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ABSTRACT: Accurate and efficient prediction of the safety factor of pile-reinforced slopes is essential for stability
assessment and preliminary reinforcement design. This study develops an experimental-numerical-data-driven frame-
work for rapid and interpretable prediction. Physical model tests were conducted to investigate pile-soil interaction
and soil arching under different pile-spacing conditions. A three-dimensional finite element model incorporating
cohesion anisotropy was evaluated against the experimental observations and then used to generate a Sobol-sampled
database of 1024 cases. Six variables describing soil properties and pile layout were considered, and twelve machine-
learning models were systematically compared. MLP achieved the highest test-set accuracy (R* = 0.928), whereas KAN
showed competitive performance (R? = 0.913) and statistically comparable sample-wise errors. KAN was retained as
the representative model for database-size sensitivity, additional-case assessment, and SHAP interpretation, while MLP
served as the accuracy-oriented benchmark. For KAN, cohesion and friction angle contributed 30.7% and 29.4% of
the normalized mean absolute SHAP value, respectively, while pile diameter ranked third at 18.5%. An interactive
prediction platform was also developed to integrate model inference, visualization, and SHAP-based explanation. The
results provide an efficient tool for preliminary screening and comparison of pile-reinforcement alternatives within the
defined domain.
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1 Introduction

Slope instability is one of the most common geotechnical hazards and may cause severe damage to
infrastructure, transportation systems, and surrounding environments. Anti-slide piles have been widely
used as an effective reinforcement measure for landslide control and slope stabilization. They transfer thrust
from the sliding mass to the stable soil layer through pile-soil interaction. Compared with conventional
retaining structures, pile reinforcement is particularly suitable for slopes where deep-seated deformation or
localized sliding needs to be controlled. Therefore, accurately evaluating the stability of pile-reinforced slopes
is essential for reinforcement design and risk assessment [1].

The mechanical behavior of pile-reinforced slopes is strongly governed by pile-soil interaction and the
soil arching effect between adjacent piles [2]. Under the action of landslide thrust, the soil between piles
redistributes the load and transfers part of the sliding force to the piles through arch-shaped stress paths. This
mechanism is affected by pile spacing, pile diameter, pile position, and soil strength parameters. Previous
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studies have shown that pile spacing plays a critical role in the development of soil arching, and excessive pile
spacing may weaken the cooperative constraint between adjacent piles [3,4]. However, the spatial evolution
of soil arching and its influence on the overall safety factor of pile-reinforced slopes remain complex. They
are jointly controlled by soil properties, pile layout, and nonlinear deformation.

Numerical methods, especially the finite element method, have become powerful tools for slope
stability analysis. They capture stress redistribution, deformation, and progressive failure without requiring
a predefined slip surface. In finite element-based slope stability analysis, the strength reduction method
determines the safety factor by gradually reducing the shear-strength parameters until failure occurs [5-7].
For pile-reinforced slopes, three-dimensional modeling is usually required to capture pile-soil interaction
and inter-pile soil arching. The arching effect depends on pile spacing, pile configuration, loading conditions,
and soil properties [8]. In addition, natural sedimentary soils may exhibit inherent strength anisotropy
caused by deposition-induced particle orientation, and ignoring this anisotropy may lead to inaccurate or
even overestimated safety factors [9]. Nevertheless, repeated three-dimensional FEM strength reduction
analyses remain computationally expensive, especially when a large number of parameter combinations must
be evaluated for design optimization, uncertainty analysis, or database construction. Recent studies have
therefore introduced machine-learning surrogate models to reduce the computational burden of repeated
slope stability simulations [10].

Machine-learning models can learn nonlinear mappings between geotechnical parameters and safety
factors from numerical or experimental databases, thereby enabling rapid prediction once the model has
been trained [11-13]. Similar data-driven approaches have also been applied to other complex civil engi-
neering problems, such as concrete corrosion assessment, demonstrating their broad capability in nonlinear
response prediction [14-17]. Various models, such as decision trees, ensemble learning methods, support
vector machines, neural networks, and gradient boosting algorithms, have been used for slope stability
prediction [18-20]. These studies demonstrate the potential of machine learning in reducing computational
cost and improving prediction efficiency [21-23]. Recent studies have further extended machine-learning-
assisted slope stability analysis from deterministic safety factor (FS) prediction toward multi-source learning,
probabilistic reliability assessment, and more advanced surrogate modelling. Tun et al. [24] compared
several machine-learning algorithms using 1500 strength-reduction-based slope cases and reported strong
ES prediction performance of MLP, SVM, and KNN. Chen et al. [25] proposed a multi-stage learning strategy
that integrated historical slope data, numerical simulations, and physical experiments to jointly predict
stability status, FS, and stability probability. For slopes with spatially variable soils, Huang et al. [26] developed
an attention-enhanced convolutional surrogate model for efficient reliability analysis and interpretable
assessment of spatial variability. More recently, Li et al. [27] introduced a graph-neural-network surrogate
for slope reliability analysis, enabling efficient prediction of safety factors and potential slip surfaces under
spatially variable soil conditions. These developments demonstrate a shift from conventional deterministic
prediction toward multi-source, probabilistic, and interpretable machine-learning frameworks. However,
most existing studies focus on ordinary soil slopes, while fewer studies consider pile-reinforced slopes
involving three-dimensional pile-soil interaction, soil arching, and pile layout parameters.

Another challenge is the interpretability of machine-learning models [28]. Although complex models
may achieve high prediction accuracy, their black-box nature limits their acceptance in geotechnical
engineering, where physically meaningful interpretation is required for design decisions. SHAP provides
a unified framework for explaining model predictions by assigning contribution values to input variables
and has been increasingly used to interpret nonlinear machine-learning models [29,30]. In addition,
Kolmogorov-Arnold networks have recently attracted attention as an alternative neural-network archi-
tecture [31]. These networks place learnable activation functions on edges instead of fixed activation
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functions on nodes. This structure provides strong nonlinear approximation ability and potential inter-
pretability, making KAN a promising approach for geotechnical regression problems involving complex
parameter interactions.

Despite these advances, three gaps remain. First, most data-driven slope-stability studies address
unreinforced slopes and do not explicitly represent three-dimensional pile-soil interaction or soil arching.
Second, finite element surrogates are commonly evaluated mainly by predictive accuracy, with limited
assessment of whether the learned relationships are mechanically interpretable. Third, the connection among
physical observations, numerical database construction, model comparison, and deployable prediction
remains fragmented. To address these gaps, this study develops an experimental-numerical-data-driven
framework for interpretable FS prediction of pile-reinforced slopes. Its specific contributions are: (1) physical
model observations of spacing-dependent soil arching and pile response; (2) a three-dimensional FEM
model that incorporates cohesion anisotropy and is checked against multiple experimental response patterns;
(3) a Sobol-sampled FEM database and comparison of twelve machine-learning models using accuracy
and train-test stability; and (4) SHAP-based global and local explanations integrated into an interactive
prediction system.

2 Physical Model Test of Pile-Reinforced Slopes
2.1 Experimental Setup

To investigate pile-soil interaction and soil arching effect in pile-reinforced slopes, a series of physical
model tests were conducted in a rigid model box measuring 1600 mm x 1200 mm x 1000 mm. The model
slope was constructed using sand, with a slope angle of 37°, a slope height of 600 mm, and a basal soil layer
thickness of 397 mm. These dimensions were selected to provide sufficient space for the development of slope
deformation and pile-soil interaction during loading.

The model piles were fabricated using Q235 hollow steel tubes. Each pile had a length of 1000 mm, an
outer diameter of 89 mm, and a wall thickness of 4 mm. The pile bases were welded to the bottom plate of
the model box to reproduce a fixed-end condition. The material properties of the soil and model piles are
listed in Table 1. The schematic layout of the model slope and the representative loading process are shown
in Fig. 1a,b, respectively.

Table 1: Material properties used in the physical model test.

