) is used as a scale to evaluate the stress state (Sun et al., 2018). However, the occurrence of 193 

squeezing at shallow depths (Shrestha & Broch, 2008) has called choosing overburden as a proper predictor into question. 194 

Meanwhile, SSR implements the effects of both rock mass compressive strength (σcm) and vertical stress (γH)-Table 1. 195 

In many studies based on soft-computing methods, SSR was ignored (Sun et al., 2018; Huang et al., 2021), while the 196 

significance of this parameter was proved based on other works (Feng & Jimenez, 2015; Zhang et al., 2020). 197 

An interesting point (especially in soft-computing approaches) is that SSR (as a well-known predictive scale of 198 

squeezing) has been simultaneously used with H (Feng & Jimenez, 2015; Chen et al., 2020; Zhang et al., 2020). The 199 

overburden is directly included in calculating SSR (Table 1); we evaluated the effects of the simultaneous inclusion of 200 

H and SSR on the statistical quality of the squeezing database.   201 

Rock mass classification systems, especially the Q system, could be considered a representative index of rock 202 

mass quality and joint condition at underground structures (Singh et al., 1992; Jimenez & Recio, 2011; Dwivedi et al., 203 

2013). However, applying Q could include two intrinsic shortcomings: (1) this parameter provides comparatively 204 

more accurate results for fractured blocky rocks but not necessarily for other rock mass conditions (Palmstrom & Stille, 205 

2007). (2) Evaluating the stress reduction factor (SRF), as a required parameter for calculating Q, is a challenging task 206 

due to being related to the intensity of squeezing (Palmstrom & Broch, 2006). In one study, SRF was estimated based 207 

on the existence of weakness zones instead of squeezing intensity (Shrestha & Broch, 2008).  208 

Other rock mass classification systems such as rock mass number (Qn) (Goel et al., 1995; Dwivedi et al., 2013) or 209 

BQ (Shen et al., 2017; Chen et al., 2020) are used to determine rock mass condition in some methods to predict squeez-210 

ing considering the prementioned shortcomings of using Q.  211 

In this study, we utilized BQ as the classification index due to the prementioned disadvantages and because many 212 

datasets (mainly those related to Chinese tunneling projects included in our database) were presented based on BQ. 213 

For other cases, BQ was calculated based on other classification indices (Shen et al., 2017; Chen et al., 2020), e.g., by 214 

Equations 1 (Yan-Jun et al., 2017) for the datasets including Q.  215 

BQ = 63.029 Ln(Q) + 327.5  (1) 
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Q and BQ depict the Norwegian Index and Basic Quality index, respectively.    216 

Artificial intelligence-based studies confirmed that support stiffness and tunnel size could also affect squeezing, 217 

e.g., the accuracy of a prediction equation increased up to 11% and 4% after including K and D, respectively (Sun et 218 

al., 2018). Installing a stiff support system could decrease excessive deformations (Dwivedi et al., 2013; Feng & 219 

Jimenez, 2015), and the installation time could also be considered another effective predictor (Jethwa et al., 1984). The 220 

size of the underground structure might alter squeezing (Goel et al., 1995), and tunnel diameter could add these effects 221 

to a predictive formula of squeezing (Dwivedi et al., 2013; Feng and Jimenez, 2015; Sun et al., 2018).  222 

Despite addressing many geotechnical parameters (the independent predictors), most available datasets in the 223 

literature were presented without describing the tectonics condition of the study sites. Therefore, it was impossible to 224 

include tectonic properties as a predictor. These restrictions resulted in the exclusion of tectonics in final models, 225 

similar to past soft-computing methods (Table 4). However, some squeezing cases could be considered tectonic-based 226 

in the collected datasets.  227 

Table 7 and Figure 1 show the statistical properties of the databases. Based on some statistical approaches, H was 228 

deleted from the effective parameters of database one. Then, Database 2 was processed to determine the significant 229 

predictors as the final fitting database (Database 3) for regression analysis. 230 

Database 4 was used to control the ability of regression equations for datasets excluded in the fitting process. 231 

Some of these datasets were related to probable tectonic-based squeezing (a low H value and a high SSR value), espe-232 

cially the datasets of the Golab Tunnel excavated in Iran.  233 

Table 7. The properties of squeezing databases used for regression analysis 234 

Database Datasets 
Parameters 

SSR [%] H [m] BQ K [MPa] D [m] Intensity 

1 154 √ √ √ √ √ √ 

2 154 √ ⨯ √ √ √ √ 

3 154 √ ⨯ √ ⨯ ⨯ √ 

4 10 √ ⨯ √ ⨯ ⨯ √ 

 235 

(a) (b) 

  
(c) (d) 
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(e) 

 
Figure 1. Frequencies and ranges of the predictors in the fitting database: (a) the strength-to-stress ratio (%), (b) overburden height 236 

(m), (c) BQ classification index, (d) structure diameter (m), and (e) support stiffness (MPa)  237 

3.2. Data processing  238 

The objective of regression analysis is to define a relationship between significant independent parameters and 239 

the dependent parameter. But, before performing a regression analysis, the statistical quality of the collected database 240 

should be improved by a series of statistical approaches. Several questions must be answered: first, how many datasets 241 

are required to begin a regression analysis? What predictors should be removed from the database, and what param-242 

eters are statistically significant? Do the values of the predictors follow a normal distribution? And finally, what are 243 

the outliers of each parameter?      244 

Three groups of statistical approaches can be used to improve the quality of a database before regression analysis: 245 

