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Abstract 

The classical Rankine and Coulomb theories frequently encounter difficulties in accurately modeling 
the complex, nonlinear, and displacement-coupled behavior of earth pressure on retaining walls 
under non-limit states. The present study proposes a “key feature refinement strategy based on 
collinearity analysis” and employs the said strategy by applying it to model test data. The strategy 
identified an optimum set of five physical parameters, namely displacement mode (DM), relative 
displacement (Δ/H), relative depth (Z/H), unit weight (γ), and internal friction angle (φ). A machine 
learning (ML) model has been developed that integrates Categorical Boosting with SHapley Additive 
exPlanations (CatBoost-SHAP). This model has been found to exhibit a marked enhancement in 
accuracy (R² = 0.917) when compared to classical theories, while concurrently offering the distinct 
advantage of explicit interpretability. SHAP analysis has been demonstrated to elucidate the 
nonlinear influence of each parameter. It is confirmed that displacement mode is identified as the 
governing factor for spatial pressure distribution, and classical mechanisms such as top-down stress 
relaxation in the rotation-about-the-base (RB) mode and soil arching in the rotation-about-the-base 
(RT) mode are visualized. Furthermore, a displacement-dependent mechanical threshold 
(Δ/H ≈ 0.006) has been identified, which marks the transition from a mode-dominated to 
displacement-driven pressure evolution. In addition, the proposed approach is integrated into a 
graphical user interface (GUI) that is designed to be user-friendly, thereby furnishing practitioners 
with a precise tool for designing retaining walls. The validation of the model's performance against 
independent experimental results has demonstrated its superior agreement and practical utility 
under displacement-controlled conditions in comparison to conventional methods. 

Keywords: retaining wall; earth pressure; machine learning; interpretability; non-linearity; GUI 
 

1. Introduction 
The precise estimation of lateral earth pressure is critical for the structural analysis and design 

of retaining walls, and remains a persistent challenge in geotechnical engineering [1–4]. Despite the 
simplicity offered by classical theories (e.g., Rankine, Coulomb) in terms of analysis due to their 
assumption of a state of ultimate limit equilibrium and a linear pressure distribution, significant 
deviations have been demonstrated between theoretical predictions and actual measurements, as 
evidenced by extensive experimental and field research [5–7]. In practice, retaining wall movements 
(e.g., translation, rotation about the base, or rotation about the top [8]) generally occur under non-
limit conditions, i.e., when the soil has not yet achieved a state of plastic equilibrium. This 
phenomenon is further complicated by the soil arching effect, which induces a pronounced nonlinear 
earth pressure distribution. This distribution is highly sensitive to wall displacement mode and 
magnitude [9]. Therefore, a comprehensive understanding of the intricate, displacement-coupled 
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nonlinear behavior of earth pressure under non-limit conditions is imperative for the advancement 
of the scientific design and safety evaluation of retaining structures. 

Conventionally, the investigation of earth pressure behavior has been undertaken through 
analytical derivations, model testing, and numerical simulations. Handy [10] and subsequent 
researchers [11,12] proposed formulations that deviated from classical linear assumptions by 
building upon soil arching theory. Various soil arch profiles have been incorporated into these 
analytical models to capture non-limit state behavior [13–15]. While model tests do provide high-
fidelity data [16–20], they are inherently labor-intensive and cost-prohibitive. Consequently, 
numerical approaches have gained significant attraction in the field [21,22]. Specifically, a Finite 
Element Analysis (FEA) has been widely utilized to characterize the development of failure surfaces 
and continuous stress evolution [23–26]. In addition to these continuum approaches, the Discrete 
Element Method (DEM) has been effectively employed to unveil granular-level distributions and 
nonlinear pressure coefficients [27,28]. Moreover, a substantial body of research has examined the 
variation of earth pressure within the framework of the finite soil displacement concept [29–32]. 
Despite these advancements, numerical methods frequently necessitate intricate constitutive models 
and substantial computational overhead, thereby impeding their responsiveness in real-time 
engineering assessments. 

In recent years, machine learning methods have been increasingly applied to the study of 
retaining wall structures. The utilization of these techniques results in a number of notable 
advantages, including but not limited to rapid computation, high accuracy, low cost, and the inherent 
capability to automatically capture complex nonlinear relationships. For instance, Shin et al. [33] 
employed machine learning to predict the horizontal displacement of soil-anchored retaining walls, 
systematically examining the influence of data standardization methods and data splitting strategies 
on model performance. Zhang et al. [34] demonstrated the feasibility of using multivariate adaptive 
regression splines (MARS) as an alternative to backpropagation neural networks (BPNN) for 
addressing geotechnical engineering problems. Mishra et al. [35] employed a range of machine 
learning models, including emotional neural networks (ENN), MARS, and SOS–LSSVM, to predict 
the safety factors of retaining walls for structural reliability analysis. In the domain of design 
optimization, the research by Aydın et al. [36] predicted optimal retaining wall dimensions and 
associated costs based on wall height (H) and surcharge load (q) parameters. Linear regression, ridge 
regression, and Lasso regression were employed as base learners in a multi-output regression 
framework. Similarly, Bekdaş et al. [37] conducted a comparative analysis of the performance of four 
algorithms, including random forest, for predicting the optimal base width of retaining walls. 