Fricti Elastic Modul Poi X

Material Density (g/cm®)  Cohesion (kPa) A:gcl:z?) as gVIP:) wus (;;:i?:s
Soil 1.62 5 36.8 35 0.3
Anti-slide pile 7.85 — — 206,000 0.3

2.2 Instrumentation and Loading Procedure

A displacement-controlled loading scheme was adopted to reproduce the progressive increase in
landslide thrust acting on the pile-reinforced slope. A vertical displacement was applied to the slope crest
through a rigid loading plate. The loading was conducted in 12 increments, with a displacement increment
of 5 mm for each step, resulting in a total applied displacement of 60 mm. After each loading step, data were
recorded once the internal stress and deformation of the model had reached a relatively stable state.



4 Comput Model Eng Sci. 2026;149(1):22

Figure1: Physical model test configuration: (a) Schematic layout of the model slope; (b) Representative loading process.

Earth pressure cells and electrical resistance strain gauges were used to monitor the soil pressure
response and pile deformation, respectively. To capture the spatial characteristics of the three-dimensional
soil arching effect, earth pressure cells were installed behind the anti-slide piles. The cells covered the
longitudinal, transverse, and depth directions of the model box. The pressure cells were placed in both
the pile-back and pile-between regions. In the vertical direction, three burial depths of 200, 350, and 500
mm were considered. In the horizontal direction, the measuring points were located at distances of 50 and
100 mm from the pile shaft. This arrangement captured spatial variations in earth pressure behind the piles.

The bending response of the model piles was measured using electrical resistance strain gauges. The
strain gauges were symmetrically attached to the front and rear sides of each pile along the pile length.
Starting from a height of 350 mm above the pile base, five measurement points were arranged at intervals of
100 mm on each side. Thus, each pile had ten strain measurement points. The geometric dimensions of the
model slope and the pile arrangement are shown in Fig. 2a, while the plan-view layout of the earth pressure
cells is shown in Fig. 2b. The coordinate origin was defined at the midpoint between the two adjacent piles.
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Figure 2: Geometry and instrumentation layout of the physical model: (a) Model dimensions and pile arrangement;
(b) Plan-view layout of earth pressure cells.
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2.3 Experimental Observations

Physical model tests were conducted for two pile-spacing ratios, namely s/D = 3 and s/D = 5. For
each test, data were recorded after the deformation and earth pressure responses became stable at each
loading step. The loading process was terminated when the imposed vertical displacement reached 60 mm.
No global slope failure was observed in either case, indicating that the stabilizing piles provided effective
resistance against progressive slope movement within the applied loading range. The tests were designed to
isolate the effect of pile spacing; soil strength and pile diameter were therefore held constant. Consequently,
the experimental observations establish spacing-dependent trends rather than a comprehensive validation
across different soils and pile geometries.

For the case of s/D = 3, a clear arch-shaped cracking pattern was observed on the slope surface, as shown
in Fig. 3. This pattern indicates that the soil between adjacent piles was strongly constrained by the piles
and that the sliding-induced load was redistributed within the pile-soil system. Compared with the larger
pile spacing, the smaller spacing promoted stronger interaction between adjacent piles and facilitated the
development of a soil arching effect.

Figure 3: Surface cracking pattern of the slope for s/D = 3: (a) Overall view; (b) Local enlarged view.

The bending response of the model piles was evaluated based on the measured strains. According to
elementary beam theory, the bending moment of the pile can be calculated as:

EIA
M= 1)
D

where E is the elastic modulus of the model pile, I is the second moment of area of the pile section, Ae is
the strain difference between the front and rear sides of the pile, and D is the outer diameter of the hollow
circular pile. The second moment of area of the hollow circular section is given by:

T4 g4
I=—(D"-d 2
1 ( ) ¥
where d is the inner diameter of the model pile. The strain responses and the corresponding bending moment

distributions are shown in Figs. 4 and 5, respectively.
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Figure 4: Strain distribution along the model pile under different loading displacements.
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Figure 5: Bending moment distribution along the model pile under different loading displacements.

For both pile-spacing ratios, the pile strain and bending moment increased gradually as the loading
displacement increased from 20 to 40 mm and 60 mm. The bending moment was relatively small in the upper
part of the pile and increased toward the lower part. This pattern identified the middle-to-lower portion as
the primary load-bearing region during slope deformation. Under the same loading displacement, the pile
response in the s/D = 3 case was generally greater than that in the s/D =5 case, particularly at larger loading
displacements. These results suggest that a smaller pile spacing enhances the constraint on the inter-pile soil
and promotes load transfer from the sliding soil mass to the piles. In contrast, the larger pile spacing weakens
the interaction between adjacent piles and reduces the mobilization of the soil arching effect.

The earth pressure distributions behind the piles are shown in Figs. 6 and 7. For s/D = 3, the earth
pressure reached a maximum near the central axis between adjacent piles and decreased toward both sides,
showing an approximately symmetric distribution. This distribution suggests that the soil between adjacent
piles participated in the formation of an arching load-transfer mechanism. Earth pressure concentrations
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were more pronounced at locations closer to the piles and at greater burial depths. This trend reflects pile
restraint and the increase in sliding thrust with depth.
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Figure 6: Earth pressure distributions behind the piles under s/D = 3.
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Figure 7: Earth pressure distributions behind the piles under s/D = 5.

Compared with s/D = 3, the earth pressure distribution in the s/D = 5 case was more uniform, and the
stress concentration near the inter-pile region was less evident. This indicates that increasing the pile spacing
weakens the cooperative constraint between adjacent piles and reduces the degree of soil arching. Overall,
pile spacing strongly affected soil arching, earth-pressure distribution, and pile bending. These observations
provide a physical basis for the subsequent finite element validation and safety factor database construction.

3 Finite Element Modelling and Database Construction
3.1 Parameterized Three-Dimensional FEM Model

A parameterized three-dimensional finite element model was established to simulate the stability of
pile-reinforced slopes and to generate the numerical database for subsequent machine-learning analysis. The
model represents a single-row anti-slide pile system embedded in a slope. The slope geometry, pile diameter,
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pile spacing, and pile position were defined as controllable modelling parameters, allowing the model to be
automatically updated for different design cases [32,33].

To reduce the computational cost, the symmetry of the single-row pile arrangement was considered
in the numerical model. A representative soil domain containing two half piles was adopted, and normal
displacement constraints were applied on the symmetry planes. The model width was kept consistent with
the spacing between two adjacent pile centers. This treatment enabled the three-dimensional pile-soil
interaction to be represented while maintaining a moderate computational scale [34]. The slope soil was
described using a Mohr-Coulomb elastoplastic model, while the anti-slide piles were modelled as linear
elastic materials. The interaction between the piles and the surrounding soil was simulated using hard contact
in the normal direction and a penalty friction formulation in the tangential direction. The friction coefficient
was defined as p = tan(0.75¢), where ¢ is the soil friction angle [35,36]. The soil and pile domains were
discretized using C3D8 elements, and local mesh refinement was applied near the pile-soil interface to
improve the representation of stress transfer.

The boundary conditions were defined to represent the constraint of the soil domain and the embedded
pile system. Normal displacement constraints were applied to the lateral boundaries of the soil domain, while
the bottom of the soil and piles was fixed. Gravity loading was applied according to the unit weights of the
soil and pile materials. Based on this modelling framework, a cohesion anisotropy formulation was further
introduced to account for the directional strength characteristics of natural sedimentary soils, as described
in the following section.

3.2 Implementation of Cohesion Anisotropy

Natural sedimentary soils often exhibit directional strength characteristics owing to deposition-induced
particle orientation [37]. Since the mobilized shear strength of soil is closely related to the principal
stress direction, the strength parameters may vary under different stress states. Previous studies have
shown that cohesion is more sensitive to strength anisotropy than the friction angle [9]. Accordingly, the
friction angle was held constant. Cohesion varied with the major principal-stress direction to represent
soil-strength anisotropy.