(1) integrating or merging datasets from different sources, (2) reducing and transforming data, and (3) cleaning outli-246 

ers by calculating noises and correcting inconsistencies (Acaps, 2016; Yang et al., 2006).  247 

We utilized Nonlinear Principal Component (NLPCA) and factor analyses (for reducing the data) to increase the 248 

quality of the database collected from different sources (merging). Factor analysis uses maximum common variance 249 

to decrease the number of predictors (Wheelwright et al., 2020). Outliers, i.e., a value that lies at an abnormal distance 250 

from, were also detected and substituted to clean the database (data cleaning). This threshold can generally be defined 251 

between 1.5 to 3 times the standard deviation from the mean value (SPSS, 2010). Figure 2 shows the processing meth-252 

ods used in this research work.   253 
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 254 
 Figure 2. Flowchart of the data processing to improve the quality of the collected squeezing database   255 

Before performing the factor analysis, the database efficiency and predictors compatibility were controlled by 256 

Kaiser-Meyer-Olkin (KMO) and Bartlett’s Sphericity tests. The KMO test determines sample adequacy, while Bartlett’s 257 

Sphericity test evaluates the uselessness of parameters by comparing identity and correlation matrices. Bartlett’s test 258 

also controls if the variances are equal for all datasets (homogeneity of variances). The necessary number of predictors 259 

was selected based on Kaiser’s rule. Varimax rotation determined the relations among the predictors in factor analysis, 260 

i.e., the independent parameters (Wheelwright et al., 2020). 261 

Principal components analysis could define relations between significant predictors (Norusis, 2012), and final 262 

squeezing equations could result in more accurate outputs after performing this method. NLPCA provides curves of 263 

main predictors instead of straight lines. The factor extraction by NLPCA reduced the summation of differences be-264 

tween two squares between reproduced and observed correlation matrices (Scholz et al., 2008). The final results of 265 

these data-processing approaches are significantly less exposed to intrinsic limitations and assumptions (Kriegel et 266 

al., 2010).  267 

Univariate or multivariate approaches could detect outliers. Intensity and occurrence of squeezing both could be 268 

considered univariate parameters because only one dependent variable was defined for each case: intensity class or 269 

occurrence possibility, respectively. The univariate approach substituted the outliers based on the standard deviation 270 

and mean values and the defined threshold of confidence intervals (Denis, 2018). In this research, we considered a 271 

confidence level of 95% and evaluated the outliers and their substitutes by SPSS software (SPSS, 2010). Univariate 272 

analysis was also used to determine the normality and equality of datasets (section 3.3).  273 

3.3. The univariate analysis  274 
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Univariate analysis was performed to evaluate three properties for all squeezing classes: normality condition, 275 

mean equality, and distribution function equality of predictors. The normality condition confirms a normal distribu-276 

tion of datasets, while mean equality measures the potential of independent parameters (Norusis, 2012). For mean 277 

equity, correlation analysis was assessed among predictors, and different tests were chosen based on the number of 278 

classes. Two classes were used for squeezing occurrence and more than three for its intensity. Figure 3 summarizes 279 

the process of univariate analysis.    280 

Three methods were used to control the normality condition: (1) descriptive numerical approach (skewness for 281 

controlling asymmetry of the distribution and kurtosis for its tailedness), (2) theory-driven graphical methods includ-282 

ing P-P plot for agreement of datasets based on cumulative distribution function (CDF), and Q-Q plot for agreement 283 

of datasets in terms of quintiles and (3) theory-driven numerical approaches including Shapiro-Wilk and Kolmogorov-284 

Smirnov tests for normality of frequencies (Denis, 2018). 285 

Four tests can evaluate mean equality: for parametric tests: the T-test (for two Independent Classes, i.e., squeezing 286 

occurrence) and F test (for a minimum of three independent classes, i.e., squeezing intensity class) were available 287 

options. The Mann-Whitney (for two Independent Classes) and Kruskal-Wallis (for a minimum of three Independent 288 

Classes) tests were utilized for non-parametric tests (Denis, 2018).  289 

 290 
 Figure 3. The flowchart of the univariate analysis for the squeezing database  291 

Distribution function equality was also checked based on the number of independent classes: the Wald-Wol-292 

fowitz and Kolmogorov-Smirnov tests for two Classes and the Jonckheere-Terpstra test for at least three Independent 293 

Classes. The equality of the distribution function means that all parameters could be defined based on a distribution. 294 

Finally, the correlation coefficient was measured by the Pearson method for parametric and by the Spearman method 295 

for non-parametric tests (Noresis, 2012).  296 

If the mean and distribution function of the predictor provided equality and the correlation with the dependent 297 

parameters was insignificant, its contribution to tunnel squeezing would be omitted. A predictor could be detected as 298 
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negligible by comparing the results with and without including different predictors. A high significance value of in-299 

dependent parameters with significant inter-correlation (a correlation with other predictors) can result in the occur-300 

rence of a multicollinearity state (Denis, 2018). Therefore, these criteria were all used to evaluate the significant pre-301 

dictors of tunnel squeezing, and the results were prepared for regression analysis.  302 

