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Featured Application 

This work develops a leakage-aware ensemble-learning framework for the direct predic-

tion and geotechnical interpretation of the liquefaction factor of safety in Port Sudan 

coastal sediments, enabling rapid hazard screening and infrastructure risk mitigation in 

coastal sedimentary environments. 

Abstract 

Soil liquefaction is a major seismic hazard that threatens coastal infrastructure. Yet, accu-

rate prediction of the liquefaction factor of safety (FS) remains challenging because of the 

complex nonlinear interactions among geotechnical and stress-state variables. This study 

proposes a novel leakage-aware Hybrid Stacking Ensemble (HSE) framework for the di-

rect prediction and geotechnical interpretation of FS in the Port Sudan coastal plain. The 

proposed model combines Random Forest, Extra Trees, and Gradient Boosting Regressors 

through a RidgeCV meta-learner while restricting the predictor set to independent spatial, 

geotechnical, and stress-state variables to prevent data leakage. A database comprising 

534 Standard Penetration Test (SPT)-based observations from 61 boreholes was used to 

evaluate the proposed model against K-Nearest Neighbors (KNN), Artificial Neural Net-

work (ANN), Random Forest, and XGBoost. The Hybrid Stacking Ensemble achieved the 

highest predictive performance, with a test RMSE of 0.058, an MAE of 0.032, and an R2 of 

0.985, demonstrating improved accuracy, robustness, and generalization over the bench-

mark models. SHAP-based interpretation identified N1(60)cs as the dominant predictor 

of FS, followed by relative density, depth, and stress-related variables, confirming that the 

proposed framework learned physically meaningful relationships consistent with estab-

lished liquefaction mechanics. The contribution of this work lies in the development of a 

Hybrid Stacking Ensemble framework for the direct prediction of the liquefaction factor 

of safety (FS), integrated with a leakage-free modeling workflow and explainable machine 

learning techniques, rather than in the development of a new machine learning algorithm. 
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1. Introduction 

Soil liquefaction is a serious seismic hazard in coastal sedimentary deposits, as 

demonstrated in this study using the Port Sudan Plain as a case study [1–3]. Soil liquefac-

tion increases the risk of damage to vital infrastructure, making it important to improve 

the accuracy of coastal soil liquefaction prediction using the new capabilities of modern 

modeling methods and tools [4–6]. Historical earthquakes, including Niigata (1964), Loma 

Prieta (1989), and Tohoku (2011), have shown that liquefaction-induced damage can be 

comparable to direct seismic shaking effects. 

Liquefaction resistance is commonly evaluated using empirical or semi-empirical 

stress-based procedures, in which the cyclic stress ratio (CSR) is compared with the cyclic 

resistance ratio (CRR) to estimate FS [4,7]. Although these procedures are widely used in 

practice, they depend on correction factors, magnitude-scaling relationships, and case-

history calibrations that simplify the coupled effects of density, stress history, grain char-

acteristics, and seismic demand [8,9]. These simplifications can introduce epistemic un-

certainty, especially in heterogeneous coastal deposits. 

The results of this study fill a knowledge gap regarding the use of machine learning 

as a tool to study complex geotechnical soil behavior by directly modeling multivariate 

nonlinear relationships from data, without a predetermined functional form. Importantly, 

the data-driven models proposed in the manuscript do not replace, but rather comple-

ment, traditional procedures, improving the consistency of predictions and filling gaps in 

geotechnical knowledge [10–12]. 

Despite numerous publications, the problem of predicting soil liquefaction remains 

relevant, as existing models in this field lack sufficient predictive accuracy for modern 

engineering practice. Many existing studies focus on binary liquefaction/non-liquefaction 

classification, which does not provide the continuous FS needed for engineering design 

[13–15]. Others emphasize algorithm ranking but do not test a mechanistic hypothesis 

about how resistance, density, depth, and stress state jointly control FS. Moreover, global 

feature-importance scores are often reported as interpretability, although they do not ex-

plain why a specific borehole interval receives a low- or high-FS prediction [16,17]. Data 

leakage is also a concern when intermediate liquefaction-response variables are used as 

inputs [18]. These limitations are especially important in heterogeneous coastal deposits 

along the western Red Sea margin, where shallow groundwater and variable marine-al-

luvial sediments create strong spatial and stratigraphic variability. 

