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Abstract. The present study aims to perform statistical analyses on rock mass class differences estimated during the 
investigation and encountered during excavation phases of various tunnel projects and to quantitatively evaluate these dif-
ferences. Using data obtained from 14 different highway tunnels constructed in Türkiye, the differences between the rock 
mass classes predicted during the investigation phase and the actual values encountered during excavation were analyzed 
with the parameter of Mean Percentage Absolute Difference (MPAD). The effects of the parameters introduced in the 
study, such as the drilling length ratio to tunnel length (LDn), total core recovery ratio (TCRn), rock quality designation 
ratio (RQDn) and uniaxial compressive strength test number ratio (UCSn), on these differences were investigated with 
regression and Random Forest algorithms. The results showed that TCRn and RQDn have a strong inverse relationship on 
MPAD, in other words, the rock mass class differences decrease with the increase of these parameters. In addition, it was 
determined that the drilling length and total core recovery values are of critical importance in reducing the uncertainties 
in the tunnel route. This study is expected to contribute to more accurate predictions and to reduce cost and time losses by 
providing a quantitative approach to minimize uncertainties in tunnel constructions during the excavation phase. 
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Introduction

One of the most iconic statements for rock envi-
ronments was published by Goodman (1995) with 
the words “when the materials are natural rock, the 
only thing known with certainty is that this material 
will never be known with certainty,” and although 
important scientific and technological advances oc-
curred, this statement still retains significant validity. 
According to Spross et al. (2020), rock engineering 
design must be viewed as decision-making under un-
certainty and they proposed a framework making the 

design process subject to general risk management 
principles, as risk is defined as “effect of uncertainties 
on objectives”. Benardos and Kaliampakos (2017) 
stated that as demand for the development of new 
underground structures, regardless of the ground con-
ditions, has increased, safety and risk considerations 
have become even more important. A framework pro-
posed by Miranda et al. (2009) is applied to the case 
of deformability modulus updating in a large under-
ground structure to quantify uncertainty, while Pan-
dit et al. (2019) employed a probabilistic approach to 
characterize rock mass using limited laboratory tests 
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and field data for the stability analysis of rock slopes 
and tunnels.

A tunnel is a linear engineering structure, and dur-
ing its excavation and construction, environments 
with different geological and geotechnical properties 
are encountered. Before excavation works, drillings 
are performed to determine the geological and geo-
technical properties of the tunnel route. In addition, 
surface investigation is combined with data obtained 
from drilling and geophysical measurements to pre-
dict the underground route properties. Using the data 
obtained from these investigations, the excavation 
method and the preliminary support system design 
are determined. In tunnel construction, construction 
time and costs are controlled by the excavation meth-
od and the support system. Therefore, the adequacy 
of the geological and geotechnical data of the tunnel 
route obtained during the investigation phase, in terms 
of quality and quantity, is of vital importance for a 
tunnel project. In some cases, tunnel routes can be 
hundreds of meters below the surface, and in moun-
tainous areas, accessing the tunnel route from the sur-
face may be impossible. This can significantly hinder 
surface drilling and geophysical studies. However, al-
though important advancements over the recent years 
in computer methods and artificial intelligence algo-
rithms for analyzing and synthesizing exploration and 
site investigation geological data for design purposes, 
which should have decreased project risk, unexpected 
failures and construction problems still occur (Carter, 
Barnett 2022). Carter and Barnett (2022) stated that 
part of this diminished appreciation of structural geo-
logical controls on rock mass behaviour are likely to 
be attributed to an inappropriate use of computational 
geostatistics, block modelling and geomechanics 
computer codes, without a significant structural geo-
logical input. Consequently, a significant structural 
geological input is the key for a realistic geological-
geotechnical model, and these inputs are obtained 
from sufficient drillings along tunnel runnel route.

Undoubtedly, the adequacy of the amount of data 
and the complexity of the geological environment 
directly affects the accuracy of these predictions. In 
other words, the more data there are and the more 
homogeneous the environment is, the more accurate 
the predictions become. However, the differences 
between the geological and geotechnical conditions 
that are often predicted and encountered during tun-
nel construction continue to be a problem. This prob-
lem generally arises from reasons such as incomplete 
geological and geotechnical investigations performed 
during the investigation phase while determining 
rock classes, the scarcity of drillings, incomplete and 
incorrect definitions carried out during the prepara-
tion of drilling logs, and the lack of in-situ or labora-
tory tests. Such deficiencies are carried out during the 

investigation phase and result in problems during the 
excavation phase. The T1 tunnel in the Ankara–Izmir 
High-Speed Railway project of Turkiye is the fast-
est construction among the tunnel boring machines 
tunnels with a diameter of 13 m and larger, and Kara-
han and Gokceoglu (2025) emphasized that the most 
important factor in this success is the accurate deter-
mination of geological and geotechnical conditions 
and taking the necessary precautions in advance. On 
the other hand, although it is the same size as the T1 
tunnel, the tunnel boring machine in the T26 tunnel, 
which is part of the Ankara–Istanbul High-Speed 
Railway project, got stuck and lost its function, as 
a result of which the tunnel construction period was 
considerably extended. Gokceoglu et al. (2022) ex-
plained the main reasons for this failure as unexpected 
geological-geotechnical conditions and therefore the 
selection of an inappropriate tunnel boring machine. 
Seo et al. (2018) examined on the factors affecting 
the performance of tunnel boring machine in hard 
rock, and they stated that subjectivity in geological 
mapping is a substantial risk factor in the evaluation 
of the fracturing factor. The fracturing factor has a 
great effect on the estimation of net penetration rates 
used to estimate excavation times and costs for tunnel 
projects excavated with tunnel boring machines (Seo 
et al. 2018). In addition, Isaksson and Stille (2005) 
stated that numerous decisions have to be made re-
garding tender price and budget in the planning stage 
of tunnelling projects, and many studies presented 
that the predicted costs and time schedules are often 
exceeded in practice. However, a reliable geological 
model often allows providing an effective design and 
facing the construction phase without unpleasant sur-
prises in tunnel projects (Perello 2011), and Perello 
(2011) stated that a geological model can be consid-
ered reliable when it is a valid support to correctly 
foresee the rock mass behaviour, therefore preventing 
unexpected events during the excavation. In Eurocode 
7, reliability-based and the observational methods are 
suggested by Eurocode 7 for managing uncertainty 
in tunnel design. Reliability-based methods account 
for uncertainty by acknowledging the random varia-
tion of the input parameters while the observational 
method does this by verifying the expected behaviour 
from an initial design during the course of construc-
tion (Bjureland et al. 2017). A guidance described by 
Eurocode 7 is not given on the selection of suitable 
parameters for observation (Bjureland et al. 2017).

As stated in the literature given above, differences 
between the predicted and encountered rock classes 
along tunnel route cause unforeseen cost increases 
and increased construction time, and it is an impor-
tant research subject in tunnel engineering. Prevent-
ing such uncertainties and minimizing the differences 
between the predicted and encountered rock classes 
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are one of the important goals in terms of tunnel en-
gineering. In order to minimize this difference, the 
amount of investigation conducted and its assessment 
are important issues. The case studies presenting the 
tunnel failures in the literature is given in the subse-
quent section to show the importance of the study.

It is an important issue to reveal the reasons for 
this problem, which is frequently encountered both in 
scientific literature and in tunnel engineering practice 
and which ultimately causes a serious loss of con-
struction time and economic losses. Consequently, 
the purpose of the present study is to assess the dif-
ferences between the rock mass classes determined 
during investigation and excavation phases for tun-
nels. The results of the present study may help for 
decision-makers and engineers when determining the 
optimum amount of drilling, and may contribute to 
the tunnelling literature. In addition, the original data 
obtained from 14 different tunnel cases is presented 
in the study. For the purpose of the study, different 
tunnel data were used to describe the uncertainty, and 
the resulting differences were studied with statistical 
methods in terms of their relationships with various 
parameters introduced in this study. The obtained 
results were discussed, and it was revealed which 
parameters controlled the rock class differences be-
tween the investigation and construction stages.

PrevIous StudIes

In tunnel projects, inadequate work during the in-
vestigation phase and unforeseen geological condi-
tions during construction lead to both lost time and 
increased costs, negatively impacting project efficien-
cy. Numerous studies exist in the literature address-
ing the problems encountered in tunnels due to un-
foreseen geological conditions. Some of these studies 
offer methodologies for minimizing unforeseen geo-
logical conditions and uncertainty in tunnels, while 
others address the problems encountered. Examples 
from these studies are discussed in detail below.

