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Featured Application 

The developed LSBoost-based framework enables accurate TBM penetration prediction under 

limited geotechnical data, providing interpretable insights into key factors and supporting optimized 

design, parameter selection, and operational decision-making in tunneling projects. 

Abstract 

This study evaluated the predictive performance of Random Forest, Bagged Trees, Support Vector 

Machines (SVM), and Least Squares Boosting (LSBoost) for estimating Tunnel Boring Machine (TBM) 

penetration rate (ROP). While all models achieved acceptable accuracy, LSBoost outperformed the 

others, showing the highest correlation (R = 0.965) and coefficient of determination (R² = 0.909), along 

with the lowest RMSE and MAE. Its performance remained robust after Z-score normalization, 

highlighting its ability to capture nonlinear parameter interactions and generalize well on limited 

geotechnical datasets. Random Forest and Bagged Trees showed similar performance, with Bagged 

Trees only slightly improved by normalization. SVM performed less effectively, indicating limited 

capacity to model complex TBM penetration behavior. Feature importance and SHAP analyses 

identified discontinuity spacing (DPW) and uniaxial compressive strength (UCS) as the primary 

controlling factors, while brittleness index (BI) was more influential within the SVM model. 

Agreement between Jacobian-based derivative analyses and SHAP results confirmed both 

mathematical sensitivity and engineering interpretability. Overall, TBM penetration prediction is a 

multivariate and inherently nonlinear problem. LSBoost provides reliable and high-accuracy 

predictions even under data-constrained conditions. The combination of SHAP- and PDP-based 

feature importance analyses enhances interpretability, supporting engineering decision-making in 

TBM design and operation. These findings emphasize the applicability of machine learning 

approaches for accurate, interpretable, and robust TBM performance prediction. 

Keywords: Tunnel Boring Machine (TBM); Penetration Rate (ROP) Prediction; machine learning 

algorithms; Least Squares Boosting (LSBoost); feature importance analysis; SHAP and PDP 

interpretability; geotechnical data modeling 

1. Introduction

The effective management of time, cost, and operational risks in mechanized tunneling projects

largely depends on the accurate prediction of Tunnel Boring Machine (TBM) performance. In this 

context, reliable estimation of TBM penetration rate (ROP) constitutes a critical engineering challenge, 

as it directly influences excavation scheduling, operational strategy development, and the mitigation 

of geotechnical risks. Penetration rate is governed by rock mass characteristics, the spacing and 

orientation of discontinuities, and machine operational parameters. Owing to the complex 

interactions among these variables, TBM penetration behavior is inherently nonlinear. 

The earliest systematic investigations into TBM penetration prediction employed simple and 

multiple linear regression techniques to quantify the influence of rock mass parameters. For instance, 
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the studies by Yağiz [1] and Mansouri & Moomivand [2] demonstrated the applicability of 

regression-based approaches for estimating penetration rate as a function of rock mass properties. 

Both studies identified uniaxial compressive strength (UCS), Brazilian tensile strength (BTS), 

brittleness/hardness, discontinuity spacing, and discontinuity orientation as key determinants of 

TBM performance. 

Yağiz [1] conducted regression analyses based on field and laboratory measurements from the 

Queens Water Tunnel #3 Stage 2 (7.5 km, hard rock) and reported a strong correlation (r = 0.82). 

Similarly, Mansouri & Moomivand [2] analyzed data from the Karaj–Tehran Water Conveyance 

Tunnel (4.61 m diameter, 32 km length, schist and siltstone formations), evaluated the combined 

influence of five parameters, and proposed an empirical formulation for TBM penetration (r = 0.75). 

Despite differences in tunnel location, lithology, and site conditions, these studies confirmed that 

linear and multiple regression methods can provide reliable performance estimates and highlighted 

the critical role of rock mass parameters. Variations in data structure and correlation levels were 

primarily attributed to differences in geological and project-specific conditions. 

However, given the inherently nonlinear and complex relationships governing TBM 

performance, regression-based formulations alone are often insufficient to fully capture system 

behavior. Consequently, heuristic optimization algorithms have been increasingly adopted to 

improve predictive accuracy. For example, Yağiz and Karahan [3] developed a Particle Swarm 

Optimization (PSO)-based model aimed at minimizing discrepancies between measured and 

predicted ROP values. 