This study addresses these gaps by developing a leakage-aware, SHAP-interpreted 

ensemble learning framework for the direct prediction of liquefaction FS on the Port Su-

dan coastal plain. The framework uses only independent spatial, geotechnical, and stress-

state predictors so that the algorithms learn relationships associated with soil resistance, 

density, and confinement rather than reproducing variables already used to compute FS. 

Interpretability is treated as a decision-explanation problem: SHAP is used to decompose 

global and interval-scale predictions into positive and negative feature contributions, 

thereby explaining how the model arrives at a prediction and why particular layers are 

assigned low or high FS [17,19]. 

The Port Sudan coastal plain is an appropriate case study because it combines young 

coastal sediments, shallow groundwater, and moderate seismicity along the western Red 

Sea rift [20–23]. Loose granular soils and critical infrastructure, including port facilities and 

pipelines, increase the need for a reliable, site-specific liquefaction assessment [21,24–27]. 
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Within this context, the central hypothesis of this study is that a new leakage-aware 

Hybrid Stacking Ensemble model, developed by combining Random Forest, Extra Trees, 

and Gradient Boosting Regressors through a RidgeCV meta-learner, can better capture the 

nonlinear interactions among soil resistance, density, depth, and stress-state variables 

governing the liquefaction factor of safety (FS) than individual machine learning models. 

It is further hypothesized that these relationships can be interpreted in a geotechnically 

meaningful manner using SHAP-based explanations. 

To test these hypotheses, the study pursues four objectives: (i) develop a leakage-aware 

framework for direct FS prediction using independent geotechnical and stress-state varia-

bles; (ii) propose and evaluate the new Hybrid Stacking Ensemble model and compare its 

performance with KNN, ANN, Random Forest, and XGBoost; (iii) assess model robustness 

through testing, cross-validation, learning curves, and residual diagnostics; and (iv) inter-

pret the learned prediction mechanisms using SHAP-based global and local analyses. 

By integrating the proposed Hybrid Stacking Ensemble with leakage-aware prepro-

cessing and SHAP-based interpretation, this study provides a reproducible, physically in-

terpretable, and highly accurate framework for preliminary liquefaction-hazard screening 

in coastal sediments. 

2. Study Area: Geological and Geotechnical Setting 

2.1. Regional Geology and Subsurface Conditions 

Port Sudan lies on a low-relief coastal plain bordered by the Red Sea to the east and 

Precambrian basement highlands to the west [21,28]. Its geomorphology reflects the com-

bined effects of an ephemeral wadi sediment supply, coastal marine processes, and arid-

climate conditions [20,28–30]. Figure 1 shows the geological setting of the study area. 

 

Figure 1. Location map and tectonic framework of Port Sudan (modified after [28]). 

Rift-related subsidence has promoted the accumulation of thick Quaternary deposits, 

including alluvial-fan sands derived from the basement uplands, nearshore marine sands, 

and interbedded lagoonal silts and sandy silts [21,25,31]. These units are generally young, 

weakly cemented, and variably sorted. Grain-size data indicate predominantly fine- to 

medium-grained sands with localized silt lenses, resulting in marked lateral and vertical 

heterogeneity [21,32]. 

Geotechnical investigations indicate a typical sequence of loose- to medium-dense 

sandy fill or aeolian sand overlying saturated fine- to medium-grained sand with variable 

silt content, intermittent silty sand or sandy silt lenses, and denser sand or weathered coral 
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fragments at greater depths [21,28]. Representative SPT and lithological profiles for bore-

holes BH12 and BH14 are shown in Figure 2. The profiles indicate increasing SPT-N values 

with depth, particularly within the denser sand and weathered limestone layers, whereas 

lower values occur in softer clayey or silty intervals. 

These geological and geotechnical characteristics create strong spatial and vertical 

heterogeneity in soil properties, providing an appropriate test environment for evaluating 

the predictive capability and generalization performance of the proposed machine learn-

ing framework. 

 

Figure 2. Stratigraphic column and representative borehole profiles (BH12 and BH14). 

