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Abstract

Ground settlement induced by shield tunnel boring machine (TBM) excavation is a ma-
jor geotechnical concern in urban tunneling because it may affect the safety of adjacent
structures and underground infrastructure. In this study, machine learning models were
developed to predict the maximum settlement induced by shield TBM excavation using
a three-dimensional numerical analysis database comprising 320 simulation cases gener-
ated from combinations of tunnel diameter (D), ground elastic modulus (E), face pres-
sure (FP), and backfill pressure (BP). Random forest (RF) and extreme gradient boosting
(XGBoost) models were developed and compared with an existing regression-based set-
tlement prediction equation. Predictive performance and generalization capability were
evaluated using random split and GroupKFold validation techniques. Under random
split validation, RF achieved the highest predictive performance, with a coefficient of
determination of 0.997 and a root mean square error of 0.438 mm, followed by XGBoost.
Both machine learning models outperformed the existing settlement prediction equation.
However, model performance decreased substantially under GroupKFold validation, in-
dicating limited generalization capability under unseen D–E grouped conditions. The
results demonstrate that the developed machine learning models provide accurate predic-
tions within the range of tunnel–ground conditions represented by the adopted numerical
analysis database. The findings highlight the importance of evaluating both predictive
performance and generalization capability, particularly when machine learning models de-
veloped from numerical analysis databases are applied beyond the conditions represented
in the training database.

Keywords: shield TBM; ground settlement; machine learning; generalization capability

1. Introduction
The growing concentration of population and traffic congestion in urban areas has

increased the demand for underground space development [1,2]. In particular, the use of
tunnel boring machine (TBM) methods has expanded alongside the rapid construction of
underground expressways and urban rail transit systems. Compared with conventional
blasting methods, TBM excavation offers several advantages—such as reduced noise and
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vibration, improved construction safety, and higher excavation efficiency—making it widely
preferred in urban environments [3–5]. Nevertheless, the ground deformation and surface
settlement induced by tunnel excavation remain major geotechnical issues. Excavation-
induced settlement may cause damage to adjacent structures and reduce ground stability,
potentially leading to severe ground failures in extreme cases [6]. Therefore, accurate
prediction of ground settlement induced by TBM excavation is essential for ensuring
construction safety and supporting long-term infrastructure management [7].

Various approaches have been proposed to predict ground settlement induced by
tunnel excavation. Following the pioneering Gaussian-distribution-based empirical method
proposed by Peck [8], numerous empirical prediction methods have been developed [9–12].
Theoretical approaches have also been proposed to estimate ground deformation associated
with tunnel excavation [13–15]. However, both empirical and theoretical approaches
often have limitations in representing the heterogeneity of real ground conditions and
complex construction processes. While centrifuge model tests have also been conducted
to investigate the mechanisms of ground response during tunneling [16–19], they are
constrained by experimental scale and boundary conditions. To overcome these limitations,
three-dimensional numerical analyses have been increasingly employed [20–23], enabling
more realistic simulation of ground conditions and construction processes and providing
more reliable settlement predictions.

In a previous study, a validated three-dimensional numerical model was used to
investigate the effects of tunnel diameter (D), ground elastic modulus (E), face pressure (FP),
and backfill pressure (BP) on ground settlement, and a regression-based prediction equation
for maximum settlement was subsequently proposed [24]. The proposed equation was then
validated through p-value analysis, variance inflation factor assessment, and comparison
with field monitoring data. Although the regression-based model demonstrated satisfactory
predictive capability, it may not adequately capture the complex nonlinear interactions
among variables under diverse tunneling conditions. Therefore, more advanced approaches
are required to improve the prediction of complex TBM-induced settlement behavior.

Recently, machine learning techniques have been widely applied in various geotech-
nical engineering fields because of their ability to effectively learn complex nonlinear
relationships [25,26]. In particular, tree-based ensemble models such as random forest
(RF) and extreme gradient boosting (XGBoost) have been recognized for their capability
to capture nonlinear interactions among multiple variables [27,28]. These models have
demonstrated excellent predictive performance in various geotechnical engineering appli-
cations [25,29,30]. However, prior machine learning studies on TBM-induced settlement
prediction have used diverse datasets and modeling conditions depending on the availabil-
ity of field observations and project-specific information. Consequently, the applicability of
the developed models to conditions different from those represented in the training data
remains a key concern. In addition, previous studies have primarily focused on evaluating
model performance using random data partitioning approaches, while limited attention
has been given to predictive capability under tunnel and ground conditions not represented
in the training dataset. Therefore, further investigation of model generalization capability
is required to support reliable practical applications.