Subsequent research expanded methodological diversity through the application of Harmony 

Search (HS), Differential Evolution (DE), Grey Wolf Optimizer (GWO), and Firefly algorithms, 

demonstrating that TBM penetration rate is jointly controlled by machine-related and geological 

factors [4–6]. The difficulty of representing such complex interactions through single-parameter 

empirical equations, combined with the moderate accuracy of classical models (R² ≈ 0.70), has driven 

the transition toward advanced soft computing techniques. In recent years, Artificial Neural 

Networks (ANN) [7–11], Support Vector Machines (SVM) [12–16], fuzzy logic approaches [17–20], 

and hybrid soft computing frameworks [21–25] have been widely implemented, yielding 

substantially improved predictive performance. 

With the increasing availability of field data and advances in computational capabilities, 

machine learning (ML) methods have emerged as powerful tools for TBM performance prediction. 

Owing to their capacity to model multivariate and nonlinear relationships, ML-based approaches 

offer enhanced flexibility and accuracy in ROP estimation [25]. 

Numerous studies have successfully applied ML techniques to TBM penetration prediction. 

Ghorbani and Yagiz [26] implemented Gradient Boosting, XGBoost, LightGBM, AdaBoost, and 

CatBoost algorithms for ROP estimation, reporting particularly high accuracy for XGBoost and 

CatBoost models. Similarly, large cross-project datasets have been analyzed using Random Forest, 

bagging, and stacking ensemble approaches; SHAP analyses revealed that operational parameters 

such as torque and thrust exert a dominant influence on TBM penetration rate. 

Xu et al. [27] compared k-Nearest Neighbor (KNN), decision tree, and ANN models, noting that 

KNN may exhibit superior performance depending on dataset characteristics. Beyond ROP 

estimation, ML techniques have also been applied to predict TBM loads and associated risks. Kong 

et al. [28] demonstrated that a Random Forest model developed for thrust and torque prediction in 

EPB-type TBMs outperformed theoretical approaches under mixed ground conditions. Kim et al. [29] 

improved prediction accuracy of surface settlements in urban TBM tunneling by integrating Random 

Forest with data-driven feature selection. Likewise, Hou et al. [30] employed a Random Forest-based 

classifier to predict shield jamming risk under limited field data conditions, achieving superior 

generalization compared with SVM, KNN, and logistic regression models. 

Optimization-assisted ML frameworks have gained increasing prominence in TBM modeling. 

Yang, Liu, and Song [31] demonstrated that an Improved Sparrow Search Algorithm-optimized 

GBRT (ISSA-GBRT) model achieved superior ROP prediction performance. Zhou et al. [32] 
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emphasized the high accuracy of optimization-enhanced SVM models under hard rock conditions. 

Karahan and Alkaya [25] showed that Bayesian-optimized SVR and parametric/ML hybrid models 

improved both predictive accuracy and engineering interpretability in TBM penetration modeling. 

In a subsequent study [33], Karahan and Alkaya compared parametric and ML approaches using 

Jacobian-based analyses and Partial Dependence Plots (PDP) to quantify variable effects. While the 

interaction-based M6 model yielded the highest predictive accuracy, BI and UCS remained dominant 

factors, and the indirect contributions of DPW and BTS were more clearly elucidated. ML results 

were consistent with parametric findings, with the Generalized Additive Model (GAM) 

demonstrating the strongest overall performance. Both studies utilized 151 cross-sectional data 

points from the Queens Water Tunnel #3 Stage 2 dataset [1,3,4,25,33], collectively establishing a 

reliable and interpretable hybrid modeling framework for TBM ROP prediction. 

While previous studies have primarily been based on relatively large datasets, this study aims 

to fill a critical gap by focusing on reliable and stable TBM penetration predictions under limited 

geotechnical data conditions. For this purpose, a smaller dataset of 49 cross-sections—approximately 

one-third the size of the previously analyzed dataset—from the Karaj–Tehran Water Conveyance 

Tunnel [2] was employed. 

In addition to widely adopted methods such as Random Forest, Bagged Trees, and Support 

Vector Machines, this study comparatively evaluates the Least Squares Boosting (LSBoost) approach, 

which has not previously been applied to TBM penetration prediction. By sequentially emphasizing 

residual errors at each iteration, LSBoost incrementally strengthens weak learners and progressively 

enhances regression performance. Its ability to effectively model complex and nonlinear relationships 

renders it particularly suitable for small-sample datasets. Although the method has been reported to 

provide high accuracy and stability under limited data conditions, applications to TBM ROP 

prediction remain absent from the literature. Furthermore, systematic comparisons of advanced ML 

and ensemble techniques on limited field datasets such as Karaj–Tehran are scarce. 

Accordingly, this study fills a significant gap by systematically evaluating the performance of 

ensemble models—including LSBoost—on small-scale TBM datasets. The findings demonstrate that 

high accuracy, stability, and engineering interpretability can be achieved even under data-

constrained conditions. The proposed framework therefore offers a practical, reliable, and 

performance-oriented predictive approach for researchers and practitioners working with limited 

field data, contributing both scientifically and operationally to the advancement of TBM performance 

modeling. 