3.4. Regression analysis  303 

Link functions for regression analysis of dependent parameters can be categorized as (1) two-class functions, 304 

including binary probit and binary logistic. (2) Multi-Class Multinomial Logistic approach. (3) multi-class ordinal 305 

methods. Figure 4 presents the flowchart of regression analysis; validation of the results and correlation between 306 

significant predictors are also illustrated.  307 

Binary and multi-class functions were used to predict the occurrence and intensity of squeezing, respectively. 308 

The following functions (Equations 2 and 3) are representatives of binary probit and binary logistic approaches. Odds 309 

ratio (OR)-i.e., p⨯(1-p) or the amount of correlation between two parameters- was also calculated (Fox, 2016).   310 

 (Fox, 2016): 311 

Binary probit link= ∅-1(1-p) (2) 

Binary logistic link=Ln(p/(1-p) (3) 

𝜙 and p depict the standard deviation and class probability of normal distribution.  312 

For the multi-class nominal link function (Equation 4), the class with a minimum score (i.e., the no-squeezing 313 

class) was considered the reference class and compared with other classes using a series of binary logistic analyses. 314 

The minimum score class assumed zero membership probabilities, i.e., OR of the class divided by the sum of all clas-315 

ses’ OR was considered zero, and the regression coefficients were evaluated for each comparison case (Fox, 2016). 316 

Index (i) depicts the number of each class.  317 

   Nominal link = Ln (p
i
(1-p

i
)) =LnORi (4) 

Pi and ORi are representatives of class probability and odds ratio of class i.  318 

In the case of multi-class ordinal link functions (Equations 5-9), all classes of the dependent parameter (except 319 

the last one) were fitted by an equation, and cumulative probabilities were evaluated by assuming to be equal to or 320 

less than a value for these classes. Cumulative probabilities of consecutive classes were differentiated to calculate 321 

independent probabilities. Multipliers of effective parameters were then assumed to be similar for all the squeezing 322 

Classes, and the correctness of this assumption was controlled by the test of parallel lines (Fox, 2016).  323 

Logistic (Equation 5), probit (Equation 6), and Cauchit (Equation 7) equations and complementary (Equation 8) 324 

and negative (Equation 9) log-log link functions were all implemented for Database 3 (Norusis, 2012). We also com-325 

pared the accuracy of these functions for predicting squeezing intensity: 326 

Logistic link=Ln (γ
i
(1-γ

i
)) (5) 

𝑃𝑟𝑜𝑏𝑖𝑡 𝑙𝑖𝑛𝑘 = ∅−1𝛾𝑖 (6) 

Cauchit link=tan(τ(𝛾𝑖-0.5)) (7) 
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Complementary  log_ log link=Ln (-Ln(1-γ
i
)) (8) 

Negative log_ log link=-Ln(-Lnγ
i
) (9) 

γi depicts the cumulative probability of ith class; ∅ is the standard deviation. Results of Equations 5-9 can be 327 

similar in some cases. Since no prerequisite parameter (e.g., normal error distribution) was required for these regres-328 

sion approaches, maximum likelihood estimation (MLE) was used instead of minimum mean square error (MMSE) to 329 

develop predictive equations and to evaluate the multipliers of each predictor. i.e., MLE guarantees close prediction 330 

of the dependent parameter. The coefficients (𝛽) were predicted in a way to produce the highest likelihood value 331 

based on yi (the sample symbol) (Equation 10) (Fox, 2016):  332 

MLE=max ∑ ln(L(y
i
│β)

n

i=1

 (10) 

The outputs of equation 10 were controlled to include two properties: being probable and converging to a unique 333 

value. The predicted 𝛽 values were used to calculate the membership probabilities of each class. The accuracy of each 334 

classifying equation was then evaluated by comparing the predicted and actual categories.  335 

(a) 

 
(b) 
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 Figure 4. Flowchart of regression analysis for predictive equations of squeezing (a) and the validation process (b)  336 

All link functions presented by Equations 2-9 evaluated continuous latent variables (𝑌´) and converted them to 337 

the value of classes (Figure 4). For example, 𝑌´ equal to 2.23 means that the squeezing intensity can be light (i.e., the 338 

squeezing class 2). Finally, the regression analysis for the dependent variables was performed using the following 339 

equation (Norusis, 2012):    340 

Link(Y)≡Y´=β0+ ∑ βixi

k

i=1

 (11) 

Link, Y, 𝑌´, 𝛽0, k, and 𝛽i are the link function (Equations 2-9), the value of the qualitative dependent parameter, 341 

continuous latent variables, constant value, number of predictors, and multipliers of each variable (xi). The fitting 342 

iteration was set to 300 for all regression models (SPSS, 2010). The correlations (between the dependent parameter 343 

with predictors and intercorrelation between predictors) were checked based on some statistical methods (i.e., using 344 

the likelihood ratio, Wald test, and Chi-square values), and a critical value was evaluated based on the selected confi-345 

dence interval of 95 %.  346 

At this stage, we developed various regression models for the occurrence and intensity of squeezing. However, 347 

the correlation among the parameters and validation of the fitting process (convergence of fitting, accuracy, and use-348 

fulness of presented equations) must be controlled.  349 

Statistical significance was used to evaluate the rejection of the null hypothesis considering the correlation be-350 

tween the parameters. For this reason, values outside the critical areas were rejected, and the alternative (i.e., a higher 351 