In this study, machine learning models were developed using a numerical database
generated from a previously validated three-dimensional numerical model for shield
TBM tunneling. Tunnel diameter (D), ground elastic modulus (E), face pressure (FP),
and backfill pressure (BP) were used as input variables, while maximum settlement was
selected as the target output. RF and XGBoost models were developed and compared
with an existing regression-based settlement prediction equation. In addition, random
split and GroupKFold validation techniques were employed to evaluate both predictive
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performance and generalization capability. In particular, this study investigated whether
the high prediction accuracy commonly reported using random data partitioning can be
maintained under previously unseen tunnel–ground conditions. Through this approach,
the predictive performance and generalization capability of machine learning techniques
for estimating shield TBM-induced maximum settlement were systematically evaluated.
The findings provide a basis for assessing the applicability of machine learning models
developed from validated numerical analysis databases under previously unseen tunnel–
ground conditions.

2. Materials and Methods
2.1. Numerical Model and Database

In this study, a three-dimensional numerical analysis database developed in a previous
study was adopted [24]. The database was constructed using a numerical model validated
against field monitoring data obtained from the Tehran Metro Line 7 project. The numer-
ical model was validated through comparison with measured settlement data from the
project [31]. Figure 1 presents the route of Tehran Metro Line 7 and the geological profile
of the section used for model validation. Based on the validation results, the numerical
model was established to reproduce the ground settlement behavior induced by shield
TBM excavation.

  
(a) (b) 

Figure 1. Tehran Metro Line 7 used for numerical model validation: (a) route and analyzed section;
(b) geological profile of the analyzed section (adapted from [24,31]).

The ground was modeled using the Mohr–Coulomb constitutive model, whereas
the shield, segment lining, and grout were modeled using elastic models. The numerical
model adopted the same domain size, boundary conditions, and initial stress generation
procedure as the previously validated numerical model. The shield, segment lining, and
grout properties were identical to those used in the validation model. The sequential
construction procedure included face pressure application, shield advancement, segment
installation, tail void grouting, and grout hardening. The numerical database was generated
using this numerical modeling procedure. Additional details are available in the previous
study [24].

The numerical model was developed considering the sequential construction process
of shield TBM excavation. In particular, the model simulated the FP application, shield
passage, and tail void grouting processes to capture the ground deformation induced
by shield TBM excavation [24]. A comparison between the numerical results and field
monitoring data showed a settlement prediction error of 4.23%, indicating a high level of
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agreement. These results confirmed that the validated numerical model can reasonably
reproduce the settlement behavior associated with shield TBM excavation.

To construct the numerical database, D, E, FP, and BP were selected as the primary
input variables. The ranges of these variables were determined based on the parametric
study conducted in the previous study and selected to represent practical shield TBM
construction conditions [24].

In this study, D values of 3, 6, 9, and 12 m were considered, and E values of 50, 100, 200,
and 400 MPa were adopted. The applied face pressure was defined using a normalized face
pressure ratio, FPre f , following the definition adopted in the previous numerical study [24].
In this definition, FPre f represents the ratio of the applied face pressure to the reference face
pressure, which was calculated based on the earth pressure at rest. Accordingly, an FPre f

value of 1.0 corresponds to the reference face pressure, whereas an FPre f value greater than
1.0 represents an over-pressure condition considered to investigate the influence of higher
face pressures on settlement behavior. The FPre f values were assigned as 0.25, 0.5, 0.75,
1.0, and 1.25 (Equations (1) and (2)). In addition, BP was defined relative to the applied
FP and was assigned four levels: FP + 20, FP + 80, FP + 140, and FP + 200 kPa. Because
BP was defined as the applied FP plus one of four prescribed pressure increments, BP
is not statistically independent of FP in the adopted numerical database. Nevertheless,
FP and BP were retained as separate input variables because they represent different
operational control parameters in shield TBM excavation. The selected input variables and
their corresponding ranges are summarized in Table 1.

FPre f =
Applied f ace pressure

Re f erence f ace pressure
(1)

Re f erence f ace pressure =
(
1 − sin∅′)·σ′

z + u (2)

where FPre f is the face pressure ratio, ∅′ is the effective friction angle, σ′
z is the effective

vertical stress, and u is the pore water pressure.

Table 1. Input variables and values considered in the numerical analyses.