2. Materials and Methods 

2.1. Dataset Used in the Study 

The dataset used in this study is based on field and laboratory measurements collected by 

Mansouri and Moomivand from the Karaj–Tehran water conveyance tunnel project [2]. The dataset 

was obtained through a systematic sampling procedure and includes key parameters such as uniaxial 

compressive strength (UCS), Brazilian tensile strength (BTS), brittleness index (BI), discontinuity 

plane spacing (DPW), discontinuity orientation (α), and the Tunnel Boring Machine penetration rate 

(Rate of Penetration, ROP). 

Although this dataset has been relatively limited in its application within TBM performance 

prediction studies, it encompasses fundamental variables governing penetration behavior. The 

selected parameters represent both geotechnical characteristics (UCS, BTS, BI) and geometric 

discontinuity properties (DPW, α), which are widely recognized as critical factors influencing TBM 

performance. The integration of these parameters enables the development of reliable predictive 

models for estimating penetration rate. 

The variation of model input parameters and TBM penetration rate (ROP) along the tunnel 

alignment is illustrated in Figure 1, while the primary statistical characteristics of the dataset are 

summarized in Table 1. The data trends presented in Figure 1 indicate that the relationship between 
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input variables and ROP is highly complex, suggesting that penetration rate cannot be adequately 

represented by a simple functional relationship. This complexity highlights the necessity of advanced 

modelling techniques capable of capturing nonlinear interactions among influencing parameters. 

 

Figure 1. Variation of model variables and ROP values along the tunnel length. 

Table 1. Descriptive statistics of the variables used in the study. 

Row Min Max Mean Std 

BI 1.48 6.55 2.96 1.38 

UCS 101.07 130.59 119.94 7.72 

Alpha 2.23 83.19 35.40 23.59 

DPW 0.05 0.8 0.24 0.24 

BTS 1.81 18.2 9.55 3.48 

ROP 1.22 4.78 2.79 0.87 

2.2. Selection of Model Input Parameters 

In the development of prediction models, five primary input parameters influencing TBM 

performance were considered: brittleness index (BI), uniaxial compressive strength (UCS), 

discontinuity plane spacing (DPW), discontinuity orientation (α), and Brazilian tensile strength 

(BTS). The Tunnel Boring Machine penetration rate (Rate of Penetration, ROP) was selected as the 

model output variable. The relationships between input variables and ROP, as well as the correlations 

among model parameters, are illustrated in Figure 2 using a correlation matrix. 

As shown in Figure 2, the strongest positive correlation with ROP is observed for UCS (r = 0.450), 

indicating that rock compressive strength plays a dominant role in controlling penetration rate. The 

brittleness index (BI) demonstrates a moderate positive relationship with ROP (r = 0.339), suggesting 

that rock fracture characteristics contribute to TBM cutting efficiency. In contrast, discontinuity plane 

spacing (DPW) exhibits a moderate negative correlation with ROP (r = –0.364), implying that wider 

discontinuity spacing may reduce rock mass breakability and consequently decrease penetration 

efficiency. 
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Discontinuity orientation (α) and Brazilian tensile strength (BTS) display relatively weak 

correlations with ROP (r = –0.044 and r = 0.055, respectively). However, despite their limited 

individual linear correlations, these parameters were retained in the modelling framework because 

TBM penetration rate is governed by complex and multivariate interactions. Previous studies have 

demonstrated that parameters with low pairwise correlation may still contribute significantly to 

predictive performance when nonlinear modelling approaches are employed. 

Overall, UCS appears to be the most influential parameter controlling penetration rate, while 

DPW and BI provide additional explanatory capability and improve model robustness. 

 

Figure 2. The correlation relationship between ROP and model parameters. 

2.3. Machine Learning Methods Used in the Study 

After determining the influence of input parameters, both widely used and relatively 

underexplored machine learning techniques were evaluated for predicting TBM penetration rate 

(ROP). In this context, three commonly applied machine learning methods—Random Forest (RF), 

Bagged Trees, and Support Vector Machines (SVM)—were implemented together with the Least 

Squares Boosting (LSBoost) algorithm, which is applied to TBM penetration rate prediction for the 

first time in this study. 

2.3.1. Random Forest (RF) 

Random Forest is an ensemble learning method that constructs multiple decision trees using 

bootstrap sampling and produces predictions by averaging the outputs of individual trees [34,35]. RF 

is capable of capturing nonlinear relationships within datasets and improving generalization 

performance. 