However, the application of the aforementioned ML techniques to retaining wall analysis is also 
subject to certain limitations. Firstly, from the perspective of engineering application, existing studies 
frequently do not directly address the  substantial problem of earth pressure determination. 
Secondly, from a methodological perspective, the extant body of research rarely addresses the critical 
challenge of model interpretability in machine learning. Although Bekdaş et al. [37] employed SHAP 
scatter plots for the purpose of visualizing the relationship between design features and optimal wall 
dimensions, they did not provide explicit physical explanations from the perspective of earth 
pressure mechanics. The emphasis, instead, remained predominantly on the predictive accuracy and 
computational efficiency of the models. A prevalent trend in current machine learning practice, as 
evidenced by the notion that tree-based models can "tolerate redundant features," involves pursuing 
marginal gains in accuracy through feature stacking. This methodological approach frequently 
obscures the underlying geomechanical logic, which can further diminish physical interpretability. 
Consequently, despite an increasingly growing attention to machine learning applications in civil 
engineering, the inherent "black-box" nature of purely data-driven models obscures the physically 
meaningful relationships between input features and target variables [38]. This deficiency in 
interpretability persists as a significant impediment to their broader adoption in practical engineering 
applications. 
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The objective of this study is to address the limitations inherent in classical theories of active 
earth pressure and the prevailing challenges regarding interpretability in machine learning 
applications. To address this knowledge gap, the present study proposes a key feature refinement 
strategy that utilizes collinearity analysis to prioritize the most influential physical descriptors. The 
identification of a concise set of five fundamental parameters, including displacement mode and 
relative displacement magnitude, has been demonstrated to facilitate a balanced equilibrium 
between the predictive accuracy and physical complexity. The CatBoost/SHAP framework is 
subsequently employed to reveal the nonlinear influence of five proposed key physical parameters 
on the coefficient of earth pressure. Finally, a graphical user interface (GUI) software tool has been 
developed that is designed to be user-friendly and facilitate the practical engineering application of 
the proposed model. 

2. Materials and Methods 

2.1. Data Integration and Fundamental Features 

2.1.1. Data Sources 

A machine learning database is established utilizing existing experimental data on earth 
pressure from retaining wall model tests reported in the literature. Potential sources for earth 
pressure data include field testing, model testing, and numerical simulation. Field testing often faces 
challenges in accurately measuring wall displacement and typically provides limited data points. 
Numerical simulation, while useful, may introduce distortions due to idealized constitutive 
assumptions. In contrast, model testing allows for the controlled simulation of various displacement 
magnitudes under predefined modes. Following a comprehensive literature review, studies with 
incomplete experimental data [17,39] are excluded. Consequently, data from four publications [16,18–
20] are identified and integrated as the primary sources for constructing the machine learning 
database in this study. 

2.1.2. Data Cleaning 

To obtain accurate earth pressure data, the data points are first extracted from the earth pressure 
curves presented in the literature using digital tools and converted into numerical values, resulting 
in a total of 1021 raw samples. The sample sizes collected from each source are as follows: 234 samples 
from Fang et al. [16], 703 from Rui et al. [18], 75 from Shi et al. [19], and 9 from Yao et al. [20]. 
Subsequently, the collected raw dataset undergoes a cleaning process. Since the model tests by Rui 
et al. [18] employed a single soil type (sand with a unit weight of 18.13 kN/m³ and an internal friction 
angle of 42.3°), their sample size is substantially larger than those from other sources. To improve 
dataset balance, 378 samples from this source are removed by thinning. Additionally, six samples 
corresponding to a relative translation of 0.0027 and six samples for a rotational displacement about 
the wall base of 0.00896 from Rui et al. [18] are excluded for independent verification in the 
subsequent GUI program. Furthermore, analysis identifies one test condition in Fang et al. [16]—
where the earth pressure coefficient near the wall crown reached 1.95 during rotation about the 
crown—as a significant outlier compared to other samples, and it is therefore removed. Following 
this cleaning procedure, a final set of 630 samples is selected for machine learning in this study. 

2.1.3. Basic Features and Target Variable 

Based on the governing mechanisms of earth pressure and the information available from the 
source literature, five physical parameters are selected as the fundamental input features: soil unit 
weight, internal friction angle, soil depth, wall displacement mode, and wall displacement 
magnitude. The earth pressure coefficient K is designated as the target variable. It is defined by the 
following equation: 
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𝐾 = 𝑝𝛾𝑍 (1)

where p is the horizontal earth pressure behind the wall, γ is the unit weight of the backfill soil, 
and Z is the soil depth measured from the wall crown. Specifically, the input feature for soil depth is 
expressed as the relative depth Z/H, and wall displacement as the relative displacement ∆/H, 
where H is the wall height and ∆ is the absolute displacement at the wall crown. This normalization 
facilitates consistent analysis of earth pressure, depth, and displacement across varying wall 
dimensions. The preliminarily selected fundamental features and the target variable are summarized 
in Table 1. 

Table 1. Basic input features and target variable. 

Category No. Name Symbol Unit Data Type and Range 

Input features 

1 Unit weight γ kN/m3 N (15.1~18.13) 
2 Iner friction angle φ ° N (31.5~42.3) 
3 Relative depth  - N (0.04~0.96) 
4 Displacement mode DM - C (RT, RB, T) 
5 Relative displacement  - N (0~0.072) 

Target variable 6 Earth pressure coefficient K MPa N (0.00142~1.59) 

The data presented in Table 1 consist of two types: numerical variables (denoted by N) and 
categorical variables (denoted by C). The displacement mode is represented as a categorical variable 
with three distinct modes: translation (T), rotation about the wall top (RT), and rotation about the 
wall base (RB). All remaining features are numerical variables. 

2.2. Justification for CatBoost Selection 

The CatBoost algorithm [40–42] is employed directly as the core solver for the prediction model 
in this study. This selection is based primarily on three considerations pertaining to the characteristics 
of geotechnical engineering data: 

a) Native support for categorical features: The earth pressure coefficient is significantly 
influenced by discrete categorical features, such as the displacement mode. CatBoost’s unique 
ordered boosting and built-in handling mechanisms for categorical variables allow such features to 
be processed directly and efficiently. This avoids the issues of feature space expansion and potential 
information distortion associated with one-hot encoding, which is required by many other algorithms 
(e.g., artificial neural networks (ANN) [43–45] or support vector regression (SVR) [46,47]). 

b) Robustness against overfitting with small samples: Owing to the inherent difficulty in 
collecting geotechnical model test data, the dataset in this study is limited in size. CatBoost effectively 
mitigates overfitting during training by calculating gradient statistics on permutations of the data, 
thereby demonstrating strong generalization capability and robustness on small- to medium-sized 
datasets. 

c) Validation based on prior research: In previous work by the authors focusing on the 
prediction of ultra-high-performance-concrete (UHPC) properties [48], an extensive benchmarking 
study was conducted. The results demonstrated CatBoost’s superior performance and stability in 
handling complex, nonlinear regression problems involving material and structural parameters. 