Chi-Square value) was considered. The significance value of each function was equal to the Chi-Square value (the 352 

difference between log-likelihoods of the link function with and without considering the predictor) multiplied by -2. 353 

For the significance value of zero, the null hypothesis is true. Otherwise, where significance values were less than the 354 

presumed amount, a higher Chi-Square value was considered a scale to choose the most accurate function (Fox, 2016).        355 

The quality of predictors was also checked by two tests based on the significance value (Figure 4): (1) assuming 356 

no relation between the dependent and independent parameters (initial significance value of 0), a likelihood ratio test 357 
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was performed to calculate the possible relationships. (2) Presuming a zero multiplier for the independent predictor, 358 

the Wald test (Equation 12) calculates the significance value (Norusis, 2012).  359 

Wald(xi)=( β
i
SE⁄ )2 (12) 

SE and 𝛽i depict standard error and multipliers of the predictor xi. 360 

Validation of regression analysis (Figure 4) was performed to avoid various problems. The divergence of regres-361 

sion analysis for the dependent parameter could be problematic. Goodness-of-fit tests- i.e., Pearson, Deviance, or Hos-362 

mer Lemeshow tests-could be used to control consistency between the observed and fitted parameters based on the 363 

significance of the dependent parameter for each squeezing class. The difference between expected (Ei) and calculated 364 

(Oi) frequency could create contingency matrices that can be approximately fitted by Chi-Square distribution. The 365 

statistic of the Hosmer Lemeshow test is (Norusis, 2012):  366 

XHL
2 = ∑

(Oi-Ei)
2

Ei(1-ξi)

g

i=1

 (13) 

The freedom degree of the Hosmer Lemeshow test is (g-2), while ξi and g are the means of predicted probability 367 

and number of classes with equal size, respectively. For Pearson and Deviance tests, the following relationships were 368 

used (Norusis, 2012):      369 

𝑋𝑃
2 = ∑ ∑

(𝑂𝑖,𝑗 − 𝐸𝑖,𝑗)2

𝐸𝑖,𝑗

𝑐

𝑗=1

𝑟

𝑖=1

 (14) 

XD
2 =2 ∑ ∑Oi,jLn(

Oi,j

Ei,j
)

c

j=1

r

i=1

 (15) 

r and c depict the number of rows and columns, and (r-1). (c-1) is the degree of freedom. Pseudo R-square scales, 370 

including McFadden (1974) (Equation 16), Cox and Snell (1989) (Equation 17), or Nagelkerke (1991) (Equation 18), 371 

can also be used to compare regression functions based on the variance of the dependent parameter. The higher the 372 

variance value is, the less accurate the link function is (Norusis, 2012): 373 

RM
2 =1-

L(B ͡)

L(B(0))
 (16) 

RCS
2 =1-(

L(B(0)

L(B ͡)
)

2
n

 (17) 

RN
2 =

RCS
2

1-L(B(0))
2
n

 (18) 

n, L(B ͡), and L(B(0))depict the number of parameters and log-likelihoods with and without the predictor param-374 

eters. For the cases where a predictor was linearly estimated with enough accuracy by different link functions, multi-375 

collinearity (i.e., when the accurate, linear prediction of a predictor is possible using other predictors) occurs (Norusis, 376 

2012).  377 
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Other numerical issues (such as the presence of classes with no cases or of a class separated from some predictors) 378 

could also occur when non-zero coefficients with high standard errors were calculated for predictors. Therefore, 379 

chance-level accuracy was calculated as the summation of the squared values of each parameter.  380 

The usefulness of a link function was also controlled based on having an accuracy higher than the defined chance 381 

level. Therefore, the adequacy of link functions was checked by comparing pseudo-R-square scales, prediction accu-382 

racies, and chi-square statistics (Norusis, 2012).  383 

We developed regression models for the occurrence and intensity of squeezing, which are comparatively accurate 384 

and converged based on the validating statistical methods. Henceforth, 1 and 0 depict squeezing and no-squeezing 385 

conditions for the occurrence; for intensity, 1, 2, 3, 4, and 5 show no-, light, moderate, severe, and very severe condi-386 

tions, respectively (based on Table 5).    387 

3.5. Comparison with alternative methods  388 

We encountered several obstacles comparing the results of the regression models with empirical and soft-com-389 

puting approaches: (1) data processing of previous studies was rarely addressed, (2) various independent parameters 390 

and different databases were used, (3) the squeezing types (soft rock, hard rock, and tectonic-based) generally were 391 

not addressed and (4) some statistically significant predictors such as rock mass classification systems were absent in 392 

the empirical equations (Barla, 1995; Aydan et al., 1996; Hoek & Marinos, 2000). 393 

To tackle these issues, we used our processed database (Database 3) instead of datasets presented in the previous 394 

studies and evaluated the accuracy of these alternative approaches compared to the regression functions. In the case 395 

of the empirical equations, we chose frequently-used, well-known equations of Hoek & Marinos (2000) and Jiminez 396 