Fookes (1997) developed a method and flow dia-
gram by presenting suggestions on the model encoun-
tered with the predicted geological model under the 
title of geology for engineers. Boyd et al. (2020) in-
vestigated the estimation of rock classes encountered 
before and during excavation for the Caldecott Tun-
nel using geostatistical methods and presented assess-
ments on the sources of the differences. Dong et al. 
(2015) proposed a procedure for a 3D geotechnical 
model in order to reduce geological and geotechni-
cal uncertainties especially under low overburden in 
urban tunnels in Aachen, Germany. Ertharter et al. 
(2023) proposed a ground model with Building In-
formation Modelling (BIM) in the Angath Tunnel 
in Austria. It was stated that the development of the 

BIM ground model was necessary and had great ben-
efits. Fang et al. (2024) investigated the uncertainties 
in tunnel risk estimation with seismic data. For this 
purpose, Fang et al. (2024) developed an innovative 
workflow and studied the geological changes in the 
advancement direction of the TBM with continuous 
seismic data. Fellin et al. (2010) presented suggestions 
for the stability and analysis of tunnel face stability of 
tunnels excavated in weak grounds with low overbur-
den thickness, using laboratory tests and a finite ele-
ment model. Fortsakis et al. (2012) investigated the 
anisotropic rock behaviour in tunnels excavated in 
bedded rock mass and concluded that this behaviour 
was within a wide range. Gangrade et al. (2022) in-
vestigated the void risk and grouting volume encoun-
tered during tunnel construction with a probabilistic 
approach. Gangrade et al.  (2022) stated that there 
was a possibility of encountering voids especially in 
tunnels excavated in karstic units and estimated the 
injection amount to fill the voids with a probabilistic 
approach. Hack et al. (2006) performed a study on the 
development of a three-dimensional model for engi-
neering geology. Hao et al. (2016, 2018) conducted 
risk assessment of water flow in karstic tunnels with 
uncertainty analysis. Li et al. (2021) investigated the 
unexpected conditions and uncertainties in rock tun-
nel engineering in their study. Madsen et al. (2022) 
developed a new probabilistic approach for 3D geo-
logical modelling, called geology-driven modelling 
(GDM). Mahmoodzadeh et al. (2021, 2022) studied 
to estimate tunnel geology, construction time and 
cost using machine learning methods. In these stud-
ies, Mahmoodzadeh et al. (2021 and 2022) used 
Gaussian Process Regression (GPR), Support Vector 
Regression (SVR), and Decision Tree (DT) methods 
and found that the GPR method provided the highest 
performance. Panthi and Nilsen (2007) investigated 
the squeezing mechanism in tunnels constructed in 
the Himalayas in Nepal, using uncertainty analysis 
and stated that the most important and difficult part of 
the squeezing mechanism is the determination of the 
strength of the rock mass. Sarma et al. (2022) studied 
to determine the locations of possible collapses in the 
tunnel using Tunnel Boring Machine (TBM) param-
eters and Rock Mass Rating (RMR) values with the 
help of Machine Learning (ML) model. Despite some 
deficiencies, Sarma et al. (2022) suggested that the 
ML model could be used in ongoing tunnel projects. 
Xiong et al. (2018) studied a 3D multi-scale geology 
model for risk assessment in tunnel engineering.

Merrie (2009) presented a case from the Singapore 
Circle Line project, noting that a sinkhole occurred in 
a tunnel with complex geology and that during the ex-
cavation phase a sinkhole was encountered in a sec-
tion identified as granite by drilling. Therefore, Mer-
rie (2009) emphasized the importance of a geological 
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interpretation process and an accurate geotechnical 
model during the investigation phase for tunnel safe-
ty. Li et al. (2010) emphasized that understanding the 
geology of a tunnel before boring is highly advanta-
geous for the safety and efficiency of tunnel construc-
tion. The Qiyueshan Tunnel, located on the Hurongxi 
Highway in China, was constructed in an area with 
widespread karst formations (Li  et al. 2010). The 
rocks surrounding the tunnel consist of highly solu-
ble microcrystalline limestone, and the presence of 
underground rivers and karst caves increases the risk 
of water inrush during tunnel construction. This geo-
logical situation made it difficult to predict hazards 
such as karst caves and groundwater intrusion. Dur-
ing construction, especially during the rainy season, 
water intrusions occurred in the left side wall of the 
tunnel, causing a 500-meter section of the tunnel to 
be submerged (Li et al. 2010). 

Alija et al. (2014) discuss the partial collapse of 
the Ampurdán Tunnel in Spain. The tunnel passes 
through a weak and weather-sensitive geological unit, 
the Ampurdán claystone formation. This unit is char-
acterized by low strength and high deformation prop-
erties. While geotechnical investigations conducted 
prior to the project generally predicted the geotechni-
cal properties, unexpected changes occurred during 
tunnel excavation (Alija et al. 2014). In particular, 
the rapid weathering of the claystone material due 
to post-excavation weathering and water infiltration 
led to the partial collapse of the tunnel (Alija et al. 
2014). The Ceneri Base tunnel constructed between 
Bellinzona and Lugano as part of Switzerland’s Alp-
Transit Gotthard AG project emphasized the tunnel’s 
complex geological conditions caused by unpredict-
able faults (Thum, De Paoli 2015). These unforeseen 
conditions controlled to stability issues during tunnel 
excavation, particularly wedge blocks falling from 
the roof and side walls (Thum, De Paoli 2015). 

Ye et al. (2015) reported deformations of up to 
0.8 meters around the tunnel during construction 
in Shanghai, China, in the Shanghai clays. Ye et 
al. (2015) determined that these deformations were 
much larger than expected due to the false applica-
tion of the backfill grouting, TBM operational issues, 
and frictional effects between the ground and the ma-
chine during tunnel construction. Huang et al. (2016) 
presented that severe deformations occurred during 
the construction of a metro line constructed using a 
TBM in the Shanghai clays of China due to extreme 
surface loading (surcharge). These included openings 
at the joints of tunnel segments, failures of segment-
connecting bolts, concrete cracks, and water leaks. 
These deformations resulted in the tunnel losing its 
water-proofing function and compromising its struc-
tural integrity (Huang et al. 2016). 

Since the Kop Tunnel, located on the Erzurum- 

Bayburt- Gümüşhane road in Türkiye, is located at 
the intersection of the Eastern Anatolian and North-
ern Anatolian fault zones, certain problems such as 
excessive overbreakings, water and gas intrusions 
along the tunnel line during construction had an ad-
verse impact on both the excavation work and the 
completion time of the work (Coruh et al. 2017). Liu 
et al. (2020) reported that serious structural problems 
arose during the construction of a subway line in the 
Shanghai clays in China due to ground settlements 
and leaks. In particular, differential settlement oc-
curred between tunnel segments and displacement at 
the circumferential joints. This resulted in cracking 
and spalling of the concrete lining. The main cause 
of the problem was identified as water and soil loss in 
the subgrade. These losses reduced the reaction pres-
sure beneath the tunnel and caused the tunnel to settle 
(Liu et al. 2020). The tunnels constructed in South 
Korea under complex geological conditions and the 
effects of natural hazards such as extreme rainfall, 
floods, and strong winds encountered adverse impacts 
such as collapses, landslides, and floods during tun-
nel construction (Yum et al. 2020). However, strong 
winds and heavy rainfall, particularly those caused 
by typhoons, caused significant financial losses dur-
ing construction. These problems led to unexpected 
cost increases and lost time in construction projects 
(Yum et al. 2020).

Aygar and Gokceoglu (2020) presented that a 
fault defined as a crushed zone and a low-strength and 
plastic clay unit in the Öceli Tunnel, constructed as 
part of the Ordu Ring Road Project in northern Türki-
ye, absorbed water from the surrounding lithological 
units, causing swelling and the loss of strength. This 
led to severe deformations and a collapse during tun-
nel excavation, displacing 160 m³ of material. In ad-
dition, Aygar and Gokceoglu (2021) highlighted the 
significant challenges faced by the Geminbeli Tun-
nel, located between Zara and Suşehri in Türkiye, in 
terms of stability at the tunnel portal in a region with 
high seismicity due to its proximity to the North Ana-
tolian Fault Zone. During construction, failure in the 
portal area led to deformations and collapses within 
the tunnel, severely impacting its stability (Aygar, 
Gokceoglu 2021). The T3 Tunnel, which was built 
in 1933 with interlocking stone masonry lining, on 
the Malatya-Narlı Conventional Railway Route was 
intersected by the surface rupture during the 6 Febru-
ary 2023 Pazarcık Earthquake (Mw 7.7), and a part 
of the tunnel was damaged completely (Karahan et 
al. 2025).

Hong et al. (2021) presented that during excava-
tion of the SV Tunnel on the Dongzhi Plateau in Chi-
na, water infiltration and reduced soil strength caused 
unexpected deformations and two sudden collapses in 
a geological unit known for its high water content and 
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low strength, called a soft-plastic loess layer. This re-
sulted in structural problems such as block falls, de-
formations of steel supports, and water accumulation 
on the tunnel surface (Hong et al. 2021).

Yu and Mooney (2023), in their study on the Seat-
tle Northgate Link Extension project, noted that due 
to a limited number of boreholes, data was limited, 
particularly at the beginning of the excavation, nega-
tively impacting model performance. They also pre-
sented that the predicted ground condition could be 
completely different during excavation with a TBM. 
However, Yu, Mooney (2023) also emphasised that 
the SSL (Semi-supervised learning) model they pro-
posed, given the limited borehole data, provided a 
more effective measure for determining the ground 
condition during tunnel construction. Yousuf et al. 
(2025) described the tunnel constructed in the geo-
logically complex and challenging Himalayan region. 
The tunnel, which was excavated using the New Aus-
trian Tunnelling Method (NATM), was constructed 
in a young and tectonically active region. The young 
and tectonically active structure of the region, along 
with fractured rock masses, shear zones, high lo-
cal stresses, and frequent seismic activity, caused 
groundwater intrusion, unexpected collapses, and 
sudden rockbursts (Yousuf et al. 2025).