In the Mohr-Coulomb criterion, the shear strength of soil is governed by cohesion ¢ and friction angle
¢. When cohesion anisotropy is considered, the cohesion at an integration point is assumed to depend on
the angle between the major principal stress direction and the vertical deposition direction. The anisotropic
cohesion is expressed as

co=cp+(c,—cp)cos’ O (3)

where ¢y is the direction-dependent cohesion, ¢, is the horizontal cohesion, ¢, is the vertical cohesion along
the deposition direction, and 6 is the angle between the major principal stress direction and the vertical
direction. When 6 = 0, the major principal stress direction is aligned with the deposition direction and
¢g = ¢,. When 0 = 11/2, ¢ = ¢

The cohesion anisotropy coeflicient is defined as:

k=t (4)
Cy

Thus, Eq. (3) can be rewritten as:

cog=Cy (k +(1- k) cos® 6) (5)



Comput Model Eng Sci. 2026;149(1):22 9

when k =1, ¢g = ¢, = ¢, and the model degenerates into an isotropic cohesion model. In this study, k = 0.7 was
adopted to represent a moderate degree of cohesion anisotropy in natural sedimentary soils. This value is a
modelling assumption rather than a site-calibrated parameter. Because an independent sensitivity analysis of
k was not included in the present database, the resulting safety factors should be interpreted for the specified
anisotropy level; extending the framework to other depositional fabrics requires recalibration or a dedicated
sensitivity study.

For a two-dimensional stress state, the major principal stress direction can be determined from the
current stress components. Considering the horizontal stress oy, vertical stress 0,, and shear stress 7., the
following relationship can be obtained:

0y — Oy
2R

cos20 =

(6)

where

R:\/("y;"x)zﬂgy )

For the three-dimensional slope problem, the soil was assumed to be transversely anisotropic, with the

vertical direction taken as the deposition direction [37]. Two orthogonal vertical planes were considered,
namely the xy and yz planes. The corresponding values of cos*6 were calculated from the stress components
in these two planes, and the larger value was selected as the controlling directional parameter:

cos® 6 = max (cos2 Oy cos’ Qyz) (8)

The cohesion anisotropy model was implemented in ABAQUS using the USDFLD user subroutine. At
each material integration point, the current stress components were retrieved, and the directional parameter
cos’6 was calculated based on the local principal stress direction. This parameter was then assigned as a
field variable. Since the cohesion varies linearly with cos*6, the cohesion value was updated through the
predefined field-dependent material properties during the finite element analysis. In this way, the shear
strength of the soil could be dynamically adjusted according to the evolving stress direction.

3.3 Validation against Physical Model Tests

To evaluate the finite element modelling approach under the tested configuration, a numerical model
corresponding to the physical model test with s/D = 3 was established. The geometric dimensions, material
parameters, boundary conditions, and loading scheme were kept consistent with those used in the physical
test. Wang and Jin [38] reported that cohesion anisotropy coeflicient generally ranges from 0.5 to 1.0, with
k = 1.0 representing isotropic strength, and adopted k = 0.7 as a representative intermediate condition. Their
sensitivity results showed that the influence of k depends on slope geometry and cohesion level. For example,
for a gentle slope with ¢, = 47.88 kPa, the calculated safety factors were 1.51, 1.59, and 1.71 for k = 0.5, 0.7, and
1.0, respectively, whereas the corresponding influence was smaller for a steep slope. Based on this published
evidence, k = 0.7 was adopted in the present study as a representative moderate anisotropy level rather than
a universally optimal or site-calibrated value. The validation model is shown in Fig. 8.
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Figure 8: Finite element model for the validation case with a pile-spacing ratio of s/D = 3.

In the numerical model, the loading plate was simulated as a rigid body. A reference point was defined
at the center of the loading plate and coupled with the plate to impose displacement-controlled loading.
The bottom of the slope and the pile bases were fixed to reproduce the boundary constraint of the model
box and the welded pile bases in the experiment. Normal displacement constraints were applied to the side
boundaries of the soil domain. The analysis comprised 13 steps. The first step was used to establish the initial
stress state under self-weight, followed by 12 loading steps with a vertical displacement increment of 5 mm,
giving a final displacement of 60 mm.

The overall displacement magnitude of the numerical model at the final loading stage is shown in Fig. 9.
The displacement was mainly concentrated near the loading plate and gradually propagated toward the
interior of the slope. When the deformation developed toward the pile-reinforced region, the displacement
magnitude was significantly reduced owing to the restraining effect of the anti-slide piles. No continuous
failure surface was formed at the final loading stage, which is consistent with the physical model observations.

Fig. 10 further compares the displacement contours of the slope under the self-weight and final top-
loading conditions. Under self-weight, the slope deformation was relatively small and was mainly governed
by settlement. After the top loading was applied, the displacement field developed from the crest region
toward the slope body, while the displacement contours became denser around the pile-reinforced zone. This
indicates that the piles effectively limited the downslope movement of the soil and altered the deformation
path of the slope.
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Figure 9: Overall displacement magnitude of the finite element model at the final loading stage.
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Figure 10: Displacement contours of the slope under different loading conditions: (a) Self-weight condition; (b) Top-
loading condition.

The evolution of the maximum principal stress under different loading displacements is shown in Fig. 11.
At a loading displacement of 20 mm, the stress redistribution around the piles was still limited. As the
displacement increased to 40 mm, a distinct arch-shaped stress zone began to develop between adjacent piles,
suggesting the initial formation of a soil arching mechanism. When the displacement reached 60 mm, the
arch-shaped stress region became more pronounced and extended between adjacent piles. This development
indicates that the sliding-induced load was progressively transferred through the inter-pile soil to the piles.
This stress redistribution pattern is consistent with the earth pressure distribution observed in the physical
model tests.
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Figure 11: Maximum principal stress contours showing the evolution of the soil arching effect between anti-slide piles
under different loading displacements: (a) 20 mm; (b) 40 mm; (¢) 60 mm.

The bending moment distribution along the pile shaft is presented in Fig. 12. The bending moment
increased with the applied displacement, and the relatively large bending moment mainly occurred in
the middle-to-lower portion of the pile. This trend agrees with the experimental results, indicating that
the finite element model captures the main load-bearing region of the anti-slide pile under progressive
slope deformation.
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Figure 12: Simulated bending moment distribution along the pile shaft under different loading displacements.

Since the strain gauges in the physical model test covered only part of the pile length, the simulated
bending moments were extracted at the same measurement heights for quantitative comparison. The
comparison results are listed in Table 2. The average absolute relative errors were 19.39%, 15.53%, and 13.83%
for loading displacements of 20, 40, and 60 mm, respectively, giving an overall average of approximately
16.25%. Some relatively large percentage errors occurred in the upper part of the pile, where the measured
bending moments were small. For example, the relative errors at a pile height of 75 cm under 20 mm
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loading and at 65 cm under 40 mm loading were 29.14% and 28.34%, respectively, whereas the corresponding
absolute differences were only 2.69 and 3.27 N-m. Larger local relative errors occurred where the measured
bending moments were small and therefore more sensitive to modest absolute differences. Additional
discrepancies may arise from the idealized model-box boundaries, the fixed pile-base representation, the
Mohr-Coulomb soil idealization, and uncertainty in pile-soil contact parameters. Thus, the validation
supports the overall response pattern and load-bearing region, but does not imply pointwise agreement at
every measurement location.

Table 2: Comparison between simulated and experimental pile bending moments.

Loading Level Pile Height (cm) 35 45 55 65 75

Experimental moment (N-m) 129.20 81.83  34.61 15.95 9.23

Simulated moment (N-m) 146.35 104.84 40.84 1729 6.54
Relative error 13.27% 28.12% 18.00% 8.40% —29.14%

Absolute error (N-m) 17.15 23.01 6.23 1.34 2.69

20 mm loading displacement

Experimental moment (N-m) 223.80 148.00 48.45 11.54 6.92

Simulated moment (N-m)  208.50 153.30 56.71 14.81 8.43
Relative error -6.84% 3.58% 1705% 28.34% 21.82%

Absolute error (N-m) 15.30 5.30 8.26 3.27 1.51

40 mm loading displacement

Experimental moment (N-m) 318.39 21524 76.13  18.45 11.54

Simulated moment (N-m) 330.8 212.40 9324 2338  9.838
Relative error 390% —-1.32% 22.47% 26.72% -14.75%

Absolute error (N-m) 12.41 2.84 1711 4.93 1.70

60 mm loading displacement

Taken together, the finite element model reproduced three principal response characteristics observed
in the physical test: the absence of a continuous surface failure, the progressive development of the inter-pile
stress-arching pattern, and the variation and dominant region of pile bending. The quantitative comparison
included 15 paired bending-moment values covering three loading displacements and five elevations along
the pile. The mean absolute relative errors were 19.39%, 15.53%, and 13.83% at loading displacements of 20, 40,
and 60 mm, respectively, with an overall average of 16.25%. The consistency obtained across different loading
stages and pile elevations, together with the qualitative agreement in deformation and soil-arching patterns,
further supports the conclusion that, under the investigated test condition, the adopted FEM provides a
reasonable representation of the principal pile-soil interaction response.