& Recio (2011) for intensity and occurrence of squeezing, respectively (Table 1).    397 

A similar preprocessing was utilized for a multilayer perceptron feed-forward neural network (MLP NN). We 398 

selected two hidden layers with a hyperbolic tangent function as the activation function. 30 and 70 % of datasets were 399 

randomly chosen for training and validation tests. The optimization algorithm was scaled conjugate gradient, and 'the 400 

maximum steps without an error decrease' was set to 10 (Hastie et al., 2017). 401 

4. Results 402 

We utilized the statistical methods to prepare a more efficient squeezing database. Factor analysis and NLPCA 403 

detected SSR and BQ as the main squeezing predictors (by processing Database 1) but deleted H from the database 404 

due to being an improper predictor (Database 2). 405 

There were several reasons for removing H from the datasets: (1) based on the KMO test, the sample adequacy 406 

of the database was lower after including H. (2) H and SSR were recognized as correlated predictors. (3) As pre-407 

mentioned, the intensity of squeezing can be severe even at shallow overburden (i.e., a low H value) due to the tectonic 408 

factors; it was visible for several datasets in the collected database. Therefore, severe squeezing cases can occur even 409 

at a low H value.  410 
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The outliers of each squeezing class are shown in Table 8. The outliers of SSR were substituted by 85.9 %in 411 

Databases 3 and 4 (SPSS, 2010; Norusis, 2012); i.e., for the no-squeezing class, SSR values higher than 85.9 % were 412 

replaced by 85.9 %. Since H was removed from all datasets in Databases 2 to 4, the outlier substitution of H values was 413 

unnecessary. 414 

Based on the statistical analyses, K and D were recognized as minor predictors with low effects on the intensity 415 

and occurrence of squeezing. The reasons for this decision were having equal mean and distribution at different 416 

squeezing classes and being correlated insignificantly with the dependent parameter. No outlier was detected for 417 

these two parameters and BQ. The cases with a low H value and a high BQ could be considered a scale of possible 418 

tectonic-based squeezing.  419 

Table 8. Outliers of the databases based on the statistical analyses 420 

Predictors Squeezing class Outliers 

SSR [%] No-squeezing 90, 105.8, 102, 99, 90.5 

H [m] 

No-squeezing 1000, 1300, 1320  

Moderate 870 

Severe 1110 

Having fitted various link functions to the processed database (Database 3 in Table 7), we controlled several 421 

factors: the classifying accuracy, chi-square statistic, pseudo-R-square scales, and numerical problems. BQ and SSR 422 

were chosen as significant independent predictors for all the developed models.    423 

The binary link functions (Equations 2 and 3) predicted squeezing occurrence similarly. These accurate estima-424 

tions (116 out of 116 cases) for binary logistic and probit methodologies seem satisfying. However, the performance 425 

of these models for predicting no-squeezing conditions was less accurate (e.g., 68.4 % or 26 out of 38 cases for the 426 

fitting database). This condition can be related to the included datasets of no-squeezing conditions based on BQ and 427 

SSR. Similar conditions were visible for the validating datasets (Table 9). Tables 9 to 12 summarize the results of 428 

regression analyses. In these tables, NS, S, and T are representatives of no-squeezing, squeezing, and total cases, re-429 

spectively.  430 

Table 9. The binary link functions for predicting tunnel squeezing for fitting and validating databases  431 

Links Regression Equation 

Fitting datasets Correct predictions (/ depicts out of) 

NS S T 
Fitted datasets Validation datasets 

NS S T NS S T 

Logistic Ln(OR) = 5.911− 0.13 SSR 38 116 154 26/38 116/116 142/154 0/3 7/7 7/10 

Probit ∅-1(1-p)=3.26-0.072 SSR 38 116 154 26/38 116/116 142/154 0/3 7/7 7/10 

 We also compared the performance of all ordinal link functions. The Cauchit model (Equation 7) was the best 432 

ordinal classification function to predict the intensity (96 out of 154 cases for the fitting database). However, the model 433 

produced a little lower accuracy than the multi-nominal link function (Equation 4 with 100 correct predictions out of 434 

154). For the ordinal equations, the coefficients were similar according to the basic assumption of these methods. 435 

The results of comparing the binary and multi-class regression models to empirical equations and MLP NN are 436 

shown in Figure 5, including the number of correct predictions for each squeezing class. We used a similar processed 437 

database for all methods, and SSR and BQ were considered significant predictors.   438 

Table 10. The best-fitted multi-class (nominal and ordinal) link functions for predicting tunnel squeezing 439 
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Links Regression Eq. Correct predictions (/ depicts out of) 
For fitting datasets 

Constants 

NS L M S VS T NS L M S VS 

Eq. 4 
NS: Reference class 
Ln(ORi) = ai –(b𝑖 ∗ 

SSR)− (c𝑖 ∗ 𝐵𝑄) 

28 

/38 
19/34 17/38 24/31 12/13 

100 

/154 

Ref. 