Therefore, the focus of this study is shifted from conventional algorithmic comparisons to 
ensuring the model’s physical consistency and engineering applicability. Rather than repeating 
redundant algorithm screening procedures, CatBoost is directly selected as the core algorithm for 
constructing the intelligent design tool. Furthermore, research by the authors and others [48,49] 
indicates that ensemble learning algorithms, including CatBoost, can achieve satisfactory predictive 
accuracy even with default hyperparameters. Consequently, no explicit hyperparameter tuning is 
performed on the CatBoost model in this work. 
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2.3. Cross-Validation and Independent Testing 

To ensure an objective and reliable evaluation of the model's generalization performance, an 
equal-frequency stratified sampling strategy is employed. This strategy partitions the dataset evenly 
based on the numerical distribution of the target variable, the earth pressure coefficient K. First, the 
entire dataset is split into a training set and an independent test set at an 80:20 ratio. To maximize the 
use of the limited sample data and optimize the model, a 5-fold cross-validation procedure is applied 
exclusively to the training set. The independent test set (i.e., the reserved 20% of data) is kept strictly 
isolated and is used solely for the final validation of model performance, thereby providing an 
unbiased estimate of its predictive capability on unseen data. This rigorous separation effectively 
prevents data leakage and ensures the robustness of the model evaluation. 

2.4. Model Evaluation Metrics 

The selection of model evaluation metrics is crucial for objectively assessing model performance. 
This study employs three widely recognized statistical indicators to conduct a multidimensional 
quantitative evaluation of the predictive accuracy of the CatBoost regression model [50], including 
the Coefficient of Determination (R²), Root Mean Squared Error (RMSE), and Mean Absolute Error 
(MAE). R² measures the model's ability to explain data variation; RMSE and MAE respectively, 
measure the average magnitude of prediction errors, with the former being more sensitive to large 
errors. 

2.5. Model Interpretation Strategy 

The SHapley Additive exPlanations (SHAP) framework is employed to interpret the predictions 
of the machine learning model. Rooted in cooperative game theory and Shapley values, SHAP 
provides a theoretically grounded, additive method for explaining the output of complex, black-box 
models. It frames each prediction as a game where features are players, and their contributions to the 
prediction (relative to a baseline) are fairly allocated, ensuring both local accuracy and global 
consistency [51–54]. In this study, SHAP is utilized in three progressive stages: first, global feature 
importance is assessed using SHAP bar plots and violin plots. Second, SHAP dependence plots are 
analyzed to elucidate the nonlinear relationships between individual features and the earth pressure 
coefficient. Finally, SHAP interaction analysis is conducted to reveal the underlying mechanisms and 
interactive effects that govern the nonlinear distribution of earth pressure. 

2.6. Research Framework 

The overall research framework is illustrated in Figure 1. The workflow comprises the following 
key steps: 

a) Database establishment: A database is constructed using experimental data from existing 
literature on earth pressure in retaining wall model tests. The process involves data collection, 
cleaning, feature selection, normalization, encoding, and segmentation. Feature selection is guided 
by a “key feature refinement strategy based on collinearity analysis”, which is detailed in Chapter 3. 
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Figure 1. Research framework. 

b) Model development and evaluation: The CatBoost algorithm is employed to train the 
prediction model using its default hyperparameters. Model training incorporates a 5-fold cross-
validation procedure. Upon completion of training, the model's final performance is evaluated on a 
strictly held-out independent test set. 

c) Performance benchmarking: The predictive accuracy of the developed machine learning 
model is systematically compared with results derived from classical theoretical earth pressure 
calculations. 

d) Model interpretation: To address the interpretability challenge inherent in data-driven 
models, the SHAP framework is utilized. It provides both visual and quantitative explanations, 
elucidating the influence of various input features on the earth pressure coefficient and revealing 
their underlying physical relationships. 

e) Tool implementation: A user-friendly graphical user interface (GUI) program is developed. 
This tool enables users to input key parameters, including wall height, backfill unit weight, internal 
friction angle, displacement mode, and relative displacement, and rapidly obtain visualizations of 
the resulting earth pressure distribution and the total lateral force acting on the retaining wall. 

3. Key Feature Selection and Refinement 

3.1. Attempts at Expanding Feature Sets  

Feature selection critically influences both the accuracy and interpretability of machine learning 
predictions. An insufficient feature set may omit crucial physical information, compromising 
predictive precision. Conversely, an excessively large set can increase model complexity, leading to 
overfitting and obscuring physical interpretability. To ensure the model adequately captures the 
underlying physical mechanisms and established engineering knowledge relevant to earth pressure 
prediction, an expanded set of engineering features is introduced, supplementing the five 
fundamental physical parameters (γ, φ, Z/H, Δ/H, and DM). The objective is to incorporate 
information from limit state theory and to better describe coupled stress-displacement effects. 
Specifically, two additional features are proposed: 
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a) The Rankine active earth pressure coefficient, Ka(φ), calculated based on the soil's internal 
friction angle (φ). 

b) An interaction term, I = (Z/H) · (Δ/H), designed to quantify the coupling effect between 
normalized soil depth and normalized wall displacement. 

The inclusion of these features enriches the initial feature set with more comprehensive 
engineering prior knowledge, establishing a necessary basis for the subsequent evaluation of feature 
redundancy and collinearity. 

3.2. Multicollinearity Analysis and Quantification 

To identify the optimal feature set for model development, three distinct sets are constructed 
from the pool of seven candidate features (i.e., the five basic features plus the two extended features). 
Set 1 contains only the five basic features. Set 2 comprises the basic features plus the Rankine active 
earth pressure coefficient, Ka(φ). Set 3 includes all features from Set 2 plus the interaction term I. These 
three sets are compared and evaluated based on four criteria: inter-feature correlation coefficients, 
the variance inflation factor (VIF), model prediction accuracy, and model interpretability. 