The basic prediction formulation is expressed as: 

𝑦̂ =
1

𝑇
∑ ℎ𝑡
𝑇
𝑡=1 (𝑥)                         (1) 

where ℎ𝑡(𝑥)represents the prediction of the 𝑡-th decision tree and 𝑇denotes the total number of 

trees. 

2.3.2. Bagged Trees (BT) 

The Bagged Trees method involves generating multiple decision trees through bootstrap 

sampling and averaging their predictions to produce the final output [36]. This approach reduces the 
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risk of overfitting and enhances model stability. The prediction formulation is similar to that of 

Random Forest and can be expressed as: 

𝑦̂𝑏𝑎𝑔 =
1

𝐵
∑ ℎ𝑏

∗𝐵

𝑏=1
(𝑥)           

 (2) 

where ℎ𝑏
∗ (𝑥)represents each bootstrap-trained tree and 𝐵denotes the total number of trees. 

2.3.3. Support Vector Machines (SVM) 

Support Vector Machines are widely recognized for their strong performance, particularly in 

small- to medium-sized datasets, and are frequently employed in ROP prediction to identify linear 

or nonlinear decision boundaries [37]. The SVM regression model is defined through the following 

optimization problem: 

min⁡
𝑤,𝑏,𝜉

1

2
∥ 𝑤 ∥2+ 𝐶∑ 𝜉𝑖

𝑛
𝑖=1           (3a) 

subject to: 

𝑦𝑖(𝑤
𝑇𝜙(𝑥𝑖) + 𝑏) ≥ 1 − 𝜉𝑖, 𝜉𝑖 ≥ 0         (3b)  

 

where 𝑤represents the weight vector, 𝑏is the bias term, 𝜉𝑖denotes slack variables accounting 

for prediction errors, and 𝐶is the penalty parameter controlling model complexity. 

2.3.4. Least Squares Boosting (LSBoost) 

LSBoost is an ensemble learning approach that constructs a strong predictive model by 

sequentially minimizing the residual errors of weak learners [38,39]. In this study, LSBoost is applied 

to TBM penetration rate prediction for the first time. The fundamental update step is defined as: 

𝑓𝑚(𝑥) = 𝑓𝑚−1(𝑥) + 𝜈 ⋅ ℎ𝑚(𝑥),𝑚 = 1,2, . . . , 𝑀       

 (4) 
 

where ℎ𝑚(𝑥)represents the 𝑚-th weak learner, 𝜈is the learning rate, and 𝑓𝑚(𝑥)denotes the 

updated prediction function. This iterative framework enables LSBoost to effectively capture 

complex nonlinear relationships within TBM datasets. 

2.4. Model Performance Evaluation 

To quantitatively assess the agreement between predicted and observed penetration rate values, 

several statistical performance metrics were employed. These indicators allow comprehensive 

evaluation of model accuracy, precision, and predictive capability. The performance metrics used in 

this study are described below. 

2.4.1. Coefficient of Determination (R²) 

The coefficient of determination represents the proportion of variance in observed data 

explained by model predictions and is widely used to evaluate overall model fitness. The R² value 

ranges between 0 and 1, where values closer to 1 indicate better predictive performance. 

𝑅2 = 1 −
∑ (

𝑛

𝑖=1
𝑦𝑖−𝑦̂𝑖)

2

∑ (
𝑛

𝑖=1
𝑦𝑖−𝑦̄)

2
            (5) 

where 𝑦𝑖 represents observed values, 𝑦̂𝑖 represents predicted values, and 𝑦̄ denotes the mean of 

observed values. 

2.4.2. Root Mean Square Error (RMSE) 

RMSE measures the magnitude of prediction errors by calculating the square root of the average 

squared differences between predicted and observed values. Lower RMSE values indicate higher 

prediction accuracy. 
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𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (

𝑛

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)2          

 (6) 
 

2.4.3. Mean Absolute Error (MAE) 

MAE represents the average absolute difference between predicted and observed values and is 

less sensitive to extreme outliers compared to RMSE. 

𝑀𝐴𝐸 =
1

𝑛
∑ ∣𝑛
𝑖=1 𝑦𝑖 − 𝑦̂𝑖 ∣         (7) 

These statistical indicators were used collectively to conduct a comparative evaluation of the 

predictive capabilities of the machine learning models. Higher R² values reflect a model’s stronger 

ability to account for variability in the observed data, while lower RMSE and MAE values signify 

improved estimation accuracy. Taken together, this integrated assessment approach supports robust 

and dependable prediction of TBM penetration rate. 