3.4 Strength Reduction Analysis and Database Generation

The finite element strength reduction method was adopted to calculate the safety factor of pile-
reinforced slopes. For each numerical case, the initial geostatic equilibrium was first established under
self-weight. Subsequently, the soil strength parameters were reduced simultaneously using a strength
reduction factor F,. The reduced cohesion and friction angle were calculated as:

Cm = = (9)

F,
= arctan (tan L4 )
Pm = F

r

(10)
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where F, is the strength reduction factor, ¢, and ¢y, are the original cohesion and friction angle, respectively.
The cr and ¢ are the reduced cohesion and friction angle, respectively. Since the cohesion anisotropy model
was implemented through the USDFLD subroutine, the field-dependent cohesion parameters were updated
automatically using a Python-based preprocessing script during the strength reduction analysis.

A bisection search strategy was used to determine the critical reduction factor. For each trial value of F,, a
finite element analysis was performed to evaluate the stability state of the slope. Numerical non-convergence
was adopted as the failure criterion. The search stopped when the difference between the bounds was below
0.01. The corresponding critical reduction factor was defined as the slope safety factor, FS. For the baseline
case, the calculated FS was 2.078.

Representative cases provided a preliminary assessment of the key parameters. Pile spacing, soil
cohesion, and friction angle were varied individually, while all other parameters remained fixed. The results
are summarized in Table 3. As the pile spacing increased from 2 to 4 m, FS decreased from 2.218 to 1.962.
Thus, wider pile spacing weakened inter-pile restraint and reduced soil arching. In contrast, increasing the
cohesion from 15 to 35 kPa increased FS from 1.640 to 2.500, while increasing the friction angle from 15° to
35° increased FS from 1.593 to 2.546. These results confirm that the stability of pile-reinforced slopes is jointly
controlled by soil strength parameters and pile layout, which supports their selection as input variables for
subsequent machine-learning prediction.

Table 3: Safety factors of pile-reinforced slopes under different parameter variations.

Parameter Group Cohesion (kPa) Friction Angle (°) Pile Spacing (m) FS
25 25 2 2.218
Pile spacing variation 25 25 3 2.078
25 25 4 1.962
15 25 3 1.640
Cohesion variation 25 25 3 2.078
35 25 3 2.500
25 15 3 1.593
Friction angle variation 25 25 3 2.078
25 35 3 2.546

To generate a numerical database for machine-learning-based FS prediction, an automated FEM
workflow was developed. The workflow consisted of four main steps: parameter sampling, automatic model
generation, batch strength reduction analysis, and result extraction. In this framework, the finite element
model was automatically updated according to the sampled input parameters, and the corresponding FS was
calculated using the strength reduction procedure described above.

The input parameter space was sampled using a Sobol low-discrepancy sequence. Compared with
conventional random sampling, Sobol sampling reduces sample clustering and provides progressively more
uniform coverage of a bounded multidimensional domain. Six input variables were considered: soil unit
weight y, cohesion ¢, friction angle ¢, pile position x,, pile diameter D, and spacing ratio s/D. The pile spacing
s was calculated from the sampled pile diameter and spacing ratio. The parameter ranges (Table 4) were
not derived from a specific case history or design code. They were deliberately selected as broad, physically
feasible intervals to cover diverse soil properties and pile layouts. These ranges define the applicability domain
of the present surrogate model rather than universal design limits.
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Table 4: Statistical characteristics of variables in the pile-reinforced slope database.

Features Statistical Characteristics
Variable Type  Symbol Description Mean Standard Deviation Min Max
Input y Unit weight (kN/m?) 20.5 2.022 17011 23.999
Input c Cobhesion (kPa) 25.0 8.664 10.017  39.978
Input ® Friction angle (°) 25.0 8.664 10.022  39.972
Input X Pile position (m) 75 3.177 2.002  13.000
Input D Pile diameter (m) 1.7 0.404 1.000 2.400
Input s/D Spacing ratio 4.0 1.155 2.004 6.000
Output FS Safety factor 1.6 0.532 0.300 3.000

To quantitatively evaluate the space-filling quality of the Sobol samples, the six input variables were
first normalized to the unit hypercube according to their prescribed lower and upper bounds. The centered
discrepancy was then calculated for nested Sobol subsets containing 64, 128, 256, 512, and 1024 samples.
Smaller discrepancy values indicate a more uniform distribution of sampling points within the multidimen-
sional parameter space. Powers-of-two sample sizes were selected to preserve the balance properties of the
Sobol sequence.

As shown in Fig. 13, the centered discrepancy decreased monotonically as the number of Sobol samples
increased. The discrepancy values were 5.319 x 1072, 1.592 x 1072, 5.497 x 107, 1.781 x 107*, and 6.120 x
107 for 64, 128, 256, 512, and 1024 samples, respectively. From 64 to 1024 samples, the centered discrepancy
decreased by approximately 98.85%, demonstrating a substantial improvement in the uniformity of coverage
of the six-dimensional input domain. The reduction remained evident when the sample size increased from
512 to 1024, supporting the use of 1024 samples from the perspective of parameter-space coverage.

o
d
\
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64 128 256 512 1024
Number of Sobol samples

Figure 13: Centered discrepancy of nested Sobol sample sets in the normalized six-dimensional input space.

A total of 1024 (2'°) finite element cases were therefore generated using the Sobol sequence. After each
strength-reduction analysis, the calculated FS, solution status, and diagnostic information were automatically
extracted and stored in structured CSV files. The individual files were subsequently merged and sorted
according to the sample index to form the final finite element database. The centered-discrepancy analysis
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evaluates only the coverage of the input parameter space. The adequacy of the database for machine-learning
training is examined separately through the KAN database-size sensitivity analysis presented in Section 4.5.

3.5 Sensitivity Analysis of Anisotropic Coefficient k

In the present study, the anisotropic strength coefficient k was adopted as 0.7 during FEM database
generation based on previous investigations of soil strength anisotropy [38]. Although previous studies
have reported that the anisotropic coefficient generally ranges from 0.5 to 1.0, the slope configurations and
reinforcement conditions considered therein are different from those investigated in this study. Therefore, a
sensitivity analysis was performed to examine whether the selection of k influences the generated FS labels
and the subsequent data-driven analysis.

After completing the FEM database, three representative cases were selected from the FEM database
according to their FS values (Table 5), including a marginally stable case, a medium-stability case, and a
highly stable case. These cases cover different stability states within the generated database. Keeping all other
geometric and material parameters unchanged, additional FEM strength-reduction analyses were conducted
by assigning k = 0.5, 0.7, and 1.0. The corresponding FS values and relative variations are summarized
in Table 6.

Table 5: Representative cases selected from FEM database.

Case y (kKN/m?) ¢ (kPa) 9 (°) x (m) D (m) s/D
Case 1 (ID12) 20.3469 15.3514 19.2551 3.3468 2.0979 4.2915
Case 2 (ID2) 21.8579 16.8791 30.5641 4.3969 2.0355 3.5953
Case 3 (ID1) 17.3727 39.3724 23.6599 8.8362 1.2757 4.0254

Table 6: Sensitivity of FS to k.