Figure 2 presents the Pearson correlation coefficient heatmap for Feature Set 3. Positive and 
negative values indicate positive and negative linear correlations, respectively, with darker colors 
representing stronger correlations (higher absolute values). As shown in the figure, the correlation 
coefficient between Ka(φ) and φ is -1.0, indicating a perfect negative correlation as dictated by the 
Rankine formula. The correlation between the interaction term I and Δ/H is 0.78, suggesting a high 
degree of collinearity. Furthermore, a significant correlation (0.88) is observed between the two 
fundamental soil properties, γ and φ. This relationship can be partly attributed to the characteristics 
of sandy soils, where a higher unit weight often corresponds to lower porosity, denser particle 
packing, and consequently a higher internal friction angle. It may also reflect the inherent property 
correlations within the specific soil samples comprising the database. 

 

Figure 2. Pearson correlation heatmap. 

Table 2 presents a comparative analysis of the variance inflation factor (VIF) across the different 
feature sets. For an independent variable xj in a regression model, its VIF is defined as: 
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𝑉𝐼𝐹௝ = 1
1 − 𝑅௝2 (2)

where 𝑅௝ଶ is the coefficient of determination obtained by regressing xj  on all other independent 
variables. A VIF value of 1 indicates no linear correlation with other predictors (i.e., no 
multicollinearity). Values between 1 and 5 generally suggest mild and acceptable collinearity, 
whereas values exceeding 5 indicate severe multicollinearity that warrants further attention. 

Table 2. Feature Collinearity Analysis (VIF Value). 

Feature Set γ φ Z/H Δ/H, Ka(φ) I 
Five basic features 4.80 4.58 1.00 2.09   

Basic features +Ka(φ) 6.20 2105.15 1.00 2.17 1989.92  
Basic features +Ka(φ)+I 6.21 2105.22 1.87 5.00 1990.01 4.67 

As shown in Table 2, when Ka(φ) is included in the feature set, its VIF with respect to φ reaches 
approximately 2000, indicating severe multicollinearity. This result is expected because Ka(φ) is a 
deterministic function of φ (with a Pearson correlation coefficient of −1.0), making it redundant for 
predictive modeling. 

An ablation study is conducted to evaluate and compare model performance under different 
feature combinations (Table 3). The evaluation metrics presented in Table 3 are obtained from the 
independent test set after model training using five-fold cross-validation. The results indicate that 
the model utilizing only the five basic features achieves satisfactory generalization performance. The 
introduction of either Ka(φ) or the interaction feature I leads to an improvement in test-set 
performance; however, this improvement is marginal (ΔR2<0.006). 

Table 3. Model Performance Comparison. 

Feature Set R2 RMSE MAE 
Five basic features 0.9170 0.0744 0.0471 

Basic features +Ka(φ) 0.9120 0.0766 0.0468 
Basic features +Ka(φ)+I 0.9229 0.0717 0.0445 

By ranking feature importance based on SHAP values in both the seven-feature and six-feature 
models (see Figure 3), differences in the interpretative contribution of each feature can be further 
observed. Although the correlation coefficient between the interaction term I (i.e., Z/H·Δ/H) and other 
features is not particularly high, and its variance inflation factor (VIF = 4.62) falls within an acceptable 
range, Figure 3(a) shows that its contribution proportion ranks highest among all features, reaching 
34.0%. This finding clearly contradicts established physical interpretations of earth pressure behavior. 
While the importance ranking in Figure 3(b) appears more reasonable, the correlation heatmap 
presented earlier reveals a strong collinearity between Ka(φ) and φ. Therefore, the introduction of 
extended features offers only marginal improvement in predictive accuracy, while their high 
multicollinearity severely distorts SHAP’s assessment of the contributions from fundamental 
physical parameters. As previously emphasized, for machine learning applications in engineering, 
the importance of interpretability is no less than that of predictive performance. Consequently, this 
study concludes that the simplified set of five fundamental features listed in Table 1 should be 
adopted as the optimal model inputs. 
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(a) Seven-feature model                    (b) Six-feature model 

Figure 3. Feature Importance Ranking. 

4. Results and Mechanism Analysis 

4.1. Model Performance Evaluation and Theoretical Comparison 

In this study, the CatBoost algorithm is employed to train the model using the simplified five-
feature set under default hyperparameters. Model performance is evaluated on an independent test 
set and subsequently compared with earth pressure coefficients calculated using Coulomb’s classical 
theoretical formula. A comparative visualization of the results is presented in Figure 4. It should be 
noted that, as the wall–soil interface friction angle was not reported in the source literature of the 
original dataset, the Coulomb theoretical calculations assum this angle to be 0.5 times the internal 
friction angle of the backfill. 

 
          (a) Scatters comparison                (b) Performance metrics comparison 

Figure 4. Comparison of predicted active earth pressure coeffients (K). 

As shown in Figure 4(a), the scatter plot of the machine learning predictions clusters closely 
along the 45° line of perfect agreement, with a narrow dispersion, indicating high predictive accuracy. 
In contrast, the scatter points derived from Coulomb's theoretical calculations are predominantly 
distributed horizontally within the range of 0.2–0.3. Apart from a minor overlap with the 45° line in 
the lower value region (around 0.2), most points exhibit a significant deviation, indicating a 
substantial discrepancy between the theoretical predictions and the measured data. Figure 4(b) 
provides a quantitative comparison of the two approaches using three metrics (1−R², MAE, and 
RMSE). The results demonstrate that the machine learning model developed in this study achieves 
markedly higher accuracy than the traditional theoretical formula under non-limit states and 
complex displacement modes. 

4.2. Feature Importance Analysis  

Figure 5 presents the feature importance ranking derived using the SHAP framework under the 
default hyperparameters of the CatBoost model. The horizontal axis corresponds to the mean 
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absolute SHAP value for each input feature, while the vertical axis lists the features in descending 
order of their contribution to the model output. The numerical label on the right side of each bar 
indicates its contribution rate, calculated as the proportion of its mean absolute SHAP value relative 
to the sum across all features. 