2.5. Model Training and Validation Strategy 

To ensure the robustness and generalization capability of the developed machine learning 

models, a 10-fold cross-validation (CV) procedure was employed during the training phase. Cross-

validation is widely accepted as an effective technique for evaluating model performance, 

particularly when working with limited datasets. 

In the 10-fold CV approach, the entire dataset was randomly divided into ten equal subsets. 

During each iteration, nine subsets were used for model training, while the remaining subset was 

reserved for validation. This process was repeated ten times so that each subset was used once as 

validation data. The final model performance was obtained by averaging the results from all folds. 

The use of 10-fold cross-validation reduces model bias and variance while providing a reliable 

estimate of prediction performance. This approach is particularly suitable for small-scale geotechnical 

datasets, where independent test datasets are often unavailable. Additionally, cross-validation 

improves model stability and minimizes the risk of overfitting by ensuring that all available data 

contribute to both training and validation processes. 

3. Model Implementation and Results 

3.1. Machine Learning Algorithms 

Machine learning is a branch of artificial intelligence that seeks to mathematically characterize 

the behavior of complex systems and to derive generalizable patterns from historical data. Rather 

than relying on a predefined functional form, explicit equation, or fixed parametric structure, 

machine learning algorithms uncover the intrinsic patterns embedded within the data itself. Through 

this data-driven paradigm, computer systems acquire the capacity to learn from experience and make 

informed decisions without being explicitly programmed to solve a specific problem [40,41]., 

Machine learning methods are commonly categorized into supervised, unsupervised, and semi-

supervised learning frameworks, and they can be applied to a wide spectrum of problem types, 

ranging from regression and classification to clustering and dimensionality reduction. Owing to their 

flexible model architectures, high predictive accuracy, and relatively modest reliance on strict 

statistical assumptions compared to conventional approaches, machine learning techniques have 

found extensive applications across engineering, hydrology, medical sciences, and financial analytics 

[42–44]. 

In the present study, a comparative modeling framework was implemented to evaluate the 

effectiveness of the proposed method in predicting the penetration rate (ROP) of a Tunnel Boring 

Machine (TBM). Using the same dataset, its performance was benchmarked against widely adopted 
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machine learning algorithms, including Random Forest (RF) [35,45], Bagged Trees (BT) [36], Support 

Vector Regression (SVR) [37], and Least Squares Boosting (LSBoost) [38,39]. 

Table 2 presents a comparative summary of the predictive performance of these machine 

learning models for TBM penetration rate estimation, based on both the original dataset and the Z-

score normalized dataset. Model performance was evaluated using the correlation coefficient (R), 

coefficient of determination (R²), root mean square error (RMSE), and mean absolute error (MAE). 

Table 2. Performance comparison of machine learning methods used for ROP prediction. 

Scenario Model R R2 RMSE MAE 

Original  

RF 0.873 0.622 0.529 0.427 

BT 0.877 0.632 0.522 0.419 

SVM 0.754 0.554 0.575 0.395 

LSBoost 0.965 0.909 0.260 0.220 

Z-score  

RF 0.869 0.609 0.538 0.428 

BT 0.880 0.643 0.514 0.410 

SVM 0.756 0.557 0.573 0.392 

LSBoost 0.965 0.909 0.260 0.220 

As shown in Table 2, the LSBoost model produced the most accurate results across all 

performance metrics when the original dataset was considered. The obtained values of R = 0.965 and 

R² = 0.909 indicate a very strong agreement between observed and predicted TBM penetration rate 

(ROP) values. In addition, the low error metrics (RMSE = 0.260 and MAE = 0.220) demonstrate the 

ability of the LSBoost algorithm to effectively capture the complex and nonlinear relationships 

governing TBM performance. 

The Random Forest (RF) and Bagged Trees (BT) models exhibited comparable predictive 

performance, with correlation coefficients of approximately R ≈ 0.87 and coefficients of determination 

in the range of R² ≈ 0.62–0.63. These results confirm that tree-based ensemble methods provide 

reasonable predictive capability for ROP estimation; however, their performance remains noticeably 

inferior to that of the LSBoost model. 

In contrast, the Support Vector Regression (SVR) model yielded lower predictive accuracy on 

the original dataset (R = 0.754, R² = 0.554) compared to the ensemble-based approaches. Nevertheless, 

an improvement in SVR performance was observed following Z-score normalization (R = 0.775, R² = 

0.581), indicating that this method is sensitive to data scaling and hyperparameter configuration. 

Previous studies have reported that the predictive performance of SVM-based models can be 

significantly enhanced through careful optimization of kernel functions and penalty parameters (C) 

[25]. In this respect, the limited hyperparameter tuning adopted in the present study may not fully 

reflect the maximum potential of the SVR model. 