Case ESi-0.7 FSk-o5 AFSi - o5 FSk-1.0 AFS;-1.0
Casel 0.975 0.910 -6.70% 1.070 9.70%
Case 2 1.297 1.240 —4.40% 1.380 6.40%
Case 3 2.453 2.249 -8.30% 2.701 10.10%

As shown in Table 6, increasing k from 0.5 to 1.0 increases the calculated FS because a higher k value
corresponds to a weaker degree of cohesion anisotropy and therefore a higher mobilized soil strength.
Relative to the baseline results at k = 0.7, decreasing k to 0.5 changes FS by —8.3% to —4.4%, whereas
increasing k to 1.0 changes FS by +6.4% to +10.1%. Although the absolute FS values vary with k, the three
cases retain the same relative stability ordering. Since the variation induced by k is within a limited range
and does not alter the relative stability trend, the selected k = 0.7 provides a reasonable representation
for constructing the FEM database. Accordingly, k = 0.7 was retained as a representative intermediate
value for database construction. The consistent response direction and unchanged stability ordering provide
supporting evidence that the qualitative data-driven interpretation is unlikely to be dominated by the selected
k within the examined range.
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4 Machine Learning-Based Safety Factor Prediction

Based on the finite element database constructed in Section 3, a machine-learning-based framework was
developed for rapid FS prediction of pile-reinforced slopes. As shown in Fig. 14, the overall workflow consists
of data representation and preprocessing, training-test splitting, cross-validation-based hyperparameter
optimization, comparative evaluation of multiple machine-learning models, and SHAP-based interpretabil-
ity analysis. The trained models captured the nonlinear relationship between soil-pile parameters and the
slope safety factor. SHAP analysis [29,39] quantified the contributions of the input variables.
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Figure 14: Data-driven framework for machine-learning-based FS prediction and SHAP-based interpretability
analysis.

4.1 Data Representation and Preprocessing

The finite element database generated in Section 3.4 was used to develop machine-learning models for
rapid safety factor prediction of pile-reinforced slopes. Each numerical sample was represented by a tabular
input-output pair [40]. The input vector consisted of six variables, including the soil unit weight y, cohesion
¢, friction angle g, pile position x,, pile diameter D, and spacing ratio s/D. The corresponding output was the
safety factor, denoted as FS, obtained from the finite element strength reduction method.
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For the i-th sample, the input vector can be expressed as:
X; = [y,-,ci,<p,-,xp,,»,Di,(s/D)i] (11)
and the corresponding target value is
yi=FS; (12)

where x; is the input feature vector and y; is the FEM-derived safety factor.

Before model training, all samples were checked to ensure that the finite element analyses were
successfully completed and that the extracted FS values were valid. The database was then divided into
training and test sets [41]. The training set was used for model fitting and hyperparameter selection, whereas
the test set was retained for evaluating the generalization performance of the trained models [15]. Since the
six input variables have different physical units and numerical ranges, feature standardization was applied
before model training [16].

For each input variable, the standardized value was calculated as:

Xij = Xij T Hj 13)
9j

where x;; is the original value of the j-th feature in the i-th sample, and y; and o} are the mean and standard

deviation of the j-th feature, respectively. To avoid data leakage, y; and o; were calculated only from the

training set and then applied to both the training and test sets. The target variable FS was kept in its original

physical scale for model evaluation.

The standardized input features and FEM-derived FS values were then used to train and compare
different machine-learning models. This data representation enabled the nonlinear relationship between
soil parameters, pile layout characteristics, and slope stability to be learned directly from the finite
element database.

4.2 Machine Learning Models and Evaluation Metrics

To establish a reliable data-driven mapping between the input parameters and FS, a library of twelve
machine-learning algorithms was developed and evaluated [14], as illustrated in Fig. 14. The selected models
cover representative regression strategies, including tree-based ensemble learning, single-tree learning,
instance-based learning, and neural-network-based learning. The model categories and corresponding
algorithms are summarized in Table 7. This model library enables a systematic comparison of different
nonlinear regression approaches for FS prediction of pile-reinforced slopes.

Table 7: Machine-learning models used for FS prediction.

Model Category Models Role
Tree-based ensemble AdaBoost, CatBoost, GBM, HGBM, Nonlinear regression and feature
models [14] LightGBM, Random Forest, XGB interaction learning
Single-tree models [14] DecisionTree, ExtraTree Baseline tree models
Instance-based model KNN Local similarity-based prediction

Neural-network-based

models [28,42,43] MLP, KAN Nonlinear function approximation
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The finite element database was divided into a training set and an independent test set with a ratio
of 7:3 [44]. The training set was used for model fitting and hyperparameter optimization, whereas the test
set was used only for the final evaluation of generalization performance. To improve model robustness and
reduce the influence of a single data split during hyperparameter selection, 10-fold cross-validation was
performed on the training set [45]. In each cross-validation iteration, nine folds were used for training and
the remaining fold was used for validation [22]. The optimal hyperparameter combination was determined
using RandomizedSearchCV [21], and the final model was retrained on the complete training set before
being evaluated on the independent test set [46].

Model performance was evaluated using five regression metrics: the coeflicient of determination
R* [13,23], mean squared error (MSE) [47], root mean squared error (RMSE), mean absolute error
(MAE) [16], and mean absolute percentage error (MAPE) [48]. These metrics are defined as follows:

2 Z?:l()’i_f’i)z

R*=1- &= JU (14)
Z?:l ()’i ‘?)2

MSE = % S (yi— i)’ (15)
i=1

RMSE = \J % S (i) (16)

i=1

1 & .
MAE = ;Zb’i—yi’ (17)
i=1
L &\ yi— i ‘
MAPE = — — (18)
h ; Vi

where y; and j; are the FEM-derived and predicted safety factors of the i-th sample, respectively, y is the mean
value of the FEM-derived safety factors, and n is the number of evaluated samples. A higher R* and lower
MSE, RMSE, MAE, and MAPE indicate better prediction accuracy. In addition, the differences between the
training and test metrics were analyzed to assess the generalization ability and potential overfitting behavior
of each model.

4.3 Comparative Prediction Performance

Table 8 summarizes the prediction performance of the twelve models on the training and test sets,
and Fig. 15 visualizes the corresponding metrics. MLP achieved the highest test R* (0.928) and the lowest
test RMSE (0.138). KAN ranked second in test R? (0.913; difference from MLP = 0.015) and RMSE (0.152),
while its test MAE (0.084) was slightly lower than that of MLP (0.085); both models had a test MAPE of
0.058. Overall, MLP provided the strongest accuracy-oriented result on the selected test split, whereas KAN
showed competitive performance with a slightly lower MAE. These metric differences alone do not establish
statistical superiority; therefore, paired statistical comparisons are presented in Section 4.4.

Among the tree-based ensemble models, CatBoost and LightGBM produced relatively stable test
performance. CatBoost achieved a test R* of 0.889 and RMSE of 0.171, while LightGBM achieved a test R?
of 0.880 and RMSE of 0.178. HGBM and GBM also showed acceptable predictive performance, with test R*
values of 0.868 and 0.863, respectively. However, some models exhibited a clear discrepancy between training
and test performance. For example, KNN achieved a perfect training R? of 1.000, but its test R* decreased to
0.858. Similarly, XGB obtained a training R* of 0.998, whereas its test R* was only 0.840. These results indicate
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that excellent fitting performance on the training set does not necessarily guarantee robust prediction on

unseen data.

Table 8: Comparison of evaluation metrics for the twelve models on the training and test sets.