Figure 6 displays the SHAP summary plots in the form of violin plots for each feature. The 
horizontal axis represents the SHAP value (negative on the left, positive on the right), and the vertical 
axis maintains the same feature order as in Figure 5. The width of each violin reflects the kernel 
density estimation (KDE) of the SHAP value distribution, where narrow sections indicate low density 
(less frequent values) and wide sections indicate high density (more common contributions). The 
coloration within each violin represents the magnitude of the original feature value, with red 
corresponding to high values and blue to low values. 

As shown in Figure 5, the relative depth (Z/H) is identified as the most influential feature in 
predicting the earth pressure coefficient, accounting for 35.0% of the total contribution. This finding 
contrasts with the assumption in classical earth pressure theory, where the earth pressure coefficient 
is treated as constant, independent of depth. In reality, due to mechanisms such as soil arching and 
wall displacement, the lateral earth pressure exhibits a nonlinear distribution with depth [55]. 
Experimental studies, such as those by Zhou et al. [17], confirm that the earth pressure coefficient 
varies nonlinearly along the wall height. 

 
Figure 5. Feature Importance Ranking Plot. 
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Figure 6. SHAP Violin Plot. 

Figure 6 further elaborates on this relationship. The median value of Z/H lies within the negative 
SHAP region, indicating that, on average, an increase in relative depth reduces the predicted earth 
pressure coefficient in this dataset. Moreover, higher values of Z/H are associated with lower (more 
negative) SHAP values, suggesting that samples from greater depths correspond to smaller earth 
pressure coefficients. The elongated right tail of the violin plot indicates that a small subset of samples 
exerts a disproportionately large positive influence on the predicted coefficient. 

The relative displacement (∆/H) ranks second in contribution at 32.6%. In the corresponding 
violin plot of Figure 6, the median ∆/H value lies within the negative SHAP region, and larger ∆/H 
values are associated with lower SHAP values. This trend aligns with established mechanical 
understanding: as a retaining wall displaces toward the excavation side, the lateral earth pressure 
typically decreases, transitioning from an at-rest condition toward an active state. The slightly 
elongated right tail of the violin plot suggests that a minority of samples contribute to a positive 
increase in the predicted pressure. 

The displacement mode (DM) ranks third with a contribution of 14.5%, indicating its non-
negligible influence on the earth pressure coefficient. Classical Rankine and Coulomb theories do not 
consider the effect of displacement mode on earth pressure. However, existing research [15] confirms 
that different displacement modes alter the stress distribution and deformation paths in the backfill, 
thereby affecting the magnitude and distribution of earth pressure. The interaction between the 
displacement mode and relative displacement will be analyzed in a later section. 

The soil unit weight (γ) contributes 10.1%, ranking fourth. Conventionally, an increase in unit 
weight would be expected to raise the lateral pressure. However, as shown in Figure 6, higher unit 
weight corresponds to lower SHAP values in this model, meaning it reduces the predicted earth 
pressure coefficient. This can be explained through soil compaction behavior: for dry sandy soils, a 
higher unit density usually indicates denser packing and stronger particle interlocking, which 
enhances the internal friction angle (φ). Since a higher φ generally reduces the earth pressure 
coefficient, the overall influence of γ aligns indirectly with the effect of φ. 

In Figure 5, the internal friction angle (φ) ranks last with a contribution of 7.9%. This ranking is 
somewhat unexpected, as classical Rankine and Coulomb theories regard φ as a primary governing 
parameter for the earth pressure coefficient. Its lower relative importance in the present model 
highlights the substantial influence of displacement-related parameters (magnitude and mode) on 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 7 January 2026 doi:10.20944/preprints202601.0514.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202601.0514.v1
http://creativecommons.org/licenses/by/4.0/


 12 of 21 

 

the predicted coefficient. The corresponding violin plot in Figure 6 shows a broad width and short 
tails for φ, indicating that its effect on the earth pressure coefficient is consistent and concentrated 
across the dataset.  

Through systematic evaluation using the CatBoost model and SHAP interpretability analysis, 
this study quantifies the contributions of various input features to the prediction of the earth pressure 
coefficient. The results demonstrate that relative depth (Z/H) is the most influential factor—a finding 
that challenges the depth-invariant assumption of classical earth pressure theories. Furthermore, 
relative displacement (∆/H) and displacement mode (DM) exhibit significant effects, which are not 
accounted for in traditional Rankine or Coulomb formulations. The role of soil unit weight (γ) reflects 
the influence of soil compaction characteristics on pressure distribution. In contrast, the internal 
friction angle (φ) does not dominate the coefficient to the extent predicted by classical theories. 
Collectively, this work not only corroborates certain established assumptions in soil mechanics but 
also captures, through a data-driven approach, the nonlinear and multifactor-coupled mechanisms 
governing earth pressure distribution under realistic conditions. These insights offer valuable 
guidance for the refined design and analysis of retaining structures. 

4.3. Nonlinear Analysis of Earth Pressure Mechanism 

To examine more clearly how the earth pressure coefficient varies with different input features, 
SHAP dependence plots for individual features are presented in Figure 7. In these plots, the 
horizontal axis represents the value of the input feature, and the vertical axis represents the 
corresponding SHAP value, which quantifies the feature's contribution to the model output for each 
prediction. Each blue point corresponds to a sample from the test set, and its vertical position 
indicates the SHAP value for that feature when all other features are fixed at their average values. 
The red line represents the smoothed dependence curve, illustrating the overall nonlinear trend of 
the feature's contribution as its value changes. 

As shown in the scatter points of Figure 7(a), smaller Z/H values correspond to larger SHAP 
values, indicating that samples from shallower soil depths tend to increase the predicted earth 
pressure coefficient K. The vertical distribution of SHAP values for this feature primarily ranges 
between –0.2 and 0.4, which exceeds the variation intervals observed for other features and further 
confirms its dominant role in the model. This pattern aligns with the variation of earth pressure 
coefficients along the wall height reported in experimental studies such as those by Fang et al. [16] 
and Singh et al. [28]. These findings differ from classical Rankine and Coulomb earth pressure 
theories, demonstrating that the present model successfully captures the variation of the earth 
pressure coefficient along the wall height. Such insight offers valuable guidance for retaining wall 
design, particularly regarding the structural strength requirements along different sections of the 
wall. 