As studies indicate, problems encountered dur-
ing tunnel construction due to discrepancies between 
geological-geotechnical predictions during the inves-
tigation phase and actual conditions during the con-
struction phase are common problems worldwide. 
While studies on minimizing these discrepancies and 
the presented methodology are widespread in the lit-
erature, solid and quantitative studies on these dis-
crepancies are lacking. Therefore, a quantitative ap-
proach based on the rock class differences during the 
investigation and construction phases, the subject of 
this study, and the quantitative identification of the 
variables that influence these differences may con-
tribute to addressing a common and significant prob-
lem worldwide.

MaterIals and Methods

Tunnels employed

The first stage of any tunnel project is determin-
ing the optimum tunnel route. Determining the op-
timum route includes important parameters such as 
selecting the most suitable excavation direction, the 
shortest route, the best slope, diggability, and the 
best suitability for existing transportation facilities, 
etc. Project engineers decide on the optimum tun-
nel route by considering these issues. After the tun-
nel route is decided, more detailed field investigation 
studies such as the location of the portals, length of 

tunnel, and geological conditions are carried out and 
evaluated in terms of construction cost, construction 
period, as well as construction and operating condi-
tions. After this stage, detailed field studies are car-
ried out to obtain the engineering geology map of 
the tunnel route and the geotechnical properties of 
the rock masses. For this purpose, as many boreholes 
as possible are performed in the field to enable the 
modelling of the tunnel body and portals, and geo-
physical research is carried out. In order to obtain 
the necessary rock mass parameters, samples of the 
lithological units on the tunnel route are taken and 
laboratory studies are carried out. The horizontal and 
vertical transition of the units with each other along 
the tunnel route, the effects of discontinuities such as 
faults, shear zones, contacts, etc., and the effect of 
water content are the primary effective features in the 
design of the tunnel. However, high seismicity and 
in-situ stresses also directly affect the design. The 6 
February 2023 earthquake in Türkiye provided im-
portant information about the seismic performance of 
tunnels (Karahan et al. 2025; Apostolaki et al. 2025). 
Therefore, the impact of earthquakes and active faults 
on tunnels requires careful consideration. In the last 
step of the data collection phase, all the data collected 
are brought together to create the geological and geo-
technical model of the selected tunnel route, and the 
geological-geotechnical model of the route is created. 
Using this model, numerical analyses are used to es-
timate the displacements after tunnel excavation and 
the necessary supports are determined. Thus, the tun-
nel project is completed. However, uncertainty plays 
a critical role in geotechnical design projects (Lang-
ford, Diederichs 2015).

In Türkiye, highway tunnels are generally exca-
vated in accordance with the principles of the New 
Austrian Tunnelling Method (NATM). During the 
construction phase, the geological condition of the 
tunnel excavation face is evaluated at each progress 
step and recorded with face records. This situation 
enables a comparison between the predicted condi-
tions in the design stage and the actual conditions en-
countered during tunnel excavation.

In this study, data obtained from the investigation 
and construction phases of 14 different tunnels were 
used (Fig. 1). All of the tunnels are double-tube tun-
nels constructed using NATM. 

Yuksekova T-1 Tunnel

The Yuksekova T-1 Tunnel is approximately 4 km 
long, The T-1 tunnel is located in Hakkari province 
in the south-east of Türkiye (Fig. 1). Three drillings 
were performed in the investigation phase of the T-1 
tunnel, the lengths of which were 201 m, 212 m, and 
100 m. 21 uniaxial compressive strength tests were 
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carried out on the core specimens obtained from these 
drillings. The Yuksekova Complex consisting of ser-
pentinite, granite and limestone units is seen along the 
tunnel route, Fig. 2(a). The T-1 tunnel was excavat-
ed within the geological units called the Yuksekova 
Complex. Due to the complex geological properties 
of Türkiye, several difficulties have been encoun-
tered when constructing tunnels in Türkiye (Komu et 
al. 2020; Can et al. 2022; Gokceoglu et al. 2022).

Boztepe Tunnel

The Boztepe Tunnel, with the left tube 653 m 
long and right tube 727 m long, is located in Trabzon 
province in north-eastern Türkiye (Fig. 1). During the 
investigation phase of Boztepe Tunnel, two drillings 
were carried out with lengths of 92 m and 118 m. Six 
uniaxial compressive strength tests were applied on 
the specimens taken from these drillings. According 
to the cross-section presented in Fig. 2(b), the Boz-
tepe Tunnel was excavated in brown-grey, slightly-
moderately weathered, weak-medium strong basalt 
units.

Bahcecik Tunnel

The left tube of the Bahcecik Tunnel is 529 m, 
while its right tube is 540 m long. It is located in Tra-
bzon province in north-eastern Türkiye (Fig. 1). Dur-
ing the investigation phase of the Bahcecik Tunnel, 
eight drillings were performed with lengths of 115 m, 
66 m, 45 m, 45 m, 35 m, 45 m, 50 m, 45 m. A total of 
27 uniaxial compressive strength tests were applied 
on the specimens obtained from these drillings. Ac-
cording to the cross-section presented in Fig. 2(c), 

the Bahçecik Tunnel was excavated in gray, slightly 
weathered, moderately strong agglomerate with an-
desite intrusions in places.

Golcayir Tunnel

The length of the left tube of the Golcayir Tunnel 
is 444 m, while that of the right tube is 491 m. It is 
located in Trabzon province in north-eastern Türkiye 
(Fig. 1). During the investigation phase of the Gol-
cayir Tunnel, a total of 6 drillings with the lengths 
of 35, 55, 60, 75, 60, and 36 m were performed and 
a total of 19 uniaxial compressive strength tests were 
applied on the specimens taken from these drillings. 
According to the cross-section given in Fig. 2(d), it 
was excavated within the dark-colored, moderately 
weathered, weak-medium strength, pyroclastic rocks 
consisting of volcanic breccia, sandstone, claystone, 
siltstone, tuff and tuffite alternations belonging to the 
Kabakoy Formation.

T-4-B Tunnel

The left tube of the T-4-B Tunnel is 1227 m, while 
its right tube is 1216.5 m long. It is located in Zongul-
dak province in north-western Türkiye (Fig. 1). In the 
investigation stage of the T-4-B Tunnel, two drillings 
with the lengths of 155 and 75 m were performed. A 
total of 11 uniaxial compressive strength tests were 
applied on the specimens obtained from the drillings. 
According to the longitudinal cross-section presented 
in Fig. 2(e), it was excavated in the volcaniclastic 
gray, slightly-moderately weathered, medium-strong 
sandstone, claystone, siltstone alternation belonging 
to the Gökçetepe Formation.

Fig. 1 Location map of the tunnels employed in the study



87

Fig. 2 Longitudinal cross-section of tunnels: Yuksekova T-1 Tunnel (a), Boztepe Tunnel (b), Bahcecik Tunnel (c), Gol-
cayir Tunnel (d), T-4-B Tunnel (e), Cukurcayir-1 Tunnel (f), Gumushane Ring Road T-1 Tunnel (g), Hasancelebi Tunnel 
(h), Karakisik-1 Tunnel (i), Karakisik-2 Tunnel (j), Sile-Agva T-4 Tunnel (k), Sile-Agva T-5 Tunnel (l), Sile-Agva T-6 
Tunnel (m), Sile-Agva T-7 Tunnel (n)
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Fig. 2 (continuation) Longitudinal cross-section of tunnels: Yuksekova T-1 Tunnel (a), Boztepe Tunnel (b), Bahcecik 
Tunnel (c), Golcayir Tunnel (d), T-4-B Tunnel (e), Cukurcayir-1 Tunnel (f), Gumushane Ring Road T-1 Tunnel (g), Ha-
sancelebi Tunnel (h), Karakisik-1 Tunnel (i), Karakisik-2 Tunnel (j), Sile-Agva T-4 Tunnel (k), Sile-Agva T-5 Tunnel (l), 
Sile-Agva T-6 Tunnel (m), Sile-Agva T-7 Tunnel (n)
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Cukurcayir-1 Tunnel

The left tube of the Cukurcayir-1 Tunnel is 378 m 
long, whereas the right tube is 320 m long. It is located 
in Trabzon province in north-eastern Türkiye (Fig. 1). 
During the investigation phase of the Cukurcayir-1 
Tunnel, a total of 6 drillings with the lengths of 35, 
52, 58, 50, 50 and 45 m were performed and a total of 
21 uniaxial compressive strength tests were applied 
on the specimens taken from these drillings. Accord-
ing to the cross-section given in Fig. 2(f), the excava-
tion was carried out within the yellowish-brown to 
reddish-brown clay, sandy silty clay, and clay/gravel 
units of the Kabaköy Formation (Tek) encountered 
at the surface, which are underlain by an alternation 
of gravelly clayey sand, very weak strength, weakly 
cemented sandstone, claystone, and tuff.