MSE RMSE MAE MAPE
Model

Train Test Train Test Train Test Train Test Train Test
AdaBoost 0.977 0.830 0.007 0.045 0.081 0211 0.066 0136 0.049 0.092
CatBoost 0.966 0.889 0.010 0.029 0.099 0171 0.056 0.093 0.043 0.060
DecisionTree 0.792 0.685 0.061 0.083 0246 0.288 0.165 0.210 0.123 0.138
ExtraTree 0.854 0.829 0.043 0.045 0.206 0.212 0.132 0.141 0.103  0.095
GBM 0994 0863 0.002 0.036 0.041 0190 0.024 0.113 0.019 0.074
HGBM 0.973 0.868 0.008 0.035 0.088 0.186 0.045 0.115 0.037  0.077
KAN 0.930 0.913 0.020 0.023  0.143 0.152 0.074 0.084 0.061 0.058
KNN 1.000 0.858 0.000 0.037 0.000 0.193 0.000 0.134 0.000 0.094
LightGBM 0.952 0.880 0.014 0.032 0.8 0.178 0.064 0.109 0.053 0.074
MLP 0912 0928 0.026 0.019 0160 0.138 0.087 0.085 0.070 0.058
RandomForest 0.976 0.836 0.007 0.043 0.084 0.208 0.053 0.144 0.041 0.096
XGB 0.998 0.840 0.001 0.042 0.022 0.205 0.017 0.128 0.012  0.085

(a) AdaBoost - 0.081 0.066 0.049 (b) AdaBoost - 0.830 0.045 0.211 0.136 0.092

CatBoost m 0.099 0.056 0.043 CatBoost - 0.889 0.029 0.171 0.093 0.060

ExtraTree - 0.854 0.043 0.206 0.132 0.103 ExtraTree - 0.829 0.045 0.212 0.141 0.095

GBM - 0.863 0.036 0.190 0.113 0.074

HGBM - 0.088 0.037 HGBM - 0.868 0.035 0.186 0.115 0.077

AN - 0.930 0.020 0.143 0.074 0.061 KAN - 0.913 0.023 0.152 0.084 0.058

LightGBM - m 0.118 0.064 0.053 LightGBM - 0.880 0.032 0.178 0.109 0.074
MLP - 0.912 0.026 0.160 0.087 0.070 MLP - 0.928 0.019 0.138 0.085 0.058
RandomForest - 0.976 0.007 0.084 0.053 0.041 RandomForest - 0.836 0.043 0.208 0.144 0.096
m XGB- 0840 0.042 0.205 0.128 0.085
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Figure 15: Heatmap comparison of evaluation metrics for the twelve models: (a) Training set; (b) Test set.

The average-rank-based comparison shown in Fig. 16 further confirms the strong performance of MLP
and KAN on the independent test set. Although MLP ranked first with an average rank of 1.30, KAN ranked
second with an average rank of 1.70, showing only a small difference from MLP. In contrast, KNN, XGB,
and GBM ranked among the best models on the training set but showed lower rankings on the test set. This
ranking shift suggests that these models may have learned sample-specific patterns in the training data rather
than a generalizable relationship between the input variables and FS. Compared with these models, KAN
maintained a more balanced performance across the training and test sets, demonstrating its robustness for
FS prediction of pile-reinforced slopes.
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Figure 16: Average-rank-based overall performance comparison of the twelve models: (a) Training set; (b) Test set.

The train-test performance gaps in terms of R* and MSE are shown in Fig. 17. KAN exhibited a small R*
gap of 0.017 and an MSE gap of 0.003, indicating limited overfitting and stable generalization performance.
In comparison, XGB, KNN, AdaBoost, Random Forest, and GBM showed relatively large train-test gaps,
despite their high training accuracy. MLP showed the smallest gap, with its test performance slightly better
than its training performance. This phenomenon may be related to the data split, regularization effect, or the
distribution of samples in the test set. Therefore, although MLP achieved the highest numerical accuracy on
the test set, KAN provided a more consistent balance between fitting ability and generalization stability.
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Figure 17: Train-test performance gaps of the twelve models in terms of R? and MSE.

Fig. 18 presents the parity plots of predicted vs. FEM-derived FS values for the twelve models. For KAN
and MLP, most samples are distributed close to the y = x reference line and remain largely within the +15%
error bounds. This distribution indicates good agreement between predicted and FEM-derived FS values.
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CatBoost and LightGBM also show relatively compact point distributions, although their test samples exhibit
slightly larger scatter than those of KAN and MLP. By contrast, DecisionTree and ExtraTree show more
dispersed predictions, especially in the medium-to-high FS range. KNN and XGB fit the training samples
very closely, but their test samples deviate more noticeably from the reference line, which is consistent with
their larger train-test performance gaps.
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Figure 18: Parity plots of predicted vs. FEM-derived safety factors for the twelve machine learning models:
(a) AdaBoost, (b) CatBoost, (c) DecisionTree, (d) ExtraTree, (¢) GBM, (f) HGBM, (g) KAN, (h) KNN, (i) LightGBM,
(j) MLP, (k) RandomForest, and (1) XGB.
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Qi and Tang [18] compared six firefly-algorithm-optimized machine-learning classifiers using 148 field
slope cases. Their results showed that SVM achieved the best test performance, with an AUC of 0.967
and an accuracy of 0.96, followed by GBM and Random Forest, whereas the multilayer perceptron neural
network achieved an AUC of 0.864. In contrast, the present continuous FS regression identified MLP,
KAN, and CatBoost as the leading group. This difference in model ranking is not contradictory because
the two studies address different prediction tasks and data structures. Reference [18] classified ordinary
slopes using field cases characterized by slope geometry, pore-water ratio, and soil properties, whereas the
present study predicts continuous FS values from 1024 three-dimensional FEM cases of pile-reinforced slopes
and explicitly includes pile position, diameter, and spacing ratio. Nevertheless, both studies indicate that
nonlinear ensemble, kernel-based, or neural-network models generally outperform a single decision tree.
These comparisons confirm that the optimal algorithm is dependent on the prediction objective, database
source, and engineering variables rather than being universally superior.

Opverall, MLP provided the strongest accuracy-oriented result on the selected test split, whereas KAN
provided competitive accuracy together with an R* train-test gap of 0.017 and a model structure suitable for
the subsequent SHAP analysis. KAN is therefore used as the primary model for interpretation and system
demonstration, not claimed to be statistically more accurate than MLP. MLP is retained as the principal
accuracy benchmark.

4.4 Paired Statistical Comparison of Model Performance

To determine whether the observed performance differences were statistically meaningful, paired
statistical tests were conducted using the sample-wise absolute errors of the twelve models on the same
308 independent test samples. The overall differences were first assessed using the Friedman test. Pairwise
Wilcoxon signed-rank tests with Holm correction were subsequently performed. In addition, paired boot-
strap resampling with 10,000 repetitions was used to estimate the 95% confidence intervals of the RMSE and
MAE differences between MLP and KAN.

Fig. 19 compares the distributions of the sample-wise absolute prediction errors. KAN, CatBoost, and
MLP exhibited the most favorable overall error distributions, with mean absolute-error ranks of 4.672, 4.698,
and 4.938, respectively. MLP achieved the lowest RMSE of 0.138, indicating better control of relatively large
prediction errors. In contrast, KAN produced a slightly lower MAE and median absolute error than MLP,
with corresponding values of 0.084 and 0.042. Thus, neither model was consistently superior across all
error measures.

The Friedman test indicated a significant overall difference among the twelve models (y*(11) = 458.10,
p < 0.001), confirming that the model performances were not equivalent on the selected test set. The
Holm-corrected pairwise results are summarized in Fig. 20. Significant differences were observed between
the leading models and several lower-performing models. However, no statistically significant pairwise
differences were detected among KAN, MLP, and CatBoost. For KAN and MLP, the Wilcoxon signed-rank
test yielded a raw p-value of 0.325 and a Holm-adjusted p-value of 1.000. The rank-biserial effect size was
—0.065, indicating only a small difference. KAN produced a lower absolute error for 53.6% of the test samples,
whereas MLP performed better for 46.4%. These results show that the numerical differences between KAN
and MLP were not statistically significant in terms of sample-wise absolute error.
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Figure 19: Distributions of sample-wise absolute prediction errors for the twelve machine-learning models on the
independent test set.
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Figure 20: Pairwise statistical significance matrix of the twelve machine-learning models based on Wilcoxon signed-
rank tests with Holm correction. S and NS denote statistically significant and nonsignificant differences at the 0.05 level,
respectively.
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The empirical cumulative distributions in Fig. 21 further show substantial overlap among KAN, MLP,
and CatBoost, supporting their comparable error distributions. Although MLP achieved a lower RMSE than
KAN, the paired bootstrap estimate of the RMSE difference, defined as RMSEy;p — RMSExn, was —0.0137,
with a 95% confidence interval of [-0.0265, 0.0004]. The corresponding MAE difference was 0.0008, with a
95% confidence interval of [—0.0065, 0.0081]. Both intervals included zero.
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Figure 21: Empirical cumulative distributions of absolute prediction errors for KAN, MLP, and CatBoost.