Figure 7(b) shows that in the initial stage (0 < Δ/H ≤ 0.001), SHAP values decrease sharply with 
increasing displacement. Beyond Δ/H > 0.001, the decrease becomes more gradual. This pattern 
suggests that earth pressure drops rapidly during the initial phase of wall movement and then 
stabilizes as displacement continues. The SHAP scatter points closely follow the dependence curve 
with a narrow distribution, indicating that Δ/H acts as a relatively independent feature with minimal 
interaction effects from other variables. From the perspective of local feature analysis, Figure 7(b) 
visually illustrates the smooth, continuous reduction of the earth pressure coefficient from the at-rest 
condition toward the active state. 

Figure 7(c) shows that K decreases as γ increases generally. This trend can be explained 
physically: soils with lower density generally exhibit smaller internal friction angles and lower shear 
strength, leading to higher earth pressure coefficients. Fang et al. [16] also noted that the soil arching 
effect becomes more pronounced with increasing soil density. In engineering practice, compacting 
the backfill behind retaining walls can enhance shear strength and consequently reduce the earth 
pressure coefficient, which is crucial for ensuring structural safety.               
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          (a) Relative Depth                                  (b) Relative Displacement  
 
 
 
 
 
 
 
 
 
 
 

(c) Unit Weight                       (d) Internal Friction Angle 

Figure 7. Input Feature SHAP Scatter Plot and PDP Curve. 

As shown in Figure 7(d), the dependence curve reveals a more nuanced, nonlinear relationship: 
within the range of approximately 31.5° to 38°, the earth pressure coefficient tends to increase slightly 
with φ, beyond which it exhibits a decreasing trend as φ further increases. This demonstrates a 
complex, non-monotonic interaction between φ and K under the coupled influence of other factors 
captured by the model. In engineering practice, employing sandy backfill with a higher internal 
friction angle can generally be an effective measure to reduce the earth pressure coefficient and 
consequently lower the lateral pressure on the retaining structure. 

4.4. Analysis of Feature Interactions in Earth Pressure 

To further elucidate the nonlinear mechanisms of stress redistribution within the backfill, SHAP 
dependence interaction plots are constructed to examine the interactions between relative 
displacement (Δ/H) and relative depth (Z/H), as well as between Δ/H and displacement mode (DM), 
as shown in Figure 8. In these plots, the horizontal axis represents the primary feature (Δ/H), and the 
vertical axis shows the SHAP values for the combined effect of the primary and interaction features. 
The interactive feature levels are distinguished by different colors in the scatter points. 

It is noteworthy that although the lateral earth pressure under at-rest conditions is generally 
considered to distribute linearly with depth [17,20], the actual measured earth pressure coefficients 
in model tests often exhibit fluctuations along the wall height. These variations can be attributed to 
factors such as soil overconsolidation, non-uniform compaction, and spatial variability of the wall-
soil interface friction angle [18]. Consequently, the wider scatter band observed in Figure 8 at Δ/H = 
0 does not necessarily indicate stronger interaction effects under static conditions. Instead, the 
analytical focus should be directed toward the evolving trend in the scatter distribution as Δ/H 
increases. 
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4.4.1. Interaction between Relative Displacement (Δ/H) and Relative Depth (Z/H) 

Figures 8(a) to 8(c) present the SHAP dependence interaction plots for relative displacement 
(Δ/H) versus relative depth (Z/H) under the rotation-about-the-base (RB), rotation-about-the-top 
(RT), and translation (T) modes, respectively. These plots provide an in-depth visualization of the 
spatial non-uniformity in the backfill stress state, revealing how the sensitivity of the earth pressure 
coefficient to wall displacement varies with depth—a variation that is itself dependent on the wall 
movement mode. 

Figure 8(a) (RB mode) shows that as Δ/H increases, the SHAP values rapidly converge toward 
the baseline (zero). Scatter points corresponding to shallow depths (low Z/H) are predominantly 
clustered in the negative SHAP region, whereas those for greater depths (high Z/H) appear in the 
positive region. Furthermore, shallow points exhibit a greater deviation from the baseline compared 
to deep points. This pattern occurs because, in the RB mode, the shallow soil zone undergoes the 
largest displacement, leading to the most complete stress release. As Δ/H increases, the interactive 
contribution to the earth pressure coefficient reaches its maximum (strongly negative SHAP values) 
in the shallow zone, indicating a rapid convergence toward active pressure conditions. In contrast, 
the displacement at the wall base is zero, imposing kinematic constraints on the deep soil layer. 
Consequently, the corrective influence of Δ/H on the earth pressure in deep layers weakens, with the 
interaction contribution approaching zero or even slightly positive values. This reflects the delayed 
release of the stress state in deep soil and suggests an upward shift in the point of application of the 
resultant lateral force. 

 
(a)  Z/H versus Δ/H （DM=RB）              (b) Z/H versus Δ/H （DM=RT） 

 

(c) Z/H versus Δ/H （DM=T）           (d) DM versus Δ/H 

Figure 8. SHAP Interaction Dependency Plot. 
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As shown in Figure 8(b) (RT mode), with increasing Δ/H, the SHAP values again converge 
toward the baseline. In this mode, scatter points in the shallow zone (low Z/H) are predominantly 
distributed in the positive SHAP region, whereas those in the deep zone (high Z/H) fall mainly within 
the negative region. This distribution occurs because, under rotation about the top (RT), the soil near 
the restrained wall top experiences a stress concentration (enhanced soil arching effect). 
Consequently, even as Δ/H increases, the interactive contribution in the shallow zone initially 
remains positive before eventually transitioning to negative values—a shift that may correspond to 
the progressive failure of the soil arch. In contrast, the deep zone remains within the negative SHAP 
region throughout the displacement process, indicating a sustained reduction in earth pressure in the 
soil beneath the arch as displacement increases. This observation aligns with the findings of Zhang 
et al. [29], who noted that the arching effect is most pronounced in the RT displacement mode. 