class 

a1=3.802, 

b1=0.107 

c1=0 

a2=5.855, 

b2=0.151 

c2=0 

a2=8.073, 

b2=0.264 

c3=0 

a2=8.804, 

b2=0.276 

c3=0.014 

Eq. 5 
𝐿𝑛(𝛾𝑖(1 − 𝛾𝑖))

=  𝑇𝑖 − 0.127 𝑆𝑆𝑅
− 0.005 𝐵𝑄 

28 

/38 
20/34 20/38 18/31 6/13 

92 

/154 
Ti=7.068 Ti=4.902 Ti=2.996 Ti=0.746 

Reference 

class 

Eq. 6 
∅−1𝛾𝑖 =
=  𝑇𝑖 − 0.64 𝑆𝑆𝑅
− 0.003 𝐵𝑄 

27 

/38 
23/34 21/38 19/31 5/13 

95 

/154 
Ti=3.695 Ti=2.556 Ti=1.554 Ti=0.329 

Reference 

class 

Eq. 7 
tan(𝜏(𝛾𝑖 − 0.5))
= 𝑇𝑖 − 0.064 𝑆𝑆𝑅
− 0.003 𝐵𝑄 

28 

/38 
23/34 19/38 20/31 6/13 

96 

/154 

Ti=10.63

5 
Ti=7.158 Ti=4.544 Ti=0.852 

Reference 

class 

Eq. 8 
𝐿𝑛(−𝐿𝑛(1 − 𝛾𝑖))
= 𝑇𝑖 − 0.048 𝑆𝑆𝑅
− 0.003 𝐵𝑄 

25 

/38 
21/34 14/38 22/31 7/13 

89 

/154 
Ti=3.799 Ti=2.572 Ti=1.634 Ti=0.567 

Reference 

class 

Eq. 9 
−𝐿𝑛(−𝐿𝑛𝛾𝑖)
= 𝑇𝑖 − 0.074 𝑆𝑆𝑅
− 0.003 𝐵𝑄 

29 

/38 
14/34 17/38 18/31 1/13 

79 

/154 
Ti=3.436 Ti=2.354 Ti=1.218 Ti=0.315 

Reference 

class 

* NS, L, M, S, and VS depict no-, light, moderate, severe, and very severe squeezing intensities, respectively.  440 

In the case of squeezing occurrence, the prediction accuracy of the chosen empirical equation (Jimenez & Recio, 441 

2011) at no-squeezing conditions was almost similar to binary regression models (about 70 % in Figure 5a). However, 442 

the figure was lower for squeezing cases (72.6 % compared to 100 % of logistic and probit link functions).  443 

For multi-class approaches (i.e., squeezing intensity), the Hoek equation (Hoek and Marinos, 2000) predicts 84 444 

cases correctly (accuracy of 54%), while the accuracies of nominal and Cauchit ordinal approaches were 68.78 and 445 

60.36 %, respectively. The accuracy of MLP was 68.8 %; however, the database was processed using statistical methods 446 

(factor analyses as well as NLPCA and univariate analysis) before performing neural network analysis. 447 

Table 11. The quality of the best-fitted binary logistic link function for predicting tunnel squeezing 448 

Data-

base 
Significance tests Hosmer & Lemeshow test R-squares 

Significant        

parameters 
 St df Si St df Si Nagelkerke 

Cox & 

Snell 

3 79.25 2 0.000 5.917 8 0.657 0.661 0.442 SSR, BQ 

Table 12. The best-fitted probit and multi-class (nominal and Cauchit ordinal) link function for predicting tunnel squeezing 449 

Equa-

tion 

Significance tests Pearson goodness test Deviance goodness test R-squares 
Significant 

parameters St df Si St df Si St df Si Nagelkerke 
Cox & 

Snell 
McFadden 

3 89.41 2 0.000 135.6 141 0.962 80.4 141 0.57 0.665 0.446 ------- SSR, BQ 

4 161.3 8 0.000 4158 564 0.000 320.8 564 1.000 0.678 0.649 0.333 SSR, BQ 

7 173.9 2 0.000 632.7 570 0.035 308.2 570 1.000 0.707 0.677 0.359 SSR, BQ 

Statistic=St; Significance=Si; df: degree of freedom 450 

To better describe the sequence of the regression approach, the overall process for datasets 71 and 22 (two typical 451 

datasets) with recorded intensity classes of 1 (no-squeezing) and 3 (moderate squeezing) are presented (Table 13). For 452 

dataset 71 (Miyaluo tunnel), the SSR value was detected as an outlier and was substituted by 85.9 % (SPSS, 2010). The 453 

approximate zero binary value (0.0053 ≃ 0) depicted a no-squeezing condition. The Cauchit ordinal multi-class ap-454 

proach similarly calculated squeezing condition equal to 1 (i.e., no-squeezing intensity); the results for both regression 455 

methods were similar. 456 

(a) 
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(b) 

 
Figure 5. Accuracy of different binary and multi-class approaches to predict squeezing: (a) occurrence of squeezing; 0 and 1 depict 457 

no-squeezing and squeezing conditions (b) Intensity of squeezing; 1, 2, 3, 4, and 5 are representatives of no-, light, moderate, severe 458 

and very severe squeezing intensity respectively. The Hoek equation (Hoek and Marinos, 2000) is used for the multi-class method.    459 