Gumushane Ring Road T-1 Tunnel

The length of the left tube of the Gumushane Ring 
Road T-1 Tunnel is 1710 m, while that of the right tube 
is 1655 m. It is located in Gumushane province in north-
eastern Türkiye (Fig. 1). During the investigation phase 
of the T-1 Tunnel, a total of 6 drillings with the lengths 

of 20, 19, 31, 63, 58 and 18 m were performed and a 
total of 15 uniaxial compressive strength tests were ap-
plied on the specimens taken from these drillings. Ac-
cording to the cross-section given in Fig. 2(g), the ex-
cavation was carried out within the highly weathered, 
fragmented, and intensely jointed weak limestones of 
the Çatak Formation; the gray-brown, medium-strength 
slope debris consisting of limestone-originated sand, 
gravel, and blocks; and the greenish-brown, moderately 
to highly weathered, weak to medium-strength volcanic 
breccia with weak basaltic cement and dacitic units be-
longing to the Kızılkaya Formation.

Hasancelebi Tunnel

The length of the left tube of the Hasancelebi Tun-
nel is 232 m, while that of the right tube is 360 m. It is 
located in Malatya province in south-eastern Türkiye 
(Fig. 1). During the investigation phase of the Ha-
sancelebi Tunnel, a total of 7 drillings with the lengths 
of 34, 48, 52, 47, 30, 55 and 81 m were performed and 
a total of 56 uniaxial compressive strength tests were 
applied on the specimens taken from these drillings. 
According to the cross-section given in Fig. 2(h), it 
was excavated within the Hasancelebi Volcanics, 

Fig. 2 (continuation) Longitudinal cross-section of tunnels: Yuksekova T-1 Tunnel (a), Boztepe Tunnel (b), Bahcecik 
Tunnel (c), Golcayir Tunnel (d), T-4-B Tunnel (e), Cukurcayir-1 Tunnel (f), Gumushane Ring Road T-1 Tunnel (g), Ha-
sancelebi Tunnel (h), Karakisik-1 Tunnel (i), Karakisik-2 Tunnel (j), Sile-Agva T-4 Tunnel (k), Sile-Agva T-5 Tunnel (l), 
Sile-Agva T-6 Tunnel (m), Sile-Agva T-7 Tunnel (n)
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generally represented by andesitic and trachytic vol-
canic rocks with andesitic tuff intercalations, display-
ing variable colours from light green/blue to brown, 
porphyritic to glassy textures, and consisting mainly 
of trachyandesitic lavas and pyroclastic rocks such as 
agglomerate, breccia, lapilli tuff, and tuff with locally 
weak to very weak strength near the tunnel portals.

Karakisik-1 Tunnel

The length of the left tube of the Karakisik-1 Tun-
nel is 297 m, while the right tube length is 288 m. It 
is located in Malatya province in south-eastern Türkiye 
(Fig. 1). During the investigation phase of the Karak-
isik-1 Tunnel, a total of 6 drillings with the lengths of 
36, 60, 44, 45, 64 and 46 m were performed and a total 
of 42 uniaxial compressive strength tests were applied 
on the specimens taken from these drillings. According 
to the cross-section given in Fig. 2(i), it was excavated 
within two main units: the Hocalıkova Ophiolite, repre-
sented by predominantly green-coloured ultramafic and 
mafic rocks such as serpentinized harzburgite, pyroxen-
ite, gabbro, and associated units, and the Hasancelebi 
Volcanics, composed mainly of trachyandesitic lavas 
and pyroclastic rocks such as agglomerate, breccia, 
lapilli tuff, and tuff, generally gray to light green in col-
our, with variable thickness and locally heterogeneous 
engineering properties along the tunnel alignment.

Karakisik-2 Tunnel

The length of the left tube of the Karakisik-2 Tun-
nel is 263 m, while that of the right tube is 302 m. It is 
located in Malatya province in south-eastern Türkiye 
(Fig. 1). During the investigation phase of Karakisik-2 
Tunnel, a total of 6 drillings with the lengths of 34, 
44, 66, 33, 47 and 58 m were performed and a total 
of 68 uniaxial compressive strength tests were applied 
on the specimens taken from these drillings. Accord-
ing to the cross-section given in Fig. 2(j), it was ex-
cavated within the Hasancelebi Volcanics, generally 
represented by andesitic and trachytic volcanic rocks 
with andesitic tuff interlayers, displaying colours from 
light green/blue to brown and exhibiting porphyritic to 
glassy textures and consisting mainly of trachyandes-
itic lavas and pyroclastic rocks such as agglomerate, 
breccia, lapilli tuff, and tuff, together with locally inter-
bedded andesitic blocks that form the dominant rock 
mass especially around the portal sections.

Sile-Agva T-4 Tunnel

The Sile-Agva T-4 Tunnel has two tubes and each 
of these is 267 meters long. It is located in Istanbul 
province in north-western Türkiye (Fig. 1). During 
the investigation phase of the Sile-Agva T-4 Tun-

nel, a total of 3 drillings with lengths of 32, 55, 32 m 
were performed and a total of 3 uniaxial compressive 
strength tests were applied on the specimens taken 
from these drillings. According to the cross-section 
given in Fig. 2(k), it was excavated within the Riva 
Formation, mainly composed of andesitic-basaltic an-
desitic volcanic-derived sand, gravel and block-sized 
chaotic material including porphyritic agglomerate, 
andesitic tuff, volcanic breccia and lava, where at the 
tunnel portals highly weathered, disturbed tuffaceous 
units overlie very weak–weak, fractured and jointed 
andesite layers characterized by low rock quality.

Sile-Agva T-5 Tunnel

The length of the left tube of the Sile-Agva T-5Tun-
nel is 794 m, while that of the right tube is 802 m. It is 
located in Istanbul province in north-western Türkiye 
(Fig. 1). During the investigation phase of the Sile-Ag-
va T-5 Tunnel, a total of 5 drillings with the lengths of 
27, 55, 60, 60 and 30 m were performed and a total of 
2 uniaxial compressive strength tests were applied on 
the specimens taken from these drillings. According to 
the cross-section given in Fig. 2(l), it was excavated 
within the Riva Formation, which consists of chaotic 
volcanic-derived materials including sand, gravel, and 
blocks, as well as porphyritic agglomerate, andesitic 
tuff, volcanic breccia, and lavas; the excavation en-
countered highly weathered and disturbed tuffaceous 
units at the surface, underlain by fractured, jointed, and 
very weak to weak andesite rock units.

Sile-Agva T-6 Tunnel

The length of the left tube of the Sile-Agva T-6Tun-
nel is 428 m, while that of the right tube is 464 m. It 
is located in Istanbul province in north-western Türkiye 
(Fig. 1). During the investigation phase of the Sile-Agva 
T-6 Tunnel, a total of total 4 drillings with the lengths 
of 40, 68, 82 and 60 m were performed and a total of 
5 uniaxial compressive strength tests were applied on 
the specimens taken from these drillings. According to 
the cross-section given in Fig. 2(m), it was excavated 
within the Riva Formation, consisting of chaotic volcan-
ic-derived sand, gravel, and blocks, including porphy-
ritic agglomerate, andesitic tuff, volcanic breccia, and 
lavas, where highly weathered tuffaceous units overlie 
fractured, jointed, and very weak to weak andesite rock 
units; the excavation also intersected the Çelebi Forma-
tion, which is characterized by an alternation of siltstone, 
clayey limestone, sandstone, and marl.

Sile-Agva T-7 Tunnel

The Sile-Agva T-7 Tunnel has two tubes, both are 
540 meters long. It is located in Istanbul province in 
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north-western Türkiye (Fig. 1). During the investiga-
tion phase of the Sile-Agva T-7 Tunnel, a total of 4 
drillings with the lengths of 40, 75, 70 and 40 m were 
performed and a total of 16 uniaxial compressive 
strength tests were applied on the specimens taken 
from these drillings. According to the cross-section 
given in Fig. 2(n), it was excavated within the Celebi 
Formation, consisting predominantly of interbedded 
fractured siltstone and claystone with marl interlay-
ers, locally including dirty white micritic limestones 
and marls with sandy and silty lenses, representing a 
lacustrine depositional environment.

StatIstIcal analyses

Statistical analyses play a crucial role in assessing 
the impact of geological and geotechnical uncertain-
ties encountered during tunnel design and construc-
tion and in minimizing these uncertainties. The statis-
tical analyses conducted in this study quantitatively 
demonstrate the differences between data obtained 
during the investigation phase and the actual condi-
tions encountered during excavation, allowing us to 
identify the parameters that influence these uncertain-
ties. Consequently, the statistical analyses performed 
within the scope of this study were conducted by 
evaluating the differences between the predictions 
obtained from the studies performed during the in-
vestigation phase of fourteen different tunnels and 
the actual rock conditions encountered during the 
construction phase. 