While Z-score normalization had a marginal effect on the performance of the RF and BT models, 

the unchanged performance metrics of the LSBoost model before and after normalization highlight 

its strong robustness against data scaling. This stability suggests that LSBoost is less sensitive to 

variations in input magnitude and is capable of maintaining consistent predictive accuracy under 

different preprocessing conditions. 

Overall, the results indicate that the LSBoost algorithm provides the highest accuracy and 

reliability for TBM penetration rate prediction across both original and Z-score normalized datasets. 

The predicted ROP values obtained from the LSBoost model were compared with measured values. 

Figure 3a presents the agreement between predicted and observed ROP values using scatter plots, 

while Figure 3b illustrates the variation of penetration rate along the tunnel alignment. 
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Figure 3. Comparison of ROP prediction results obtained using the LSBoost model: (a) Scatter plot of observed 

versus predicted values, (b) Variation of observed and predicted ROP along the tunnel length. 

The consistently high and stable performance values observed in both scenarios indicate that the 

LSBoost model is robust against data scaling and is capable of successfully capturing the complex 

relationships affecting TBM performance. Therefore, LSBoost was selected as the most suitable 

method for ROP prediction in the subsequent stages of this study. Moreover, even the lowest 

performance value reported in Table 2 exceeds the prediction accuracy of the best-performing 

empirical formula proposed in the original study from which the dataset was derived [2]. This finding 

demonstrates that not only LSBoost but also the machine learning–based approaches employed in 

this study provide higher accuracy and better generalization capability in TBM penetration rate 

prediction compared with conventional empirical models. 

3.2. Feature Importance Analysis 

Feature importance analysis is one of the key explainability approaches used to identify the 

extent to which each input contributes to the prediction of a target variable by machine learning 

models. This analysis enables the determination of the relative weight of variables that drive model 

performance [46–51]. Variable importance metrics are particularly prevalent in tree-based ensemble 

learning algorithms, where they are commonly applied as part of in-model evaluation [25,49,50]. 
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In the present study, the contributions of geomechanical parameters to ROP prediction were 

assessed across four different machine learning methods within the TBM modeling framework. 

Analyses were conducted using both the raw (original) dataset and the Z-score standardized dataset, 

allowing for an evaluation of the effect of data scaling on variable importance distributions. The 

intrinsic model importance values are summarized in Table 3. 

Table 3. Relative Importance of Input Variables in ROP Prediction Models. 

Scenario Row BI UCS Alpha DPW BTS 

Original  

RF 17.52 21.90 13.01 25.68 21.88 

BT 20.01 22.63 13.11 24.41 19.84 

SVM 28.71 22.79 19.95 14.77 13.79 

LSBoost 16.24 15.43 12.78 36.43 19.11 

Z-score  

RF 21.54 23.06 12.45 23.13 19.82 

BT 17.00 24.21 12.42 28.60 17.77 

SVM 28.71 22.78 19.94 14.77 13.79 

LSBoost 16.24 15.43 12.78 36.43 19.11 

Examining Table 3, it is evident that in tree-based models (RF, BT, and LSBoost), the DPW and 

UCS variables exhibit high importance values. In the LSBoost model, DPW demonstrates the highest 

importance across both data scenarios, whereas in the RF and BT models, UCS emerges as the most 

influential variable. In the SVM model, the BI variable attains the highest importance in both the 

original and normalized datasets. The Alpha variable shows relatively lower contribution across all 

models. Comparing the original and normalized datasets, only minor changes in importance 

distribution are observed for RF and BT, while importance values remain unchanged for the SVM 

and LSBoost models. 

In addition to intrinsic model importance metrics, variable contributions were further assessed 

using Jacobian-based numerical sensitivity analysis [33] and the SHAP (Shapley Additive 

exPlanations) method. SHAP is based on the concept of Shapley values from cooperative game theory 

[48]. Originally introduced by Lloyd Shapley, the concept was later adapted and extended to machine 

learning models by Scott Lundberg and Su-In Lee [49]. SHAP provides a unified and consistent 

framework for local interpretability of models and is currently recognized as a cornerstone 

methodology in the field of Explainable Artificial Intelligence (XAI). Numerous interpretability 

techniques in the literature increasingly build upon this approach. 

Recently, Karahan and Alkaya [33] proposed a Jacobian-based, derivative-driven model to 

quantify the effects of individual variables on TBM penetration rate, applying this model to both 

parametric relationships and four different machine learning methods. In the proposed approach, 

analytical partial derivatives were employed for parametric models, while numerical partial 

derivatives were used for the machine learning models. The study reported that the relative 

importance weights of input variables exhibited similar trends across both parametric and machine 

learning–based methods. 