2.2. Hydrogeological Conditions 

Groundwater in the Port Sudan coastal plain is generally shallow due to its proximity 

to the Red Sea and has limited surface drainage. Measured groundwater levels commonly 

range from 1.0 to 3.0 m below the ground surface, with variations associated with season-

ality and tidal influence [21,26]. These conditions reduce effective overburden stress, 

maintain saturation in near-surface granular layers, and limit pore-pressure dissipation, 

thereby increasing liquefaction susceptibility [33,34]. Saline groundwater may also affect 

soil fabric and interparticle friction, although its influence on cyclic resistance is expected 

to be secondary to the effects of density and confining stress [34,35]. 

Although measured groundwater depths typically range from 1.0 to 3.0 m, seasonal 

recharge, evaporation, and tidal fluctuations may locally modify saturation conditions. 

Such variations could influence pore-water pressure and, in turn, FS values, particularly 

in shallow coastal deposits. While these temporal effects are not explicitly modeled in the 

present dataset, they represent an important source of uncertainty and should be consid-

ered in future time-dependent or probabilistic analyses. 

3. Methodology 

Figure 3 summarizes the machine learning workflow adopted in this study. The pro-

cedure includes data preparation, leakage-aware feature selection, training-test partition-

ing, model training, performance evaluation, model optimization, and model interpreta-

tion. The modeling strategy was designed to evaluate whether advanced ensemble learn-

ing algorithms can accurately capture the complex nonlinear relationships governing the 

liquefaction factor of safety (FS) as a function of independent geotechnical, spatial, and 

stress-state variables. KNN and ANN were employed as representative baseline models, 

whereas Random Forest, XGBoost, and the proposed Hybrid Stacking Ensemble were 

evaluated as advanced ensemble learning approaches. The Hybrid Stacking Ensemble 

combines Random Forest, Extra Trees, and Gradient Boosting Regressors as base learners, 
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while RidgeCV serves as the meta-learner that integrates the predictions of the individual 

models to produce the final FS estimate. The optimized models were subsequently evalu-

ated using independent testing data and interpreted using feature-importance analysis 

and SHAP-based explanations to identify the geotechnical factors controlling low and 

high liquefaction FS values. 

 

Figure 3. Workflow adopted for model development, evaluation, and prediction. 

3.1. Dataset and Preprocessing 

A structured geotechnical database was compiled from site-investigation reports for 

the Port Sudan coastal plain. The database includes borehole logs, SPT records, ground-

water measurements, laboratory soil classifications, and seismic-loading parameters. The 

spatial distribution of the investigation sites is shown in Figure 4. The compiled database 

contains information from 61 boreholes and 534 SPT intervals covering depths between 

0.1 and 80 m, with an average groundwater depth of approximately 1.0 m. Each SPT in-

terval was treated as an independent observation when all variables required for FS cal-

culation were available. 

  

(a) (b) 

Figure 4. (a) Measurement site in the northern part of the study area. (b) Measurement site in the 

southern part of the study area. 
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The exclusion of cohesive soils (CL, CH, and ML) accounts for approximately 4.1% 

of the original dataset, reflecting their limited relevance to liquefaction assessment under 

the adopted framework. While this filtering improves consistency in modeling granular 

soil behavior, it may introduce a selection bias toward sandy deposits. Therefore, the final 

dataset is representative of liquefiable granular soils rather than the full lithological spec-

trum of the study area. 

3.2. Summary Statistics 

Table 1 presents the descriptive statistics of the final predictor variables and the tar-

get variable used for machine learning model development. The final dataset comprises 

534 observations and covers depths from 0.5 to 80.0 m, with a mean depth of 25.3 m, indi-

cating broad subsurface coverage across the investigated sites. 

Measured SPT-N values range from 0 to 58 blows per 30 cm, with a mean of 25.0. The 

clean-sand-corrected penetration resistance, N1(60)cs, ranges from 0 to 60, with a mean 

value of 17.1. Relative density (Dr) varies from 0 to 100%, with a mean of 50.3%, demon-

strating that the dataset includes soil conditions ranging from very loose to dense. 