Table 1 shows the names and lengths of the drill-
ings performed in 14 tunnels considered in the study, 
the number of uniaxial compressive strength (UCS) 
tests performed on the core samples taken from the 
drillings, and the arithmetic average of the RQD and 
TCR values obtained from the drillings. While ex-
plicit structural geology metrics such as fault density 
or anisotropy indices were not independently meas-
ured, their influence is implicitly integrated into the 
RQD and TCR values. In rock mechanics, RQD is a 
direct function of discontinuity frequency and orien-
tation, effectively serving as a proxy for the structural 
integrity of the rock mass. Similarly, TCR reflects the 
overall recovery quality, which is heavily influenced 
by lithological transitions and shear zones. By utiliz-
ing these standardized characteristics parameters, the 

study ensures that the predictive models remain ap-
plicable to conventional tunnel projects where spe-
cialized structural entropy metrics may not be avail-
able, while still accounting for the cumulative effect 
of geological complexities on prediction uncertainty. 
Table 2 shows the values of the dependent and inde-
pendent variables used in the statistical analyses. It 
should be noted that the RQDn and TCRn variables 
are the proportional expression of the average RQD 
and TCR values per tunnel unit length. Accordingly, 
LDn is the ratio of the total length of the boreholes 
to the tunnel length, while TCRn, RQDn, and UCSn 
represent the spatial frequency of data acquisition. 
This normalization was implemented to establish a 
standardized metric for Investigation Information 
Density (IID), ensuring that the predictors reflect the 
sampling frequency relative to the project scale rather 
than absolute quantities.

Accordingly:
•	 LDn is the ratio of the total length of the bore-

holes along the tunnel line to the tunnel length. 
Therefore, LDn is the ratio of the borehole 
length per unit tunnel length.

•	 TCRn is the ratio of the arithmetic mean of the 
total core yield (TCR) values obtained from 
boreholes drilled along the tunnel to the tunnel 
length.

•	 RQDn is the ratio of the arithmetic mean of 
the rock quality designation (RQD) values ob-
tained from boreholes drilled along the tunnel 
to the tunnel length.

•	 UCSn is the ratio of the number of uniaxial 
compressive strength tests performed on core 
samples obtained from boreholes drilled along 
the tunnel to the tunnel length.

It is important to distinguish between the physical 
rock mass properties (RQD, TCR) and the normal-
ized indices (RQDn, TCRn) used in this predictive 
framework. While RQD is a dimensionless percent-
age representing rock quality, RQDn can be defined 
as a Spatial Representativeness Index. The division 
by tunnel length (L) serves to weight the observed 
rock quality by the investigation’s spatial extent. 
Physically, this can be interpreted as the integrated 
quality-information density along the tunnel axis. 
This normalization is necessary to prevent ‘informa-
tion inflation’ in longer tunnels and to ensure that the 

Table 1 The resulting bootstrap-based uncertainty bounds for MPAD summary statistics
Metric Estimate 95% Bootstrap CI
Mean MPAD (%) 16.82 [10.34, 23.77]
Median MPAD (%) 9.00 [5.14, 15.62]
Proportion of sections with MPAD < 10% 0.536 [0.357, 0.750]
Standard deviation of MPAD (%) 19.03 –
IQR (Q1–Q3) of MPAD (%) 15.68 (3.51–19.19) –
Min–Max MPAD (%) 0.17–73.05 –



92

statistical model evaluates the reliability of the in-
vestigation phase based on how comprehensively the 
rock mass was characterized relative to the total exca-
vation volume. The normalization of investigation pa-
rameters (LDn, TCRn, RQDn, and UCSn) by tunnel 
length was implemented to establish a standardized 
metric for Investigation Information Density (IID). In 
geotechnical practice, the reliability of a geological 
model is directly proportional to the sampling fre-
quency relative to the project dimensions. Since the 
tunnels in this study vary significantly in length, using 
absolute values would introduce a scale-dependent 
bias. Normalization ensures that the predictors reflect 
the spatial frequency of data acquisition, allowing the 
statistical models to evaluate the impact of investi-
gation intensity on MPAD across different project 
scales. This approach treats each tunnel unit length as 
a standardized sampling domain consistent with the 
principles of Representative Sample Volume (RSV) 
and statistical sampling theory in rock mechanics.

The mean absolute percentage difference (MPAD), 

Table 2 Data obtained in the tunnels
Name of Tunnel LDn* (ratio) TCRn* (ratio) RQDn* (ratio) UCSn* (ratio) MPAD* (%)

Yuksekova T-1
Left tube 0.13 1.92 0.94 0.005 73.05
Right tube 0.13 1.93 0.94 0.005 38.95

Bahcecik
Left tube 0.58 16.62 9.40 0.025 17.74
Right tube 0.26 16.23 9.09 0.026 15.62

Boztepe
Left tube 0.14 15.14 10.44 0.005 6.47
Right tube 0.16 13.54 12.34 0.004 6.68

T-4-B
Left tube 0.19 6.76 5.60 0.009 9.48
Right tube 0.19 6.82 5.65 0.009 8.23

Golcayir-1
Left tube 0.60 17.79 10.90 0.034 2.31
Right tube 0.46 17.31 10.97 0.032 0.17

Cukurcayir-1
Left tube 0.54 7.53 2.03 0.05 15.38
Right tube 0.27 9.14 2.58 0.01 15.38

GCY T-1
Left tube 0.07 4.00 1.00 0.004 45.95
Right tube 0.09 4.00 2.00 0.005 46.69

Hasancelebi
Left tube 0.91 40.10 72.00 0.160 5.03
Right tube 0.78 26.27 54.00 0.121 1.74

Karakisik-1
Left tube 0.48 34.60 15.00 0.08 8.52
Right tube 0.52 28.88 13.00 0.07 10.24

Karakisik-2
Left tube 0.31 37.26 20.00 0.11 5.25
Right tube 0.54 33.05 20.00 0.13 3.81

SA-T-4
Left tube 0.45 31.00 7.00 0.011 23.53
Right tube 0.45 31.00 7.00 0.011 15.69

SA-T-5
Left tube 0.29 9.70 1.10 0.003 1.63
Right tube 0.29 9.60 1.10 0.003 1.63

SA-T-6
Left tube 0.42 17.00 10.00 0.030 0.85
Right tube 0.42 17.00 10.00 0.030 2.61

SA-T-7
Left tube 0.59 21.24 2.98 0.012 56.77
Right tube 0.54 19.59 2.75 0.011 31.51

*LDn: The ratio of drilling length to tunnel length, TCRn: The ratio of the arithmetic mean of the TCR (total core recovery) values to 
tunnel length, RQDn: The ratio of the arithmetic mean of the RQD (rock quality designation) values to tunnel length, UCSn: The ratio 
of the arithmetic mean of the number of UCS (uniaxial compressive strength) test to tunnel length, MPAD: Mean percent absolute 
difference.

Table 3 MPAD sample calculation for Yuksekova T-1 
Tunnel

No
RMR

Difference, %
Investigation Construction

1 37 39 5.13
2 37 39 5.13
3 45 39 –15.4
4 45 42 –7.14
5 45 42 –7.14
6 45 42 –7.14
7 45 42 –7.14

191 41 39 –5.13
192 41 39 –5.13
193 41 39 –5.13
194 41 15 –173.33
195 41 15 –173.33
196 48 15 –220
197 48 15 –220
198 45 15 –200
199 45 39 –15.39

Mean Percent Absolute Difference, MPAD, % 73.05
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used as the dependent variable in statistical analy-
ses, is the absolute arithmetic mean of the percent-
age change between the estimated RMR (rock mass 
rating) scores during the investigation phase and the 
calculated RMR score differences encountered at the 
tunnel face during the construction phase. For each 
tunnel, the RMR values, calculated based on the 
geological conditions encountered at the tunnel face 
during the construction phase and predicted during 
the investigation phase, were calculated at 20-meter 
intervals. For example, for the Yuksekova T-1 Tun-
nel, when the RMR values from the investigation and 
construction phases were compared at 20-meter inter-
vals, approximately 200 absolute percentage differ-
ence values were obtained for each tunnel tube. The 
arithmetic average of these values was then calculated 
for the right and left tubes of each tunnel (Table 3). 
This calculation was also performed at 20-meter in-
tervals for the other tunnels. This 20-meter interval 
was specifically selected to balance the resolution of 
excavation face mapping with the spatial frequency 
of investigation boreholes, thereby ensuring statisti-
cal stability while filtering out localized geological 
noise that could otherwise distort the MPAD calcu-
lations. Therefore, a precise difference analysis was 
performed for each tunnel, increasing the number and 
precision of data. 

To account for the inherent variability in rock 
mass conditions and to provide a measure of statis-
tical reliability, 95% Confidence Intervals (CI) were 
calculated for the MPAD values using a non-para-
metric Bootstrap resampling procedure (1.000 itera-
tions). This uncertainty quantification ensures that the 
reported discrepancies are not merely point estimates 
but reflect the range of variability encountered along 
the tunnel route. By providing confidence bounds, the 
study allows for a more nuanced comparison between 
tunnels, where overlapping intervals indicate statisti-
cally similar investigation-phase performance, while 
non-overlapping intervals highlight significant differ-
ences in prediction accuracy. The resulting bootstrap-
based uncertainty bounds for MPAD summary statis-
tics are reported in Table 1.

The primary objective of the statistical analysis 
was to determine whether the discrepancy between 
investigation phase predictions and excavation phase 
determinations (MPAD) can be systematically ex-
plained by investigation intensity and rock mass qual-
ity indicators, or whether such discrepancies occur 
randomly. To address this, a structured multi-stage 
statistical framework was implemented, progressing 
from diagnostic testing to parsimonious modelling, 
regularization, non-linear ensemble learning, and sig-
nificance validation. 