In the present study, the Jacobian-based method proposed by [33] was applied in a comparative 

framework alongside the SHAP approach, with the resulting findings presented in Table 4 and Figure 

4., 

Table 4. Comparison of Jacbian-Based Sensitivity and SHAP Results. 

Future Importance (%) ML Method BI UCS Alpha DPW BTS 

Jacobian-Based  RF 16.52 29.07 10.47 27.07 16.87 
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Sensitivity BT 15.45 29.27 10.16 27.49 17.63 

SVM 28.57 21.21 19.77 18.52 11.93 

LSBoost 15.66 27.81 12.78 24.72 19.03 

SHAP 

RF 20.53 25.48 11.36 20.79 21.84 

BT 20.09 25.57 10.50 21.08 22.75 

SVM 32.06 20.34 18.48 18.00 11.12 

LSBoost 21.89 21.13 12.32 22.13 22.54 

Examining Table 4, it is evident that both the Jacobian-based sensitivity analysis and the SHAP 

method reveal largely similar trends in identifying influential variables affecting TBM penetration 

rate. In both approaches, UCS and DPW exhibit high importance across all models, indicating that 

rock strength and discontinuity/fracture characteristics play a decisive role in controlling penetration 

rate. 

The BI and BTS variables generally display moderate importance, with SHAP analyses 

highlighting slightly higher contributions for these parameters. This finding suggests that the 

influence of specific variables on the model can be reflected to varying degrees depending on the 

methodological approach employed. 

For the RF and BT models, both methods produced similar variable rankings, whereas the SVM 

model exhibited a distinct profile. In the Jacobian analysis, BI contributed most strongly for SVM, 

while SHAP results emphasized the prominence of Future Importance and UCS. For the other 

variables (ALFA, DPW, and BTS), SVM importance values were generally lower or ranked differently 

compared with LSBoost and other ensemble models. This indicates that variable contribution 

distributions in SVM differ from those in other models, with sensitivity to certain inputs manifesting 

differently. 

Stability analysis of variables in machine learning models provides insight not only into overall 

fit across the dataset but also into the model’s behavior across different subsets. Such analyses help 

confirm the consistency of variable contributions, enhancing model reliability and generalizability, 

while also informing more deliberate learning strategies and hyperparameter selection. This behavior 

is visualized in Figure 5. Consistent with the findings reported in Table 4 and Figures 4 and 5, it is 

apparent that the SVM model exhibits a markedly different profile compared with other models, with 

a more variable learning pattern along the tunnel. 

Overall, when Table 4 and Figures 4 and 5 are considered together, it is clear that the Jacobian-

based numerical sensitivity analysis shows trends comparable to SHAP and indicates that UCS, 

DPW, and BI may exert greater influence on TBM penetration rate relative to other parameters. These 

results support the notion that employing the Jacobian-based approach alongside SHAP in a 

comparative framework can provide valuable and complementary insights for model interpretation. 
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Figure 4. Comparison of Jacobian-Based PDP and SHAP Feature Importances for Different ML Models: a) PDP 

b) SHAP 
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Figure 5. Model-wise sensitivity profiles of input variables for different ML algorithms. 

4. Discussion 

In this study, the predictive performance of Random Forest, Bagged Trees, Support Vector 

Machine (SVM), and Least Squares Boosting (LSBoost) algorithms was compared for estimating TBM 

penetration rate (ROP), and model outcomes were analyzed in the context of rock mechanics 

parameters. The findings clearly demonstrate that ROP is governed by nonlinear interactions among 

multiple geomechanical parameters. Both intrinsic model importance metrics and explainability-

based analyses such as SHAP indicated that UCS, BI, and DPW play dominant roles in controlling 

ROP. This consistency supports the interpretation that these parameters are not only statistically 

significant but also represent the physical determinants of the TBM excavation mechanism. 

Analyses were conducted on both the raw (original) dataset and the Z-score standardized 

dataset. This approach allowed for the assessment of the effect of data scaling on variable importance 

distributions and model performance. Comparisons between the original and normalized datasets 

revealed that data scaling had a limited impact on intrinsic variable importance. Minor changes were 

observed in the Random Forest and Bagged Trees models, yet the overall ranking of variables 

remained largely unchanged. In contrast, importance values for SVM and LSBoost were unaffected, 

indicating that these algorithms exhibit relative robustness to data scaling. 