Overall, MLP achieved the best accuracy-oriented performance, whereas KAN showed statistically
comparable sample-wise errors, a slightly lower MAE and median absolute error, and a small train-test
gap. KAN was therefore selected as the representative model for the subsequent database-size, additional-
case, and SHAP analyses, while MLP was retained as the principal accuracy benchmark. This selection
reflects the analytical focus of the present study rather than statistical superiority of KAN over MLP. These
statistical conclusions are conditional on the selected independent test split and do not quantify the variability
associated with alternative train-test partitions.

4.5 Database-Size Sensitivity Analysis of the Representative KAN Model

Based on the comparative and statistical results in Sections 4.3 and 4.4, KAN was selected as the
representative model for evaluating database-size sensitivity. This choice was based on its competitive
predictive performance and its role in the subsequent interpretation and system analyses, rather than on
an assumption of statistical superiority over MLP. Nested Sobol subsets containing 128, 256, 512, 768, and
1024 samples were evaluated using three repetitions of five-fold cross-validation. The KAN architecture and
training hyperparameters were kept unchanged for all subsets, and the mean and standard deviation of R?,
RMSE, and MAE were used to characterize prediction accuracy and variability. The resulting learning curves
are shown in Fig. 22.

As shown in Fig. 22, increasing the database size consistently improved the mean prediction accuracy
and generally reduced the variability among different data partitions. When the number of samples increased
from 128 to 1024, the mean R? increased from 0.649 + 0.188 to 0.895 + 0.034. Over the same range, the mean
RMSE decreased from 0.297 + 0.069 to 0.170 + 0.026, while the mean MAE decreased from 0.180 + 0.037 to
0.085 + 0.008. The substantial reduction in the standard deviations also indicates that model performance
became less sensitive to the particular training-validation partition as the database expanded. The largest
improvements occurred when the database size increased from 128 to 512 samples. Beyond 512 samples, the
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learning curves gradually flattened. Increasing the database from 768 to 1024 samples improved the mean
R* by only 0.0148, while the mean RMSE and MAE decreased by 4.75% and 5.62%, respectively. Meanwhile,
the standard deviation of R* decreased from 0.063 to 0.034. These results indicate that the learning curve

was approaching a plateau and that the 1024-sample database provides reasonably stable KAN performance
within the investigated parameter domain.
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Figure 22: Database-size sensitivity of the KAN model based on three repetitions of five-fold cross-validation: (a) R*;
(b) RMSE; and (¢) MAE.

4.6 Generalization Analysis of the Representative KAN Model

To further assess the predictive behavior of the representative KAN model, three additional cases were
evaluated. These cases were not included in the training or test sets, but all input variables remained within

the ranges listed in Table 4. The corresponding FEM-derived FS values and KAN-predicted FS values are
shown in Fig. 23.
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Predicted SF: 1.76 Predicted SF: 1.29 Predicted SF: 0.86
Error: 1.38% Error: 4.32% Error: -18.98%

Figure 23: Representative generalization cases of the KAN model for pile-reinforced slope FS prediction: (a) Low-error,
(b) Moderate-error, and (c) high-error cases.

As shown in Fig. 23a, KAN predicted the low-error case with an FEM-derived FS of 1.73, a predicted FS
of 1.76, and a relative error of 1.38%. For the moderate-error case in Fig. 23b, the corresponding values were
1.23 and 1.29, with a relative error of 4.32%. In the high-error case (Fig. 23¢), however, the FEM-derived FS
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was 1.06 and the predicted FS was 0.86, giving a relative error of —18.98%. The results indicate that remaining
within the prescribed input ranges does not guarantee uniformly low prediction errors for every parameter
combination. FEM verification is therefore required for unusual parameter combinations, cases close to the
stability threshold, and safety-critical or final-design applications.

5 SHAP-Based Interpretation and Software Implementation

Although the comparative results in Section 4.3 demonstrate the predictive capability of the developed
machine-learning models, their practical use in slope engineering also requires interpretability and deploy-
ability. Engineers need to understand how different soil and pile parameters contribute to the predicted
ES, rather than relying only on black-box numerical outputs. Therefore, SHAP analysis was introduced to
quantify both the global and local contributions of input variables to FS prediction. Based on the comparative
and statistical analyses, KAN was retained as the representative model for detailed SHAP interpretation,
while MLP was used as the accuracy-oriented reference model. SHAP is model agnostic; therefore, the
present analysis does not assume that KAN is intrinsically more interpretable than MLP. Instead, the two
models were compared to determine whether their learned relationships were physically consistent and
robust to model architecture. Furthermore, a machine-learning-based prediction system was developed
to integrate parameter input, model inference, result visualization, and interpretability analysis, thereby
supporting rapid stability assessment of pile-reinforced slopes.

5.1 Global SHAP Interpretation

To investigate the global feature importance of the developed machine-learning models, SHAP sum-
mary plots were generated for all twelve models, as shown in Fig. 24.

A consistent pattern was observed across most models. From a geotechnical perspective, cohesion
¢ and friction angle ¢ dominate the prediction because they directly determine the mobilized Mohr-
Coulomb shear resistance throughout the potentially deforming soil mass. Their influence is therefore more
system-wide than that of the pile-layout variables, which mainly modify the local pile-soil interaction and
load-transfer mechanisms. The negative contribution of unit weight y reflects the increase in gravitational
driving force. Pile diameter D affects pile stiffness and the transfer of soil reaction to the piles, whereas
the spacing ratio s/D controls the overlap of adjacent pile restraint zones and the development of inter-
pile soil arching. The latter interpretation is consistent with the physical tests, in which the smaller spacing
ratio produced more pronounced arch-shaped cracking, stronger earth-pressure concentration between the
piles, and larger pile bending responses. The comparatively small contribution of pile position x, should be
interpreted within the fixed slope geometry and sampled parameter interval adopted in this study.

Among the twelve models, the representative KAN model exhibited a physically consistent SHAP
pattern. In Fig. 24g, ¢ and ¢ remain the two dominant variables, followed by D, while s/D and y play
secondary roles and x, has only a minor global influence. The ordering of feature importance identified
by KAN is broadly consistent with the established understanding that soil strength parameters primarily
govern slope stability, whereas pile geometric parameters provide supplementary control. This agreement
between SHAP-based interpretation and engineering intuition further supports the physical consistency of
the KAN-based interpretation.
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Figure 24: SHAP summary plots for safety factor prediction using the twelve machine learning models: (a) AdaBoost,
(b) CatBoost, (c) DecisionTree, (d) ExtraTree, (¢) GBM, (f) HGBM, (g) KAN, (h) KNN, (i) LightGBM, (j) MLP,
(k) RandomForest, and (1) XGB.

5.2 Quantitative Feature Contribution and Local SHAP Explanation

Normalized mean absolute SHAP values quantified the relative feature contributions of the twelve
models, as shown in Fig. 25. The results are generally consistent with the SHAP summary plots in Fig. 24. Soil
cohesion cand friction angle ¢ contribute the most to FS prediction in most models, followed by pile diameter
D. In contrast, spacing ratio s/D, soil unit weight y, and pile position x, show relatively smaller contributions.
Across the twelve models, the combined contribution of ¢ and ¢ is generally close to or greater than 60%,
indicating that soil strength parameters dominate the predicted stability response of pile-reinforced slopes.
Qi and Tang [18] also identified cohesion as the most influential variable, with an importance score of
0.310, followed by friction angle and unit weight. This ranking is broadly consistent with the present SHAP
results, although their analysis concerned unreinforced-slope classification rather than FS regression for
pile-reinforced slopes.
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Figure 25: SHAP-based feature contribution analysis for safety factor prediction using the twelve machine learning
models: (a) AdaBoost, (b) CatBoost, (c) DecisionTree, (d) Extralree, (¢) GBM, (f) HGBM, (g) KAN, (h) KNN,
(i) LightGBM, (j) MLP, (k) RandomForest, and (1) XGB.