For dataset 22 (Miyaluo tunnel), the logistic binary resulted in squeezing occurrence (Y′ ≃ 1) while the Cauchit 460 

approach produced 2.77 (rounded to 3, i.e., moderate squeezing intensity). This example confirms how binary meth-461 

ods can provide ambiguous results; the consequences for moderate intensity can be significantly different from light 462 

squeezing.  463 

Figure 6 shows the relationship between BQ and SSR for Database 3. Correctly-predicted datasets are usually in 464 

specific parts of the chart for each squeezing class, with some scattered cases (related to incorrectly-predicted data). 465 

In such cases, with high BQ values, the squeezing can be tectonic-based or for hard rocks, while the developed criteria 466 

are mainly for soft materials. Then, the overburden can be considered to detect the squeezing possibility of soft mate-467 

rials at a low depth.   468 
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Table 13. The properties of squeezing databases used for regression analysis 469 

Dataset Database 
Parameters Regression (Y′) 

SSR [%] H [m] BQ K [MPa] D [m] Intensity Binary Multi-class 

71 1 105.8 80.33 197.64 1833 9.98 1 --- --- 

71 2 85.9 ⨯ 197.64 1833 9.98 1 --- --- 

71 3 85.9 ⨯ 197.64 ⨯ ⨯ 1 0.0053 1 

22 1 24.3 600 74.29 26.2 8.7 3 --- --- 

22 2 24.3 ⨯ 74.29 26.2 8.7 3 --- --- 

22 3 24.3 ⨯ 74.29 ⨯ ⨯ 3 0.9403 2.77 

The BQ-SSR charts of no-, moderate and severe squeezing classes of the ordinal regression approach are pre-470 

sented to detect the accuracy of the regression analysis dividing the datasets into correctly- and incorrectly- predicted 471 

datasets (Figure 7 a-c).        472 

 473 
Figure 6. The BQ-SSR chart of the fitting database for all intensity classes (154 datasets)  474 

According to Figure 7a, correctly-predicted datasets are all located inside the red oval area. A similar situation 475 

was visible for moderate, severe, and other intensity cases. Therefore, it can be suggested what combinations of SSR 476 

and BQ values are more probable to result in the correct prediction of squeezing. Some incorrectly-predicted data can 477 

be related to tectonic-based squeezing cases.   478 

A priority of the regression methods compared to empirical equations is the amount of inaccuracy for the incor-479 

rectly-predicted datasets. For example, for datasets 9 and 39 of the fitting database with moderate squeezing intensity, 480 

the intensity was predicted as very severe by the Hoek equation. However, severe-intensity squeezing was estimated 481 

by the Cauchit ordinal function. This difference is also visible for some other datasets (Figure 5b) and can confirm that 482 

applying the regression links can provide more realistic results even for incorrect predictions. Such a difference im-483 

pacts the financial burden of installing support systems during the design phase of tunneling projects.  484 

Figure 8 compares the predictions of multi-class nominal regression for light squeezing intensity with the chosen 485 

multi-class empirical equation (Hoek equation). The percentages of under-estimated, correctly estimated, and over-486 
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estimated datasets (predicted by the regression function) were 14.7 %, 55.9 %, and 29.4 %, respectively. These propor-487 

tions for the empirical approach were 26.5 %, 41.2 %, and 32.3 %; a higher underestimation is visible. 488 

a) 

 
(b) 

 
(c) 
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Figure 7. BQ-SSR charts of the fitting database for three intensity classes: (a) no squeezing (38 datasets), (b) moderate squeezing (38 489 

datasets), and (c) severe squeezing (31 datasets). Green-filled circles are representatives of datasets that are correctly predicted by the 490 

Cauchit ordinal regression approach.  491 

Using multi-class nominal regression, the proportion of under-estimated cases was 25.7 %, 43.7 %, and 25 % for 492 

moderate, severe, and very severe classes, respectively. Therefore, the average underestimation of regression models 493 

for all five intensity conditions was 21.82 %.    494 

 495 
Figure 8. The results of the multi-class nominal regression and Hoek equation for the light intensity of squeezing (the number of 496 

datasets was 32); similar datasets were used for both methods, and the datasets were previously processed by statistical approaches 497 

presented in section 3.2.  498 

In the case of the validation database, the percentage of under-estimated datasets was 40 %, and 40 % of datasets 499 

were correctly-predicted, according to Figure 9. Also, seven probable tectonic-based squeezing cases (including the 500 

data related to Golab Tunnel) were included in this database to control the quality of regression functions in such a 501 

condition. 502 
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The cases at the top part with high SSR values (the SSR value between 70 to 85 %) are representatives of these 503 

datasets. The incorrect predictions of tectonic-based squeezing are related to cases with high BQ (over 300) but a low 504 

H value. The reason for this inaccuracy can be tectonic factors that may be the main parameters that cause squeezing 505 

in such a condition. Such cases (high BQ and SSR values and a thick overburden) can be the squeezing in hard rock. 506 

 507 
Figure 9. The BQ-SSR chart of validating cases (the number of datasets is 10) 508 

5. Discussion  509 

The statistical analyses of squeezing at underground sites, based on a comprehensive database of the squeezing 510 

in soft rocks, confirm the importance of strength-to-stress ratio and rock mass condition. NLPCA, univariate, and 511 

factor analyses show that SSR and BQ are the first and second main predictors based on the collected database.  512 