Regarding model performance, LSBoost achieved the highest predictive accuracy across both 

the original and normalized datasets (original data: R² = 0.909, RMSE = 0.260, MAE = 0.220). Random 

Forest and Bagged Trees showed similar accuracy levels, with the Bagged Trees model exhibiting 

only slight improvement after normalization. SVM demonstrated lower predictive accuracy relative 

to the other algorithms, suggesting that under limited data and parameter configurations, it may not 

fully capture complex parameter interactions. Conversely, LSBoost consistently produced reliable 

predictions even with small and heterogeneous datasets, highlighting its applicability in field studies 

with limited data availability. 

Model-based variable importance analyses revealed that the parameters exerting the greatest 

influence on TBM penetration vary depending on the modeling approach. In the LSBoost model, 

DPW emerged as the most critical parameter (36.43%), whereas in Random Forest and Bagged Trees, 

UCS and DPW jointly dominated. In the SVM model, BI accounted for the highest importance 
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(28.71%). These results indicate that TBM performance cannot be explained by a single rock 

parameter, but rather by nonlinear interactions among rock strength, brittleness, and discontinuity 

characteristics. 

Comparisons between Jacobian-based sensitivity analyses and SHAP results provide insights 

from complementary mathematical perspectives. The Jacobian approach highlights variables with 

high gradient effects by measuring derivative-based changes of model outputs with respect to inputs, 

whereas SHAP calculates average marginal contributions using Shapley values. SHAP’s 

consideration of variable interactions leads to more balanced contribution distributions, particularly 

in tree-based and boosting models. For the SVM model, the two methods exhibited higher 

consistency, while LSBoost showed strong agreement between SHAP and Jacobian results, enhancing 

sensitivity to local patterns and interpretability. 

From an engineering perspective, these findings emphasize the criticality of jointly considering 

UCS, BI, and DPW in TBM performance prediction. The consistent prominence of these parameters 

across different models and explainability approaches highlights them as key variables for design 

and performance optimization. Integrating intrinsic model importance with explainability-based 

methods enables a more comprehensive and reliable interpretation of TBM penetration performance. 

While the Jacobian analysis elucidates the model’s mathematical sensitivity structure, SHAP presents 

contributions in an interaction-aware and theoretically grounded framework. This integrated 

approach supports interpretable and dependable outcomes in machine learning–based 

geomechanical modeling. 

5. Conclusion 

This study conducted a comparative evaluation of Random Forest, Bagged Trees, Support 

Vector Machine (SVM), and Least Squares Boosting (LSBoost) algorithms for predicting TBM 

penetration rate (ROP). The findings demonstrate that data-driven machine learning approaches can 

provide effective and reliable solutions for modeling TBM performance. 

Performance analyses indicated that LSBoost outperformed the other algorithms, achieving R = 

0.965 and R² = 0.909. It also produced the lowest RMSE and MAE values, successfully capturing the 

nonlinear interactions among parameters influencing ROP, and generating reliable predictions even 

in small and heterogeneous datasets. Random Forest and Bagged Trees showed comparable 

performance, with Bagged Trees exhibiting limited improvement after Z-score normalization, 

indicating partial sensitivity to data scaling. SVM produced lower correlation and explanatory power 

but offered smoother and continuous prediction curves, suggesting higher generalization capacity 

while being less capable of capturing local variations. 

Feature importance analyses and SHAP results revealed that TBM penetration rate is 

predominantly governed by discontinuity spacing (DPW) and uniaxial compressive strength (UCS). 

In the LSBoost model, DPW had the highest importance, highlighting the decisive role of rock mass 

structural properties on the TBM cutting mechanism. In Random Forest and Bagged Trees, UCS and 

DPW jointly dominated, supporting the combined influence of rock strength and discontinuity 

geometry on TBM performance. In the SVM model, the brittleness index (BI) emerged as the most 

important parameter, emphasizing the impact of rock fracture behavior on penetration performance. 

SHAP analyses clearly quantified each variable’s contribution to individual predictions, confirming 

DPW and UCS as critical parameters at both global and local scales., 

The effect of data normalization on model performance was limited; however, in variable 

importance analyses, parameters with narrow value ranges showed noticeable changes. Notably, 

LSBoost maintained consistent and reliable performance even with small, heterogeneous datasets, 

reinforcing its applicability in field studies with limited data. 

Overall, predicting TBM penetration rate constitutes a multivariate, nonlinear, and complex 

engineering problem. This study demonstrates that machine learning–based approaches are 

powerful tools for TBM performance prediction, with LSBoost providing high accuracy and 

reliability even in data-constrained field applications. Moreover, SHAP and feature importance 
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analyses render model predictions interpretable from an engineering perspective, providing 

actionable insights for TBM design and operational decision-making. Another key finding is the 

strong agreement between derivative-based Jacobian methods and SHAP analyses, confirming the 

internal consistency and reliability of the model’s reasoning. 
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