Input Variable Description Value

D Tunnel diameter (m) 3, 6, 9, 12

E Elastic modulus (MPa) 50, 100, 200, 400

FP Face pressure (kPa) 44.41, 88.83, 133.24, 177.66, 222.07

BP Backfill pressure (kPa) FP + 20, FP + 80, FP + 140, FP + 200 kPa

A total of 320 numerical analyses were performed based on the combinations of the se-
lected variables, corresponding to a full-factorial design of D, E, FP, and BP (4 × 4 × 5 × 4).
The maximum settlement (Smax) was obtained from each numerical analysis. The result-
ing numerical database was subsequently used as the reference dataset for training and
validating the machine learning models developed in this study.

2.2. Machine Learning Framework

The overall workflow of the present study is illustrated in Figure 2. Based on the
developed numerical database, RF and XGBoost models were constructed to predict the
maximum settlement induced by shield TBM excavation.

Figure 3 presents the general architectures of the RF and XGBoost algorithms. RF is
an ensemble learning algorithm that combines multiple decision trees to generate a final
prediction. By aggregating the predictions of individual trees, RF reduces overfitting
and improves model generalization capability [27]. XGBoost is a gradient boosting algo-
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rithm that sequentially minimizes prediction errors from previous iterations and is widely
recognized for its high predictive accuracy and computational efficiency [28,32].

Figure 2. Overall framework of the proposed methodology for maximum settlement prediction [24].

  
(a) (b) 

Figure 3. General architectures of (a) Random Forest and (b) Extreme Gradient Boosting
(XGBoost) algorithms.

Table 2 summarizes the major hyperparameters adopted for the RF and XGBoost
models. Hyperparameters not listed in Table 2 were left at their default values. The
objective of this study was to evaluate the predictive performance and generalization
capability of the machine learning models under different validation strategies rather
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than to optimize the hyperparameters of individual machine learning models. Therefore,
additional hyperparameter tuning was not performed.

Table 2. Hyperparameters adopted for the Random Forest and XGBoost models.

Model Parameter Value

Random Forest

n_estimators 500

max_depth None

min_samples_split 2

min_samples_leaf 1

random_state 42

XGBoost

n_estimators 500

max_depth 5

learning_rate 0.05

subsample 0.9

colsample_bytree 0.9

random_state 42

To evaluate model performance and generalization capability, two validation strategies
were employed: random split validation and GroupKFold validation. For random split
validation, 80% of the dataset was randomly selected for training and the remaining 20%
was used for validation. However, because the numerical database comprised a limited
number of parameter combinations, random split validation alone may not adequately
assess the generalization capability of the developed models. Therefore, GroupKFold
validation was additionally conducted to provide a more rigorous evaluation of model
generalization performance. In GroupKFold validation, samples sharing the same D and E
combination were assigned to the same group. Consequently, identical D–E combinations
were excluded from appearing simultaneously in the training and validation datasets [33].
Because D and E each had four levels, the 320 samples were divided into 16 D–E groups.
Each D–E group contained 20 samples generated from the combinations of FP and BP.
A four-fold GroupKFold validation was employed. In each fold, four D–E groups, corre-
sponding to 80 samples, were used for validation, whereas the remaining 12 D–E groups,
corresponding to 240 samples, were used for training. The GroupKFold performance re-
ported in this study was calculated as the arithmetic mean of the metrics obtained from the
four validation folds. For the R2 comparison, shuffled random four-fold cross-validation
was additionally performed using the same number of folds as GroupKFold validation
to provide a fold-averaged comparison between conventional random partitioning and
grouped partitioning.

Finally, model performance was quantitatively evaluated using the coefficient of
determination (R2), root mean square error (RMSE), and mean absolute error (MAE). R2

was used to assess the explanatory power of the models, whereas RMSE and MAE were
employed to quantify the prediction errors between the predicted and actual values. The
corresponding equations are presented below (Equations (3)–(5)).

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2 (3)

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (4)
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MAE =
1
n

n

∑
i=1

|yi − ŷi| (5)

3. Results and Discussion
3.1. Prediction Performance Comparison

Random split validation was performed to compare the predictive performance of the
machine learning models with the maximum settlement prediction equation proposed in
a previous study [24]. The regression-based settlement prediction equation was developed
in our previous study using the same 320-case numerical analysis database adopted in
the present study. Therefore, both the regression model and the machine learning models
were developed from the identical numerical database, providing a consistent basis for
comparison. The previously proposed settlement prediction equation is presented in
Equation (6).