Model selection was conducted using a multi-
criteria approach to ensure both statistical parsimony 

and predictive reliability. For linear and regularized 
regression models (OLS and Elastic Net), Akaike In-
formation Criterion (AIC) and Bayesian Information 
Criterion (BIC) were utilized to identify the optimal 
balance between model fit and complexity, effective-
ly penalizing the inclusion of non-significant predic-
tors. For the ensemble-based Random Forest model, 
predictive performance was assessed using Nested 
Cross-Validation, focusing on Root Mean Square 
Error (RMSE) and Mean Absolute Error (MAE) as 
primary indicators of generalization capability. This 
comprehensive evaluation framework ensures that 
the selected models are not merely optimized for the 
training data (R2) but are robust tools for predicting 
MPAD in independent tunnel projects.

It should be emphasized that the comparison of 
multiple functional forms (linear, regularized linear, 
and ensemble-based models) does not represent par-
allel hypothesis testing. Instead, it constitutes a pre-
dictive model selection process. Linear models were 
evaluated using information-theoretic criteria (AIC 
and BIC), which penalize excessive complexity, 
while non-linear models were assessed using Nested 
Cross-Validation to obtain unbiased generalization 
error estimates. These procedures mitigate the risk of 
overfitting and reduce the likelihood of spurious mod-
el superiority arising from multiple comparisons.

Residual diagnostics were conducted for the OLS 
models to assess compliance with classical regres-
sion assumptions. Residual-versus-fitted plots did 
not indicate systematic heteroscedastic patterns. The 
Breusch–Pagan test yielded non-significant results 
(p > 0.05), suggesting homoscedastic variance. The 
Shapiro-Wilk test indicated mild deviations from 
strict normality, which is common in small-sample 
geotechnical datasets. Given that the primary focus 
of this study is predictive performance rather than 
parameter inference and considering that regularized 
and ensemble-based models were also employed, mi-
nor deviations from normality are not expected to ma-
terially affect the study conclusions.

Prior to model development, multicollinearity 
among the independent variables was assessed us-
ing the Variance Inflation Factor (VIF). All pre-
dictors yielded VIF values below 5.0 (LDn = 2.36, 
TCRn = 2.64, RQDn = 3.65, UCSn = 4.59), indicat-
ing the absence of severe multicollinearity. Neverthe-
less, the relatively high pairwise correlation between 
RQDn and UCSn (r = 0.839) was noted. To mitigate 
the potential influence of this correlation on coef-
ficient stability, Elastic Net regularization was em-
ployed as the primary predictive model, as it simul-
taneously performs variable selection and coefficient 
shrinkage, providing robust estimates under moderate 
multicollinearity conditions.

In this study, geological heterogeneity is reflected 
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by the spatial variance of the RMR scores encountered 
during the excavation phase. Tunnels characterized 
by high MPAD values typically exhibited frequent 
and high-magnitude fluctuations in rock mass classes 
at 20-meter intervals, indicating complex structural 
conditions and lithological variations. This spatial 
variations in rock mass quality represents the inher-
ent heterogeneity that challenges investigation-phase 
predictions. By analyzing the discrepancy (MPAD) 
across these high-variance sections, the study implic-
itly accounts for geological complexity, as higher 
variance in encountered RMR scores directly corre-
lates with increased prediction uncertainty.

It should be noted that the tunnels included in this 
study encompass a variety of geological settings and 
lithological units. The proposed statistical framework 
does not assume that these tunnels are geologically 
comparable in terms of their absolute rock mass 
properties. Instead, it focuses on the comparabil-
ity of investigation-phase performance. By utilizing 
normalized indices (LDn, TCRn, RQDn, and UCSn), 
the study evaluates how the intensity and quality 
of data acquisition influence the reliability of RMR 
predictions across diverse geological environments. 
This approach treats the investigation process as a 
standardized engineering activity, where the goal is 
to minimize the discrepancy (MPAD) between pre-
dicted and encountered conditions, regardless of the 
inherent lithological differences. This generalization 
is essential for developing a broadly applicable un-
certainty quantification tool for tunnel projects.

Within the scope of this study, a multi-layered sta-
tistical evaluation framework was implemented to en-
sure the reliability and scientific validity of the find-
ings derived from the dataset (n = 28). Initially, data 
diagnostics were performed using Pearson correlation 
matrices and Variance Inflation Factor (VIF) analy-
sis to detect potential multicollinearity issues among 
the geological predictors (LDn, TCRn, RQDn, and 
UCSn). Given the constraints of the sample size and 
the inherent correlations between rock mass param-
eters, the regularized regression via the Elastic Net al-
gorithm was employed to prevent overfitting through 
simultaneous L1 and L2 penalization. To identify 
the most parsimonious and interpretable model, an 
exhaustive “Best Subset Selection” was conducted 
based on the Akaike Information Criterion (AIC) and 
Bayesian Information Criterion (BIC). Furthermore, 
to capture potential non-linear relationships, a Ran-
dom Forest (RF) machine learning model was devel-
oped. To mitigate bias in performance estimation for 
the small dataset, the RF model was validated using a 
Nested Cross-Validation (Nested-CV) approach and 
Leave-One-Out Cross-Validation (LOOCV). Finally, 
the engineering relevance of the proposed Mean Per-
cent Absolute Difference (MPAD) metric was evalu-

ated to justify its application in tunnel investigation 
and excavation phases.

Data diagnostics and multicollinearity analysis

Before constructing multi-input models, diagnos-
tic analyses were conducted to evaluate the statisti-
cal behaviour of the independent variables. Pearson 
correlation coefficients were calculated to assess pair-
wise linear relationships among LDn, TCRn, RQDn, 
and UCSn. In addition, Variance Inflation Factor 
(VIF) analysis was performed to quantify the degree 
of multicollinearity.

The purpose of this step was to determine whether 
interdependencies among investigation parameters 
could destabilize regression coefficients, particularly 
given the limited sample size (n = 28). The correlation 
matrix indicated a relatively high correlation between 
RQDn and UCSn (r = 0.84). However, VIF values re-
mained below the commonly accepted critical thresh-
old of 5 (LDn = 2.36; TCRn = 2.64; RQDn = 3.65; 
UCSn = 4.59), indicating that severe multicollinear-
ity was not present (Fig. 3). Although the predictors 
were statistically admissible, the observed inter-cor-
relations justified the subsequent use of regularized 
regression techniques to enhance model robustness.

Regularized regression: Elastic Net

Considering the moderate inter-correlations 
among predictors and a relatively small dataset, Elas-
tic Net regression was employed. Elastic Net com-
bines L1 (Lasso) and L2 (Ridge) regularization, pe-
nalizing large coefficients and reducing overfitting 
while maintaining predictive stability (Table 4).

Hyperparameters (α and L1_ratio) were optimized 
using Leave-One-Out Cross-Validation (LOOCV), 
which is particularly suitable for small datasets as it 
maximizes training data usage in each iteration.
The optimal model parameters were determined as:

α = 1.84
L1_ratio = 0.10

The low l1_ratio indicates that the model behav-
iour was closer to Ridge regression, suggesting that 
coefficient shrinkage rather than variable elimination 
was more appropriate for this dataset.

All standardized coefficients exhibited negative 
signs, indicating that increasing investigation inten-
sity per unit tunnel length reduces MPAD. Among 
the predictors, TCRn showed the strongest influence 
(−1.70), followed by UCSn (−1.42), RQDn (−1.41), 
and LDn (−1.10).

Observed versus predicted MPAD values for the 
Elastic Net model (n = 28) are given in Fig. 4. Al-
though the explanatory power is moderate, the model 
demonstrates consistent directional behavior and im-
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proved stability compared to ordinary least squares 
under correlated predictors (Fig. 4).

Parsimonious model selection using information 
criteria (AIC/BIC)

To address concerns related to over-parameteri-
zation in small datasets, an exhaustive Best Subset 
Selection procedure was conducted. Model combina-
tions were compared using Akaike Information Crite-
rion (AIC) and Bayesian Information Criterion (BIC), 
which penalize model complexity while rewarding 
explanatory power. This analysis was performed to 
identify the most parsimonious model that adequately 

Fig. 3 Multicollinearity diagnostics for the investigation indicators (n = 28). The Variance Inflation Factor (VIF) values 
for all predictors remain below the moderate threshold of 5, indicating that the model coefficients are statistically stable 
and not severely distorted by inter-variable correlations

Table 4 Performance and parameters of the Elastic Net 
model

Parameter/ Metric Value
Optimal Alpha (Penalty Strength) 1.84
Optimal L1 Ratio (Mixing) 0.10 (Ridge-dominant)
RMSE (Root Mean Squared Error) 17.19
MAE (Mean Absolute Error) 13.00
R2 (Overall Fit) 0.155

Table 5 Comparison of candidate OLS models based on 
information criteria
Model Structure AIC BIC ∆AIC Status
MPAD ≈ TCRn 242.64 245.31 0.00 Best Model
MPAD ≈ RQDn 243.12 245.78 0.48 Competitive
MPAD ≈ TCRn + LDn 244.41 248.41 1.77 Less Efficient

Full Model (All 4) 247.77 254.43 5.13 Over-param-
eterized

∆AIC > 2 indicates significantly less support for the model com-
pared to the best model.