We also detect K and D as minor independent parameters similar to the past findings (Sun et al., 2018). We elim-513 

inate H from our databases due to the technical and statistical disadvantages of including this predictor. The results 514 

confirm how squeezing intensity rises by decreasing BQ and SSR, which is also consistent with the previous studies 515 

(Feng & Jimenez, 2015; Chen et al., 2020).  516 

The equations developed using the statistical processing/regression models can provide relatively more accurate 517 

models comparing previous approaches for predicting the intensity and occurrence of squeezing based on BQ and 518 

SSR. Over 60 % of cases are accurately predicted, and close overestimations (approximately 20 %) can also be consid-519 

ered acceptable. 520 

The over-estimated predictions can result in designing an unnecessarily stiffer support system and a higher fi-521 

nancial burden during the design phase. However, the possibility of tunnel collapse (with significant financial prob-522 

lems), injuries, and causalities will be fallen at the production phase after installing such a stiffer system.            523 
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Comparing the empirical equation (Jimenez & Recio, 2011) with our binary regression models to predict squeez-524 

ing occurrence proves that the regression analyses can provide more accurate results for occurrence and intensity. We 525 

provide equations to evaluate squeezing by the strength/stress ratio and the condition of rock mass (BQ). The results 526 

of the MLP NN approach on the same statistically-processed database are also consistent with the regression func-527 

tions.  528 

One of the fundamental characteristics of regression models is providing a unique predicting equation for each 529 

class of the dependent parameter in contrast to the empirical approaches, which usually present a universal equation. 530 

The results of the nominal regression link are more accurate than all ordinal functions: for the Cauchit ordinal method, 531 

i.e., the most accurate ordinal equation, the accuracy is 3 % lower than the nominal function.     532 

It is a conventional assumption that volcanic rocks can be considered hard rocks (Malan, 1999). However, in some 533 

cases, e.g., in the database used in this study, volcanic rocks are highly-weathered and cannot be categorized as hard 534 

rock. 535 

The collected database includes approximately 60 and 30 % metamorphic and sedimentary rocks, respectively, 536 

with a maximum SSR value of 1.058 (105.8 %). The volcanic rocks in the database (10 %) cannot be considered hard 537 

rocks due to the low SSR and BQ values. Therefore, using the presented regression models to predict the squeezing 538 

of hard rocks can provide unreasonable results. 539 

The SSR-BQ charts, Figures 7 and 9, can be utilized to evaluate the possibility of erroneous prediction. For exam-540 

ple, for tectonic-based cases in Figure 9, the datasets with a high BQ value can result in overestimation. For severe 541 

squeezing cases (Figure 7c), most of the datasets with a BQ value higher than 80 are incorrectly predicted. In such a 542 

situation, it is necessary to consider the geological, tectonic, and geotechnical conditions and modify the designed 543 

support system at the production stage.           544 

For complementary studies of predicting squeezing at underground sites, we offer a few suggestions to increase 545 

the accuracy of the regression models: (1) inclusion of other predictors, especially if it is possible for a tectonic factor, 546 

as independent parameters. (2) Increasing the quality of the processed database using more processed datasets, espe-547 

cially for the very severe class. The final regression models can be improved by including more processed datasets in 548 

the database. (3) Developing new equations for squeezing cases of hard rocks at high depths. Similar to the previous 549 

methods based on empirical and artificial neural procedures, the collected database cannot cover the squeezing of 550 

hard rocks. The mere existence of such datasets is the main drawback of providing such a database.      551 

5. Conclusions 552 

Soft-squeezing rocks at underground sites can cause technical issues and financial burdens. This research aims 553 

to evaluate the occurrence and intensity of squeezing based on a set of statistical approaches. We utilize statistical 554 

analyses and regression functions to predict the squeezing of soft rocks and provide the following conclusions: 555 

• The statistical analyses detect BQ and SSR as significant predictors for squeezing in soft rocks. 556 
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• In contrast to some previous studies, overburden cannot be considered a reliable predictor for estimating squeez-557 

ing. 558 

• Although K and D can affect the intensity and occurrence of squeezing, the results confirm that these effects can 559 

result in a minor change. 560 

• In the case of the tectonic-based squeezing of soft rocks, while we incorporate no tectonic-based predictor, the 561 

database includes some datasets related to such a squeezing condition. However, the number of correctly-predicted 562 

cases is lower for the tectonic-based squeezing.    563 

• The results of regression models are proved more accurate compared to the previous well-known empirical ap-564 

proaches. 565 

• The higher the number of used datasets is, the more accurate the results of regression models will be (provided 566 

that the database is processed by proper statistical procedures).  567 

• The percentage of correctly- and over-estimated cases by the regression links is close to 80 % (in total). Therefore, 568 

designing a support system based on the presented regression functions can avoid squeezing problems. The BQ-569 

SSR charts can also help estimate possible erroneous predictions.  570 

• Considering the accuracy of the developed regression models to predict the validation database, i.e., the datasets 571 

unavailable in the fitting database, the presented methodology can be trusted to evaluate the squeezing condition 572 

of a new database. 573 
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