Smax = −2.328 + 112.360
(

D
E

)
− 152.90

(
1
E

)
+ 0.197D − 0.973

(
FP
BP

)
(6)

where Smax is the maximum settlement (mm), D is the tunnel diameter (m), E is the ground
elastic modulus (MPa), FP is the face pressure (kPa), and BP is the backfill pressure (kPa).

Equation (6) is an empirical regression equation calibrated using dimensional variables
within the 320-case numerical database. Therefore, its coefficients are unit-dependent, and
the equation should be applied only with Smax in mm, D in m, E in MPa, and FP and BP in
kPa. The equation is used in this study as a database-consistent benchmark rather than as
a dimensionally derived mechanistic formulation. A total of 80% of the dataset was used
for training, while the remaining 20% was used for validation. Model performance was
quantitatively evaluated using R2, RMSE, and MAE. The results are summarized in Table 3.

Table 3. Prediction performance of the machine learning models and the existing settlement prediction
equation under random split validation.

Model R2 RMSE (mm) MAE (mm)

Random Forest 0.997 0.438 0.158

XGBoost 0.992 0.729 0.316

Existing Equation 0.893 2.671 2.263

The RF model achieved the highest predictive performance, yielding R2, RMSE, and
MAE values of 0.997, 0.438, and 0.158, respectively. XGBoost also demonstrated high predic-
tive performance, with R2, RMSE, and MAE values of 0.992, 0.729, and 0.316, respectively.
By contrast, the existing settlement prediction equation gave R2, RMSE, and MAE values of
0.893, 2.671, and 2.263, respectively, indicating lower predictive accuracy than the machine
learning models.

Figure 4 presents the relationship between the maximum settlement obtained from
numerical analyses and the predicted maximum settlement. For both RF and XGBoost,
most data points were distributed close to the 1:1 line, indicating good agreement between
the numerical results and model predictions. The RF model exhibited data points clus-
tered most closely around the 1:1 line and achieved the highest R2 and lowest prediction
errors. Although XGBoost also demonstrated a similar trend, larger deviations were ob-
served for several data points. By contrast, the existing settlement prediction equation
exhibited greater dispersion from the 1:1 line than the machine learning models. In particu-
lar, a considerable number of data points corresponding to larger settlement values were
located below the 1:1 line, indicating a tendency to underestimate maximum settlement.
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(a) (b) 

(c) 

Figure 4. Relationship between actual and predicted maximum settlement (Smax): (a) Random Forest,
(b) XGBoost, and (c) the existing settlement prediction equation.

Figure 5 shows the residual distributions of the evaluated models. The residuals
of both the RF and XGBoost models were concentrated around zero, with the RF model
exhibiting the narrowest residual range. This observation is consistent with the lowest
RMSE and MAE values reported in Table 3. By contrast, the existing settlement prediction
equation exhibited a wider residual distribution than the machine learning models, with
residuals tending to be distributed in the positive direction. This result is also consistent
with the underestimation tendency observed in Figure 4.

  
(a) (b) 

 
(c) 

Figure 5. Residual distributions of prediction errors: (a) Random Forest, (b) XGBoost, and (c) the
existing settlement prediction equation.
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The superior predictive performance of the machine learning models may be attributed
to their ability to capture nonlinear relationships among the input variables. The existing
settlement prediction equation was developed using regression analysis and represents
the relationships among variables in a simplified form. By contrast, the RF and XGBoost
models can account for more complex interactions among D, E, FP, and BP. Consequently,
the machine learning models demonstrated better predictive performance than the existing
equation within the range of conditions represented in the numerical database developed
in this study.

Overall, the results indicate that the machine learning models, particularly RF, pro-
vide excellent predictive performance within the range of conditions represented in the
numerical database.

3.2. Generalization and Interpretation of Machine Learning Models

Random split validation randomly partitions the entire dataset into training and vali-
dation subsets, and therefore, with high probability, the validation data contain conditions
similar to those included in the training data. Consequently, random split validation alone
may not provide a sufficient assessment of model performance under previously unseen
conditions. To address this limitation, GroupKFold validation was additionally performed.
To evaluate model performance under different tunnel and ground conditions, groups were
defined based on combinations of D and E, which represent the primary geometric and
geotechnical parameters considered in the numerical database.