The effectiveness of these geometric mechanisms also depends on soil strength. Higher cohesion
and friction angle enable the inter-pile soil to sustain a stronger stress arch and transfer more sliding
thrust to the piles, whereas weaker soil conditions may limit the mobilization of soil arching. Therefore,
the effects of D and s/D should be interpreted as coupled pile-soil responses rather than independent
one-dimensional relationships.

For the representative KAN model, the contribution pattern is physically reasonable and consistent with
engineering expectations. As shown in Fig. 25g, cohesion and friction angle contributed 30.7% and 29.4%,
respectively, jointly accounting for 60.1% of the normalized mean absolute SHAP contribution. Pile diameter
ranked third with a contribution of 18.5%, followed by spacing ratio and unit weight, both approximately
9.8%, while pile position contributed only 1.7%. This feature hierarchy is consistent with the principal
geotechnical mechanisms represented in the FEM database.

The feature-dependence relationships of KAN and MLP are shown in Figs. Al and A2. Increasing ¢
and ¢ generally produces positive SHAP values because it increases mobilized shear resistance, whereas
increasing y produces negative contributions by increasing the gravitational driving force. The effect of D is
model dependent because a larger diameter changes both pile stiffness and the absolute spacing s implied
by a given s/D. Increasing s/D generally reduces the SHAP contribution, consistent with the physical tests:
wider spacing weakens cooperative pile restraint and the transfer of sliding thrust through an inter-pile soil
arch. These coupled trends explain why geometric variables have lower global importance than ¢ and ¢ but
remain relevant under specific parameter combinations. The agreement between KAN and MLP for the
principal soil parameters indicates that these physically meaningful relationships are not specific to a single
model architecture.
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To examine the prediction mechanism at the individual-sample level, local SHAP explanations of KAN
and MLP were compared, as shown in Fig. 26. For the selected sample, the predicted FS values of KAN
and MLP are 1.55 and 1.47, respectively. In both models, cohesion ¢ and friction angle ¢ provide positive
contributions to the predicted FS. In contrast, a larger spacing ratio s/D, unit weight y, and pile diameter
D reduce predictions relative to the baseline. The local explanation therefore agrees with the global SHAP
results, confirming that the soil strength parameters are the main stabilizing factors, while pile layout and
self-weight-related parameters may reduce or modify the stability response depending on their values.
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Figure 26: Local SHAP explanation of FS prediction for the selected sample: (a) KAN and (b) MLP.

5.3 Development of a Machine-Learning-Based FS Prediction System

To improve practical usability, an interactive research prototype was established for pile-reinforced
slopes. The system integrates trained models, parameter management, single-case and batch prediction,
model comparison, and SHAP-based interpretation. Once a model is loaded, inference avoids repeated finite
element strength-reduction runs and is therefore suitable for rapid preliminary screening and sensitivity
exploration. It is not a substitute for project-specific design verification.

Fig. 27 shows the single-case prediction interface of the developed system. Users can input six key
parameters, including soil unit weight y, cohesion ¢, friction angle ¢, pile position x;, pile diameter D, and
spacing ratio s/D. After the input parameters are specified, the system automatically calls the integrated
trained models and outputs the predicted FS values. The prediction results of different models are displayed
simultaneously, allowing users to compare the responses of multiple algorithms under the same engineering
condition. This design improves the transparency of model selection and provides a convenient basis for
preliminary stability assessment.

The visualization and interpretation module is shown in Fig. 28. It provides model-performance
comparison, local SHAP explanation, and feature-importance ranking. The system is restricted to the six
inputs and the slope and pile configuration represented by the database. It does not explicitly account
for layered or spatially variable ground, groundwater variation, alternative pile layouts, seismic loading,
or construction effects. Users should therefore check that all inputs fall within Table 4 and perform finite
element verification for out-of-domain, safety-critical, or final-design applications.
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Figure 28: Visualization and interpretation module of the machine-learning-based safety factor prediction system.
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Figure 27: Prediction interface of the machine-learning-based safety factor prediction system.
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The platform is intended for preliminary screening, rapid comparison of parameter combinations, batch
prediction, and SHAP-based interpretation. Since it directly calls pre-trained models, routine prediction can

be performed on a conventional desktop or laptop computer without a dedicated GPU. Its application should
remain within the parameter ranges and slope configuration represented by the present database.
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5.4 Applicability and Future Extension

The proposed framework is developed for rapid FS prediction of pile-reinforced slopes within the
parameter space and structural configuration represented by the present FEM database. The current model
considers six principal variables describing soil strength, unit weight, pile position, pile diameter, and spacing
ratio. Within this domain, the framework provides an efficient tool for preliminary stability assessment,
model comparison, and parameter-sensitivity analysis.

Application to substantially different geological conditions, reinforcement layouts, or loading scenarios
requires corresponding extension of the training database. For example, layered ground, groundwater
variation, alternative pile arrangements, or additional environmental and dynamic loads may introduce
response mechanisms that are not fully represented by the current input set. In such cases, the present
workflow can be extended by introducing additional variables, generating new FEM samples, and retraining
the surrogate models.

Therefore, the trained models should primarily be used for cases that are consistent with the ranges
and configuration summarized in Table 4. For conditions beyond this domain, supplementary numerical
verification or database enrichment is recommended. The modular structure of the proposed framework
allows these extensions to be incorporated without changing the overall experimental-numerical-data-
driven methodology.

6 Conclusion

This study developed an experimental-numerical-data-driven framework for rapid and interpretable
ES prediction of pile-reinforced slopes. The main scientific contribution lies in linking physical observa-
tions of pile-soil interaction with three-dimensional FEM database construction, statistical comparison of
multiple surrogate models, and SHAP-based engineering interpretation. The principal conclusions are as
follows.

1. The physical tests demonstrated that pile spacing significantly affects inter-pile soil arching, earth-
pressure redistribution, and pile bending response. The smaller spacing ratio produced more
pronounced arch-shaped cracking and stronger load transfer to the piles, providing a physical basis for
interpreting the influence of pile-layout variables.

2. The three-dimensional FEM model incorporating cohesion anisotropy reproduced the principal defor-
mation pattern, soil-arching evolution, and dominant pile-bending region observed in the tests. This
agreement indicates that the model reasonably represents the principal pile-soil interaction response
under this condition.

3. A Sobol-sampled database containing 1024 FEM cases was constructed using six soil and pile-layout
variables. The centered-discrepancy analysis confirmed progressively improved coverage of the input
space, while the KAN learning curves showed increasingly stable prediction performance as the
database size increased.

4. Among the twelve models, MLP achieved the highest test-set accuracy, whereas KAN exhibited
statistically comparable sample-wise errors and a slightly lower MAE and median absolute error. KAN
was therefore selected as the representative model for database-size, additional-case, and SHAP analyses,
while MLP was retained as the accuracy-oriented benchmark. This selection reflects the analytical focus
of the study rather than statistical superiority of KAN.

5. The SHAP results showed that cohesion and friction angle dominate FS prediction because they directly
control the mobilized shear resistance. Pile diameter and spacing ratio influence stability through pile
stiffness, pile-soil load transfer, and soil arching. The developed platform can support rapid preliminary
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screening, comparison of parameter combinations, and sensitivity interpretation without repeated FEM

strength-reduction analyses.

The present framework is established for the parameter ranges and pile-reinforced slope configuration
represented in the current database. Its extension to more complex geological conditions, alternative

reinforcement layouts, and additional loading scenarios requires corresponding expansion of the FEM
database and input variables. Future work will focus on these extensions together with broader experimental

and engineering validation.
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Figure Al: SHAP dependence plots of key input variables for FS prediction using the KAN model: (a) Unit weight y;
(b) Cohesion ¢; (c) Friction angle ¢; (d) Pile position x,; (e) Pile diameter D; and (f) Spacing ratio s/D.
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