Fig. 4 Observed versus predicted MPAD values for the 
Elastic Net model (n = 28)

explains MPAD without unnecessary predictors.
The results showed that the single-variable mod-

el including only TCRn produced the lowest AIC 
(242.64) and BIC values, outperforming multi-varia-
ble alternatives. The regression coefficient for TCRn 
was statistically significant (p ≈ 0.04), indicating that 
TCRn alone provides the most efficient explanation 
of MPAD variability within the dataset (Table  5). 
The predictive performance and the alignment of 
this parsimonious OLS model with the observed data 
are illustrated in Fig. 5. The full four-variable model 
showed higher AIC and BIC values, confirming that 
additional predictors do not improve model efficiency 
under the current sample size. This finding highlights 
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ing (e.g., tree depth, number of estimators) via Grid 
Search, and an outer loop (5-fold CV) for unbiased 
performance estimation on unseen data. Additionally, 
the Out-of-Bag (OOB) score was reported as an in-
ternal validation mechanism, providing a robust esti-
mate of the model’s generalization capability without 
the need for a separate test set.

The Random Forest model demonstrated superior 
predictive performance compared to linear models, 
achieving a LOOCV R2of 0.60 and an OOB score of 
0.55 (Fig. 6). The consistency between the internal 
(OOB) and external (LOOCV) validation scores con-
firms that the model has successfully captured a sta-
ble signal rather than overfitting to the training data as 
can be seen from Fig. 7. These results indicate that the 
relationship between rock mass quality and investiga-
tion-excavation discrepancy is inherently non-linear, 
requiring ensemble-based modelling to achieve high 
predictive accuracy.

Feature importance analysis and predictor 
hierarchy

To identify the relative contribution of each geo-
logical and investigation-related parameter to the 
prediction of MPAD, a Feature Importance analysis 
was conducted based on the Random Forest model. 
This analysis utilizes the ‘Gini Importance’ or ‘Mean 
Decrease in Impurity’ to rank the predictors. By 
quantifying the importance of each feature, we can 
determine which aspects of the tunnel investigation 
phase (e.g., drilling density vs. core quality) have the 
most significant impact on reducing the discrepancy 
between predicted and encountered rock mass condi-
tions.

Fig. 5 Performance of the parsimonious OLS model using 
TCRn as the sole predictor (n = 28)

Fig. 6 Performance of the Random Forest model (n = 28)

TCRn as the most influential and statistically robust 
investigation parameter in explaining discrepancies 
between investigation and construction phases.

Non-linear modelling via Random Forest and 
Nested Cross-Validation

Given the limited generalization performance of 
linear and regularized models, a non-linear ensemble 
approach was considered necessary to capture poten-
tial interaction effects and threshold-like behaviours 
among geological predictors. To capture potential 
non-linear interactions between geological param-
eters and MPAD, a Random Forest (RF) regressor 
was employed. To ensure methodological validity for 
the expanded dataset (n = 28) and prevent overfitting, 
a Nested Cross-Validation (Nested CV) framework 
was implemented (Fig. 6). This approach consists of 
an inner loop (3-fold CV) for hyperparameter tun-

Fig. 7 Comparison of generalization performance across 
models using Leave-One-Out Cross-Validation (LOOCV) 
R2 scores. The Random Forest model significantly outper-
forms linear baselines (OLS and Elastic Net), capturing 
approximately 60% of the variance in investigation-exca-
vation discrepancies, whereas linear models are limited to 
approximately 15%
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The feature importance analysis revealed that 
RQDn (≈ 31%), TCRn (≈ 30%), and LDn (≈ 29%) 
contribute almost equally to MPAD prediction, while 
UCSn (≈ 10%) plays a comparatively minor role 
(Fig. 8). These results suggest that for the investigat-
ed tunnels, the overall quality of the drilling process 
and the spatial coverage of the investigation are more 
decisive in accurate rock mass classification than in-
dividual laboratory strength tests.

Statistical significance via permutation testing

Permutation testing was conducted after final 
model decision to ensure that the reported cross-val-
idated performance was not the result of optimistic 
bias introduced during hyperparameter tuning. In this 
procedure, the target labels (MPAD values) were ran-
domly shuffled while keeping the predictor variables 
(LDn, TCRn, RQDn, UCSn) constant, and the model 
was retrained in each iteration. This process gener-

ates a null distribution of performance metrics (e.g., 
R2) that would be expected by chance alone. The em-
pirical p-value was then calculated by comparing the 
original model’s performance against this null dis-
tribution. A low p-value indicates that the observed 
predictive power is highly unlikely to have occurred 
by random chance.
The permutation test yielded a significant p-value of 
0.002 (Table 6), demonstrating that the Random For-
est model’s predictive performance is not an artifact 
of random association or overfitting. While the mod-
els trained on shuffled data failed to show any pre-
dictive power (mean R2 = −0.44), the original model 
consistently and significantly outperformed the null 
distribution (Fig. 9). This result provides strong sta-
tistical evidence that the identified relationships be-
tween investigation-phase parameters (LDn, TCRn, 
RQDn, UCSn) and MPAD are unique and reflect a 
representative underlying signal in the geotechnical 
dataset, confirming the model’s ability to generalize 
beyond the training samples even within a specialized 
engineering context.

The LOOCV-based error comparison is given 
in Fig. 10. The Random Forest model substantially 
reduces both RMSE and MAE relative to the lin-
ear baselines, confirming that the gain observed in 
LOOCV R2 is also reflected in lower absolute predic-
tion errors. Under LOOCV, the Random Forest mod-
el achieves an RMSE of 11.28 and an MAE of 7.49, 
whereas OLS (TCRn) and Elastic Net yield higher 

Fig. 8 Relative importance of investigation indicators de-
rived from the validated Random Forest model (n = 28). 
RQDn, TCRn, and LDn collectively account for approxi-
mately 90% of the predictive contribution, while UCSn 
plays a comparatively minor role in explaining investiga-
tion-excavation discrepancies

Fig. 9 R2 and RMSE distributions of permutation test

Table 6 Statistical significance results from the Permuta-
tion Test (n = 28; 500 iterations)

Metric Original Model 
Value

Permutation 
Mean (Chance) p- value

R2 Score 0.64 -0.44 0.002
RMSE 11.28 22.32 0.002

*p < 0.01 indicates that the model`s performance is statistically 
significant.
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error levels (RMSE ≈ 18.5–19.3, MAE ≈ 14.4–14.9). 
This pattern indicates clearly improved generalization 
performance for the Random Forest model compared 
to the linear alternatives.

Engineering interpretation and interaction 
analysis via 2D-PDP

While the previous sections establish the statisti-
cal validity and significance of the Random Forest 
model, this section explores the practical engineering 
implications of the identified relationships. To visu-
alize how the investigation-phase indicators (TCRn, 
RQDn, and LDn) interact to influence the prediction-
excavation discrepancy (MPAD), two-dimensional 
Partial Dependence Plots (2D-PDP) were produced 
(Fig. 11). These plots provide a ‘geotechnical deci-
sion map’ for investigation planning by illustrating 
the predicted MPAD levels across varying combina-
tions of predictors and highlighting the 10% preci-
sion threshold. It should be emphasized that partial 
dependence plots describe model-based marginal 
effects rather than direct causal relationships. Nev-
ertheless, they provide a consistent and interpretable 
approximation of how MPAD responds to simulta-
neous variations in investigation parameters, offering 
a quantitative basis for optimizing site investigation 
intensity within the observed data range.

The interaction between core recovery quality 
(TCRn) and rock mass quality (RQDn) is illustrated 
in Fig. 11 (left). The white dashed contour line rep-
resents the target MPAD level of 10%, which serves 
as a critical precision threshold for geotechnical data 
need for a reliable tunnel design. The analysis reveals 
a pronounced non-linear sensitivity: in poorer rock 
masses (lower RQDn), the model is highly sensi-
tive to core recovery, requiring a significantly higher 
TCRn (typically > 15.0) to maintain the 10% dis-
crepancy level. Conversely, in more competent rock 
masses, the requirement for TCRn is slightly relaxed, 
although high core recovery remains a primary driver 

for minimizing predictive uncertainty. The 2D-PDP 
analysis (Fig. 11, right) identifies a clear performance 
plateau for the predictive model regarding investiga-
tion intensity. A critical threshold of 10% MPAD is 
established as a benchmark for robust geotechnical 
characterization. To maintain this precision level, the 
interaction between core recovery and drilling den-
sity suggests that a TCRn > 12.5 combined with an 
LDn > 0.35 is required. These surfaces confirm that 
geological uncertainty is not a function of a single pa-
rameter but emerges from the interplay between the 
inherent rock mass complexity and the quality of the 
investigation process. By utilizing these interaction 
maps (Fig. 11), tunnel engineers can quantitatively 
determine the necessary investigation intensity and 
data quality required to stay within acceptable dis-
crepancy limits for specific geological settings. This 
transformation of MPAD from a descriptive metric 
into a prescriptive design tool allows for more objec-
tive decision-making in site investigation planning.