Figure 6 compares the fold-averaged R2 values obtained using shuffled random 4-fold
cross-validation and GroupKFold validation. Under random 4-fold cross-validation, RF
and XGBoost achieved mean R2 values of 0.999 and 0.995, respectively. By contrast, when
GroupKFold validation was applied, the corresponding mean R2 values decreased substan-
tially to −0.935 and −0.943, respectively. These results indicate that model performance can
vary considerably depending on the data partitioning strategy employed. To further clarify
the GroupKFold validation procedure and the variability in model performance across
folds, the fold-wise performance metrics are summarized in Table 4. Each validation fold
consisted of four D–E groups, corresponding to 80 validation samples, and the Smax range
differed considerably among folds. In the resulting fold assignment, each validation fold
corresponded to one E level across all D values, thereby providing a stringent assessment
of model performance under unseen ground stiffness conditions.

As shown in Table 4, most validation folds yielded negative R2 values for both RF and
XGBoost, indicating limited predictive reliability for D–E combinations not included in the
training data.

Figure 6. Comparison of fold-averaged R2 values obtained using random 4-fold cross-validation and
GroupKFold validation.
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Table 4. Fold-wise GroupKFold validation results.

Fold Validation D–E
Groups

Validation
Samples

Smax Range
(mm)

Random Forest
R2/RMSE/MAE

XGBoost
R2/RMSE/MAE

1 D = 3, 6, 9, 12 m;
E = 50 MPa 80 4.472–31.542 0.116/7.839/6.904 0.118/7.829/6.898

2 D = 3, 6, 9, 12 m;
E = 100 MPa 80 2.302–17.060 −1.814/7.810/6.886 −1.828/7.829/6.898

3 D = 3, 6, 9, 12 m;
E = 200 MPa 80 1.191–9.549 −1.218/3.940/3.394 −1.229/3.950/3.400

4 D = 3, 6, 9, 12 m;
E = 400 MPa 80 0.623–5.533 −0.823/2.102/1.801 −0.835/2.109/1.805

Note: Values in the Random Forest and XGBoost columns are presented as R2/RMSE/MAE. RMSE and MAE are
expressed in mm.

The discrepancy between the two validation approaches can be attributed to dif-
ferences in the similarity between the training and validation datasets. In random split
validation, similar parameter combinations are likely to appear in both datasets, resulting
in high predictive performance. By contrast, GroupKFold validation was designed such
that the D–E combinations used for validation were not included in the training dataset.
Consequently, the model was required to make predictions under tunnel and ground
conditions that were not encountered during training. Therefore, random split validation
primarily evaluates interpolation performance within the observed data range, whereas
GroupKFold validation provides a more rigorous assessment of model performance under
unseen D–E grouped conditions.

Both RF and XGBoost exhibited comparable reductions in performance under Group-
KFold validation. This suggests that, under the present feature design and sparse discrete
numerical database, the observed limitation was common to both RF and XGBoost rather
than being specific to a single model. Although these models demonstrated excellent
predictive capability within the represented tunnel–ground conditions, their performance
deteriorated considerably when predicting previously unseen D–E combinations. For
the two tree-based models evaluated in this study, this behavior is likely associated with
their limited extrapolation capability under the present feature design and sparse discrete
numerical database, whereby predictions are generated based on patterns learned from the
training data distribution [34].

As the RF model exhibited the highest predictive performance, feature importance
and partial dependence analyses were conducted using this model. Figure 7 presents
the feature importance analysis obtained from the RF model. According to the impurity-
based feature importance of the RF model, D and E exhibited substantially higher relative
importance than FP and BP within the present numerical database. The corresponding
relative importance values were approximately 49.5%, 49.5%, 0.9%, and 0.1%, respectively.
The reported feature importance represents the relative contribution of the input variables
within the present numerical database and should not be interpreted as a general ranking
applicable to all TBM settlement problems.

The feature importance results also provide useful information for the interpretation
of the GroupKFold validation results. Because GroupKFold validation was defined based
on D–E combinations, the validation process required the models to predict responses
for D–E combinations that were not included in the training data. Consequently, a more
challenging prediction problem was formed than that under random split validation, which
may explain the reduction in performance observed under GroupKFold validation.
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Figure 7. Relative importance of input variables in the Random Forest model for maximum
settlement prediction.

Figure 8 presents partial dependence plots (PDPs) with individual conditional expec-
tation (ICE) curves obtained from the RF model. The red lines represent the average partial
dependence, while the gray lines show individual conditional responses. Blue rug marks
along the x-axis indicate the distribution of the training samples. These PDPs visually
illustrate the direction of the relationship between each input variable and maximum
settlement. As shown in Figure 8a,b, the predicted maximum settlement tends to increase
with increasing D and decrease with increasing E. These trends are generally consistent
with previously reported settlement behavior.