Figure 8(c) (Translation mode, T) shows that the scatter points exhibit no pronounced stratified 
trend with increasing Δ/H. This pattern occurs because, under the translational mode, wall 
displacement is uniform along the depth. The interaction between Δ/H and Z/H is relatively 
straightforward, as the variation in earth pressure is governed primarily by the linear increase in 
overburden stress with depth and the wall-soil friction, rather than by a displacement gradient. 
Consequently, the influence of Δ/H on earth pressure is similar across all depths, which explains the 
absence of distinct clustering between shallow and deep points in the interaction plot. Minor 
variations among some scatter points in Figure 8(c) may be attributed to slight changes in soil stiffness 
or density with depth. 

The SHAP interaction analysis between Δ/H and Z/H confirms that the model's learned 
relationships align with fundamental principles of soil mechanics, particularly regarding the spatial 
non-uniformity of earth pressure. In the rotation-about-the-base (RB) mode, the strongly negative 
interaction in shallow regions highlights the rapid initial stress relaxation near the wall crown, which 
diminishes toward the constrained base. In contrast, the rotation-about-the-top (RT) mode reveals a 
more complex, nonlinear interaction where the effect of Δ/H is attenuated near the top (Z/H ≈ 0). This 
pattern reflects the model's incorporation of the soil arching mechanism, which locally counteracts 
the pressure reduction typically induced by displacement. These insights are consistent with the 
experimental observations of Rui et al. [18] and Fang et al. [16]. Therefore, the interaction plots 
provide compelling evidence that the machine learning model has successfully captured and 
internalized key soil-structure interaction mechanisms dependent on wall kinematics. 

4.4.2. Interaction between Relative Displacement (Δ/H) and Displacement Mode (DM) 

As illustrated in Figure 8(d), during the small displacement stage (Δ/H < 0.005), the rotation-
about-the-base (RB) mode exhibits the highest and positive SHAP interaction value. In this stage, 
corresponding to the initial formation of the failure surface, significant outward displacement occurs 
primarily at the wall crown. The upper soil zone enters a state of stress relaxation while the lower 
zone retains higher lateral stress (close to the at-rest condition), resulting in elevated SHAP values. 
As displacement increases, the SHAP values for the RB mode decrease sharply from positive to 
strongly negative. This trend characterizes the progressive development of the failure surface from 
the top downward. Once the failure plane fully propagates through the soil mass, the RB mode 
facilitates the most complete spatial stress relaxation, causing the earth pressure coefficient to drop 
rapidly toward the active limit state. 

In contrast, the trend for the translational (T) mode is markedly different: it contributes negative 
SHAP values at low displacements and shifts to a significant positive contribution as displacement 
increases. Under translational movement, the soil must attain a shear failure strain simultaneously at 
all depths to reach a uniform active state. Lacking the geometric advantage of localized, sequential 
stress relief seen in the RB mode, the T mode requires larger overall displacements to mobilize 
comparable pressure reduction. Consequently, at similar displacement magnitudes, the earth 
pressure coefficient for the T mode consistently exceeds that for rotational modes, reflecting the soil’s 
structural integrity and the lag in stress release during widespread displacement. 
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The rotation-about-the-top (RT) mode exhibits the most stable SHAP interaction behavior across 
the entire displacement range, fluctuating near zero. This mode is typical in top-constrained 
structures such as bridge abutments. The restraint at the wall top forces the failure surface to develop 
upward from the base, generating a pronounced soil arching effect that transfers stress from the high-
displacement lower zone to the constrained upper zone. This internal stress redistribution 
mechanism physically offsets the pressure reduction expected from displacement alone, resulting in 
low sensitivity within the prediction model and demonstrating strong nonlinear robustness. 

The analysis reveals that the SHAP interaction curves for the three modes intersect near Δ/H ≈ 
0.006. This intersection point carries important mechanical implications: before this threshold, the 
spatial distribution of displacement (i.e., the mode) dominates the stress response; beyond it, the 
magnitude of displacement becomes the primary driver pushing the soil system toward a generalized 
active equilibrium state. This finding suggests that traditional Rankine or Coulomb theories—
typically based on translational assumptions—may significantly overestimate earth pressure under 
RB conditions. Conversely, under RT conditions, these theories may overlook local stress 
concentrations due to arching, leading to potential inaccuracies in assessing the safety and economy 
of engineering designs. 

5. Development and Validation of the GUI Tool 

5.1. GUI Tool Design 

A graphical user interface (GUI) program is developed to calculate the lateral earth pressure 
behind retaining walls with sandy backfills, based on the model established with the CatBoost 
algorithm using default hyperparameters. The program is applicable for both limit state and non-
limit state analyses. Users can input fundamental parameters, including the internal friction angle 
(φ), unit weight (γ), wall height (H), displacement mode (DM), and relative displacement of the wall 
(Δ/H). The program then invokes the trained CatBoost model to compute the distribution of the earth 
pressure coefficients along the wall depth. Utilizing numerical integration, it calculates both the 
magnitude and the application point of the resultant earth pressure force and graphically displays 
the pressure distribution along the wall depth. The GUI is designed with an intuitive layout, ease of 
operation, and strong practical applicability for engineering use. The interface of the GUI program is 
shown in Figure 9. 

 
(a) Input interface          (b) Calculation results interface     (c) Output graphics interface 

Figure 9. GUI interface. 