DIscussIon

The core outcome of this study is that the discrep-
ancy between investigation-phase predictions and 
excavation-phase observations, expressed by MPAD, 
is systematically related to the Investigation Informa-
tion Density (IID) indicators (LDn, TCRn, RQDn, 
UCSn). The results support the risk-based view of 
rock engineering as decision-making under uncer-
tainty (Spross et al. 2020) and the growing empha-
sis on safety/risk in underground projects (Benardos, 
Kaliampakos 2017). Within the dataset constructed 
in the study, increasing investigation intensity and 
quality are associated with lower MPAD, i.e., more 
reliable anticipation of excavation conditions. This 
aligns with the argument that a geological model is 
“reliable” only if it helps foresee rock mass behaviour 
and prevents unpleasant surprises during excavation 
(Perello 2011). Importantly, the study also responds 
to a practical gap noted for Eurocode 7 applications: 
although reliability-based and observational methods 
are recommended, explicit guidance on which param-
eters should be observed is not provided (Bjureland et 
al. 2017). 

MPAD is a continuous, transparent metric that 
summarizes investigation–construction mismatch; 
however, its engineering meaning is context-depend-
ent because not every RMR deviation leads to the 
same consequence. In practice, mismatches that push 
conditions across rock mass class boundaries can 
force immediate revisions in excavation sequence and 
support classes–exactly the kind of mechanism that 
contributes to cost and schedule overruns frequently 
observed in tunneling projects (Isaksson, Stille 2005). 
The manuscript’s broader context and case literature 

Fig. 10 Comparison of prediction errors across models un-
der Leave-One-Out Cross-Validation (LOOCV) 
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emphasize how prediction errors and incomplete ge-
ological interpretation can translate into severe con-
struction problems (e.g., Merrie 2009; Li et al. 2010; 
Thum, De Paoli 2015; Huang et al. 2016; Liu et al. 
2020; Yum et al. 2020; Hong et al. 2021). In Türkiye-
specific experience, the paper notes both a “success” 
narrative attributed to accurate pre-characterization 
and precautions (Karahan, Gokceoglu 2025) and 
a “failure” narrative where unexpected conditions 
contributed to major TBM problems (Gokceoglu et 
al. 2022). Therefore, while MPAD does not explic-
itly separate within-class errors from class-crossing 
errors, reducing MPAD should, statistically and op-
erationally, reduce the likelihood of disruptive class 
transitions and the downstream need for redesign.

The study uses the absolute percentage differ-
ence, so optimistic and conservative errors contribute 
equally to MPAD. From a construction risk view-
point, optimistic errors can be more critical because 
they may lead to under-designed support; the case lit-
erature summarized in the manuscript illustrates how 
unexpected deterioration mechanisms and groundwa-
ter effects can trigger damage or collapse even when 
investigations exist (e.g., Alija  et al. 2014; Aygar, 
Gokceoglu 2020). Nevertheless, for the paper’s ob-
jective, absolute deviation is appropriate because it 
prevents positive and negative errors from cancelling 
out. This design choice is consistent with the manu-
script’s uncertainty-quantification emphasis (Miran-
da et al. 2009; Pandit et al. 2019) and its framing of 
uncertainty as an unavoidable feature to be managed 
rather than eliminated (Spross et al. 2020).

Even without converting MPAD into direct eco-
nomical values, the results carry clear planning impli-
cations. The dataset shows a right-skewed uncertain-

ty profile (mean MPAD 16.82%, median 9.00%, and 
53.6% of sections achieving MPAD  < 10%, with boot-
strap CIs reported in Table 1), implying that a subset 
of tunnel sections can exhibit disproportionately high 
mismatch and hence disproportionately high risk of 
construction disruption. The most striking example in 
Table 2 is the Yüksekova T‑1 section, where MPAD 
reaches 73.05% (left tube) under comparatively low 
LDn (~ 0.13) and very low TCRn (~ 1.92) and RQDn 
(~ 0.94), consistent with the study’s emphasis that 
complex geology plus limited investigation increases 
uncertainty. Methodologically, the study argues that 
structural geology controls are essential and that in-
sufficient drilling along the alignment undermines 
model realism (Carter, Barnett 2022). This supports 
the practical interpretation that investing in investiga-
tion quality/coverage is not merely “more data,” but 
specifically improves the structural-geological input 
needed for a credible model. The 2D partial depend-
ence “decision maps” (Fig. 11) convert this into pre-
scriptive guidance: to maintain a commonly useful 
precision target of MPAD ≈ 10%, the model indicates 
a combined threshold around TCRn > 12.5 with LDn 
> 0.35, and, in poorer rock masses (lower RQDn), an 
even stronger sensitivity to core recovery is implied. 
This is consistent with the wider literature considered 
in the study that aims to reduce uncertainty through 
better modelling and data integration (Fookes 1997; 
Boyd et al. 2020; Dong et al. 2015; Ertharter et al. 
2023; Fang et al. 2024; Madsen et al. 2022).

A key methodological finding is that the relation-
ship between IID indicators and MPAD is partly 
non-linear. Linear baselines (parsimonious OLS 
and Elastic Net) showed limited explanatory pow-
er (LOOCV R2 ≈ 0.155–0.157), whereas the Ran-

Fig. 11 2D Partial Dependence Plots (2D-PDP) showing the interaction effects of investigation indicators on MPAD. The 
white dashed contour lines represent the critical engineering threshold of MPAD = 10% 
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dom Forest substantially improved generalization 
(LOOCV R2 ≈ 0.601, OOB ≈ 0.55) and passed a per-
mutation significance test (p = 0.002). This supports 
the manuscript’s claim that interaction effects and 
threshold-like behaviour matter in practice, which 
is why ensemble learning provides better predic-
tive utility for MPAD. In the RF feature hierarchy, 
RQDn, TCRn, and LDn collectively contribute 90% 
of importance, while UCSn is comparatively small 
(10%). Within the paper’s framing, this implies that 
drilling coverage and core recovery/quality dominate 
uncertainty reduction more than increasing the fre-
quency of UCS testing alone, consistent with the idea 
that limited borehole data can fundamentally impair 
ground-condition prediction (Yu, Mooney 2023). 
Finally, the study’s multicollinearity diagnostics 
(VIF < 5) and the use of regularization (Elastic Net) 
strengthen confidence that these conclusions reflect a 
stable signal in the dataset rather than an artifact of 
correlated predictors.

ConclusIons

The conclusions obtained from the study can be 
drawn as follows:

(a) The present study quantifies the discrepancy 
between rock mass classifications predicted during 
the tunnel investigation phase and those determined 
from lithological units encountered at the excava-
tion face during construction. This discrepancy is ex-
pressed using the Mean Percent Absolute Difference 
(MPAD).

(b) The dataset contains 28 tunnel sections (left/
right tubes) from 14 tunnels, enabling a robust statis-
tical evaluation of how investigation-phase intensity 
and quality indicators influence MPAD. The predic-
tors considered were the normalized investigation in-
dicators LDn, TCRn, RQDn, and UCSn.

(c) A multi-layered and overfitting-aware statisti-
cal framework was implemented. First, potential mul-
ticollinearity among predictors was assessed (VIF 
values < 5 for all predictors), and then model struc-
tures were evaluated using both parsimonious linear 
baselines and regularized/non-linear models. Specifi-
cally, (i) parsimonious OLS models were selected us-
ing AIC/BIC, (ii) Elastic Net was applied to stabilize 
coefficients under correlated predictors, and (iii) Ran-
dom Forest was used as a complementary model to 
capture non-linear interactions. Model performance 
was evaluated using LOOCV/Nested CV to provide 
unbiased generalization estimates. The statistical ro-
bustness of the final model was confirmed via per-
mutation testing (p = 0.002), demonstrating that the 
observed predictive performance is highly unlikely to 
have occurred by chance.

(d) The comparative performance assessment 

shows that linear models (OLS and Elastic Net) pro-
vide limited explanatory power for MPAD, whereas 
the Random Forest model substantially improves 
predictive accuracy, achieving a LOOCV R² of 0.601 
and an RMSE of 11.28. This indicates that the rela-
tionship between investigation indicators and MPAD 
is partly non-linear, and therefore benefits from en-
semble-based modelling.

(e) Feature-importance results derived from the 
validated Random Forest model indicate that RQDn, 
TCRn, and LDn are the dominant contributors to 
MPAD prediction, while UCSn plays a comparative-
ly smaller role. This finding implies that improving 
drilling coverage (LDn) and core recovery/quality 
(TCRn) is more influential for reducing investigation–
construction discrepancy than increasing the number 
of UCS tests alone.

(f) Based on the interaction analysis using 2D-
PDP, the study provides quantitative investigation 
intensity thresholds for tunnel planning. To achieve 
a standard engineering precision of MPAD < 10%, 
a balanced investigation strategy is required, with a 
minimum drilling density of LDn > 0.35 and a core 
recovery quality of TCRn > 12.5. These thresholds 
serve as a practical benchmark for determining the 
minimum borehole density and investigation quality 
needed to control geological uncertainty in similar 
rock mass conditions.
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Abbreviations
LDn The ratio of drilling length to tunnel length
TCRn The ratio of the arithmetic mean of the TCR (total 

core recovery) values to tunnel length
RQDn The ratio of the arithmetic mean of the RQD (rock 

quality designation) values to tunnel length
UCSn The ratio of the arithmetic mean of the number of 

UCS (uniaxial compressive strength) test to tunnel 
length

MPAD Mean percent absolute difference
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