  
(a) (b) 

  
(c) (d) 

Figure 8. Partial dependence plots (PDPs) with individual conditional expectation (ICE) curves
for (a) tunnel diameter (D), (b) ground elastic modulus (E), (c) face pressure (FP), and (d) backfill
pressure (BP) obtained from the Random Forest model. Blue rug marks along the x-axis indicate the
distribution of the training samples.

However, these relatively small variations should be interpreted in the context of the
entire numerical database. Under specific D and ground conditions, FP and BP may still
act as important construction control parameters. Previous studies have reported that FP
and BP can influence settlement behavior and are important operational parameters for
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settlement control [24,31,35,36]. Therefore, the relatively low feature importance values
observed in this study represent relative contributions calculated over the entire numerical
database. These results should not be interpreted as indicating that FP and BP have limited
engineering significance. Rather, they indicate that the influence of FP and BP is relatively
small compared with D and E within the numerical database considered in this study, while
under specific tunnel–ground conditions these operational parameters may still play an
important role in settlement control.

Consequently, the high predictive performance obtained from random split validation
may not fully represent model performance under previously unseen tunnel and ground
conditions. For the database considered in this study, validation procedures that explicitly
prevent identical D–E combinations from appearing in both the training and validation
datasets may provide a more rigorous assessment of model generalization capability.
Furthermore, when machine learning models developed from numerical analysis databases
are applied to practical engineering problems, careful consideration should be given to
whether the target tunnel–ground conditions are represented in the training database.
Additional validation using field data or broader numerical databases is recommended
before extending the models to conditions beyond those considered in this study.

4. Conclusions
In this study, machine learning models were developed to predict the maximum

settlement induced by shield TBM excavation using a three-dimensional numerical analysis
database. D, E, FP, and BP were used as input variables, and RF and XGBoost models
were constructed and compared with an existing regression-based maximum settlement
prediction equation. The main conclusions are summarized as follows:

(1) Under random split validation, RF and XGBoost demonstrated higher predictive
performance than the existing maximum settlement prediction equation. In particular,
RF achieved the highest predictive performance, with an R2, RMSE, and MAE of 0.997,
0.438 mm, and 0.158 mm, respectively. These results indicate that machine learning tech-
niques can effectively predict maximum settlement within the range of tunnel–ground
conditions represented in the adopted numerical analysis database.

(2) High predictive performance obtained from random split validation does not
necessarily indicate reliable performance under unseen D–E grouped conditions. The
results of GroupKFold validation showed substantial reductions in the performance of both
the RF and XGBoost models, indicating that the data partitioning strategy can significantly
influence the evaluation and interpretation of machine learning model performance.

(3) Within the present numerical database, feature importance analysis indicated that
D and E exhibited substantially higher relative importance than FP and BP. In addition, the
PDP and ICE analyses showed that maximum settlement tended to increase with increasing
D and decrease with increasing E. These results suggest that, within the adopted numerical
analysis database, tunnel size and ground stiffness were the dominant factors affecting the
model predictions.

(4) This study developed machine learning-based models for predicting the maximum
settlement induced by shield TBM excavation by integrating a validated three-dimensional
numerical analysis database with machine learning techniques. By comparing the devel-
oped models with an existing regression-based prediction equation, the proposed models
demonstrated improved predictive performance for the tunnel–ground conditions repre-
sented in the adopted numerical analysis database.

(5) The comparison between random data partitioning and GroupKFold validation
demonstrated that excellent prediction performance within the numerical database did
not necessarily translate into good generalization performance for previously unseen D–E
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combinations under the current data structure. Therefore, the principal finding of this
study is that high prediction accuracy obtained using conventional random validation
does not necessarily indicate good generalization capability. Accordingly, the developed
models should be interpreted as database-specific prediction tools applicable mainly within
the constructed numerical analysis database, while site-specific field monitoring data and
engineering judgment remain necessary for practical applications.

For future research, an expanded database incorporating field monitoring data from
actual TBM projects should be developed to further improve the machine learning models
and enhance their applicability under diverse ground and construction conditions. In
addition, quantitative analyses of the effects of FP and BP on settlement behavior under
specific tunnel and ground conditions are expected to provide a clearer understanding of the
relationship between TBM operational parameters and settlement behavior. These efforts
may further improve the applicability and practical usefulness of settlement prediction
models for shield TBM tunneling projects.
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