5.2. Validation with Independent Test Data 

To validate the accuracy of the developed GUI tool, two independent test cases from the model 
experiments by Rui et al. [18]—which reached the active limit state under translation (T) and rotation-
about-the-base (RB) modes—are selected. Predictions from the GUI tool are compared with those 
from Coulomb’s theoretical formula. These specific samples are not included in the original model 
training dataset. The soil parameters are: unit weight γ = 18.13 kN/m³, internal friction angle φ = 42.3°, 
and wall height H = 0.55 m. The normalized displacements at the active limit state Δ/H = 0.0027 for 
the T mode and Δ/H = 0.00896 for the RB mode. For the Coulomb theoretical calculation, the wall–
soil interface friction angle is taken as 0.5φ. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 7 January 2026 doi:10.20944/preprints202601.0514.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202601.0514.v1
http://creativecommons.org/licenses/by/4.0/


 17 of 21 

 

Comparison of the earth pressure distributions obtained from the experimental measurements, 
Coulomb’s theory, and the present GUI tool are shown in Figure 10. Figure 10(a) corresponds to the 
T mode at the active limit state, and Figure 10(b) to the RB mode. In both subfigures, the horizontal 
axis represents the lateral earth pressure, and the vertical axis denotes the depth. The blue line 
indicates the experimental results, the orange line represents the Coulomb theoretical distribution, 
and the green line shows the prediction from the GUI tool. 

    
            (a) T-mode limit state                           (b) RB-mode limit state 

Figure 10. Case study verification comparison diagram. 

As clearly illustrated in Figure 10, the predictions from the GUI tool developed in this study 
align more closely with the experimental measurements than those from Coulomb’s theory, 
demonstrating higher accuracy and practical engineering applicability, particularly under nonlinear, 
displacement-coupled conditions. 

6. Conclusions and Prospects 

This study addresses the limitations of classical earth pressure theory and current challenges 
regarding the interpretability of ML models. One of the objectives of this study is to establish a ML 
database for predicting earth pressure for rigid retaining walls with sandy backfill under various 
displacement modes and magnitudes. This database encompasses both limit and non-limit states, 
and it is developed using relevant model test data from the literature. A “key feature refinement 
strategy based on collinearity analysis” is proposed and validated. This proposal identifies a set of 
only five fundamental physical parameters, which is optimal in the sense that it achieves the best 
possible balance between model accuracy and interpretability. The model utilizes the CatBoost/SHAP 
framework to effectively elucidate the mechanisms governing earth pressure during wall 
displacement, thereby revealing complex nonlinear relationships and interactions among the 
influencing factors. Finally, the development of a user-friendly GUI program has been accomplished, 
thereby establishing a connection between theoretical outcomes and practical engineering 
applications. The main conclusions are as follows: 

1) A streamlined feature set for predicting the earth pressure coefficient is constructed using a 
collinearity-driven strategy. This strategy is a systematic approach for comparing correlation 
coefficients and the variance inflation factor (VIF). It is also an assessment of the model's accuracy 
and interpretability. This process confirms that the interpretability is of comparable importance to 
predictive accuracy in contemporary ML applications for geotechnical engineering. 

2) For rigid retaining walls in the case of an active state, the prevailing factors influencing the 
earth pressure coefficient are identified as the relative depth (Z/H) and relative displacement (Δ/H). 
Subsequent factors include displacement mode, soil unit weight, and internal friction angle. The earth 
pressure coefficient behind retaining walls exhibits a distinct nonlinearity along the depth, in contrast 
to the predictions of classical Rankine and Coulomb theories. 

3) A SHAP dependence analysis reveals a monotonic decrease in the earth pressure coefficient 
with increasing relative depth. During the transition from an at-rest condition to displacement, the 
coefficient experiences a precipitous drop before undergoing a more gradual decrease. While the 
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influences of internal friction angle and unit weight demonstrate variability, the overall trend 
indicates a decline in the coefficient with increasing values of either parameter. 

4) A detailed investigation into SHAP interaction analysis has yielded a comprehensive insight 
into the nonlinear mechanisms of stress redistribution behind the wall. Displacement modes (i.e., RB, 
RT, T) have been identified as the primary factors that regulate the spatial non-uniformity of earth 
pressure. A mechanical threshold is identified at a smaller displacement of Δ/H, the motion pattern 
dominates the pressure response; beyond this threshold, however, the displacement magnitude 
drives the system toward a generalized active equilibrium. The findings presented herein effectively 
visualize classical soil mechanics mechanisms, including top-down stress relaxation in the RB mode 
and soil arching in the RT mode. This provides kinematics-dependent evidence for a refined wall 
design. 

5) Independent case studies have been conducted to validate the developed GUI program, and 
the results indicate that it provides more accurate predictions of backfill pressure than classical 
Rankine and Coulomb theories. These findings suggest a high degree of potential for the practical 
engineering applications of the program. 

The present study investigates the earth pressure on rigid retaining walls under various 
displacement modes, thereby overcoming the limitations of classical Rankine and Coulomb theories 
in predicting the complex nonlinear and displacement-coupled behavior under non-limit states. The 
findings of this study contribute to the advancement of mechanistic understanding of earth pressure 
behind retaining walls. In addition, they provide a direct theoretical basis and a practical 
computational tool for the design of walls undergoing controlled, pattern-specific displacements in 
engineering practice. The developed GUI program, with its intuitive interface and reliable 
computational engine, effectively bridges the gap between research outcomes and practical 
applications. 

Limitations and Outlook: The machine learning database employed in this study has been 
derived from published model test data. Due to the limited availability of literature with detailed 
experimental records, the current dataset remains constrained in both scope and sample diversity. In 
addition, it should be noted that model tests are inherently influenced by specific laboratory 
conditions and scale effects. This influence can lead to potential discrepancies with real-world field 
behavior. Consequently, the direct transferability of the model to actual engineering scenarios is 
limited. Consequently, subsequent endeavors should prioritize  the expansion of the scale and 
diversity of the dataset. This objective should be pursued, in part, by incorporating more field 
monitoring and in-situ test data to enhance the model's generalization capability. Concurrently, 
systematic refinement of input feature selection (e.g., inclusion of the wall-soil interface friction angle) 
and optimization of data balance are necessary. The exploration of machine learning frameworks that 
are more interpretable will result in enhanced predictive accuracy and reliability. This, in turn, will 
promote the broader adoption of this methodology in engineering practice. 
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