The stress-related variables also exhibit considerable variability. Unit weight ranges 

from 17.5 to 19.0 kN/m3, whereas total vertical stress varies from 8.8 to 1425.0 kPa, primar-

ily reflecting changes in depth and overburden pressure. The stress-reduction coefficient 

(rd) ranges from 0.4 to 1.0, while the overburden correction factor (Kσ) varies between 0.7 

and 1.0. 

The target variable, the liquefaction factor of safety (FS), ranges from 0.1 to 2.0, with 

a mean of 0.9 and a standard deviation of 0.5, indicating that the dataset contains both 

potentially liquefiable and relatively stable soil intervals. To ensure a leakage-aware mod-

eling framework, variables directly related to liquefaction response or consequence, in-

cluding CSR, CRR, liquefaction-induced settlement, lateral displacement, and the Lique-

faction Potential Index (LPI), were intentionally excluded from the predictor set. Conse-

quently, the machine learning models learned the relationship between independent ge-

otechnical, spatial, and stress-state variables and the liquefaction factor of safety, thereby 

reducing circularity and avoiding artificially optimistic predictive performance. 

Table 1. Summary statistics of the input variables and target variable used in the machine learning 

models. 

Variable n Min Max Mean Std. Dev. 

Depth (m) 534 0.5 80.0 25.3 16.3 

X (m) 534 312,829 319,809 315,046.85 1596.36 

Y (m) 534 2,164,109 2,165,795.85 2,170,856.09 26,681.35 

N-SPT (blows per 30 cm) 534 0.0 58.0 25.0 17.6 

Unit Weight (kN/m3) 534 17.5 19.0 17.7 0.3 

Total Vertical Stress (kPa) 534 8.8 1425.0 446.6 288.7 

N1(60)cs 534 0.0 60.0 17.1 9.4 

rd 534 0.4 1.0 0.6 0.2 

Kσ 534 0.7 1.0 0.9 0.1 

Dr (%) 534 0.0 100.0 50.3 22.7 

FS 534 0.1 2.0 0.9 0.5 

3.3. Target Variable and Predictors 

The target variable is the liquefaction factor of safety (FS), defined using the conven-

tional stress-based liquefaction framework as 

FS = CRR/CSR (1) 
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where 

𝐶𝑆𝑅 = 0.65 ⋅
𝜎𝑣

𝜎𝑣
′

⋅
𝑎𝑚𝑎𝑥

𝑔
⋅ 𝑟𝑑 (2) 

𝐶𝑅𝑅 = 𝑓(𝑁1(60)𝑐𝑠, 𝜎𝑣
′ , 𝐹𝐶, 𝑀𝑆𝐹) (3) 

where 𝐶𝑅𝑅is the cyclic resistance ratio, and 𝐶𝑆𝑅 is the cyclic stress ratio. 𝐶𝑅𝑅 was esti-

mated from corrected SPT-based empirical relationships, whereas CSR was derived from 

seismic demand and in situ stress conditions following the established liquefaction assess-

ment procedure [7]. Although FS was calculated from 𝐶𝑅𝑅and 𝐶𝑆𝑅, these two parame-

ters were intentionally excluded from the predictor set to avoid circularity and data leak-

age. Likewise, post-assessment response variables, including CRR7.5, 𝐶𝑆𝑅, CSR*, lique-

faction evaluation percentage, vertical settlement, cyclic shear strain, lateral displacement, 

and the Liquefaction Potential Index (LPI), were excluded because they are derived from 

or directly related to the target variable [21,33]. 

The final predictor set comprises spatial, geotechnical, and stress-state variables, in-

cluding X coordinate, Y coordinate, depth (z), measured SPT blow count (N1(60)), clean-

sand-corrected SPT resistance (𝑁1(60)𝑐𝑠), unit weight, total vertical stress, relative density 

(Dr), stress-reduction coefficient (𝑟𝑑), and overburden correction factor (Kσ). These varia-

bles provide independent information on location, soil resistance, density, and stress con-

ditions without directly including computed cyclic resistance, cyclic stress, or liquefaction 

consequence indicators. All predictors are continuous variables; therefore, categorical en-

coding was not required. 

To assess potential multicollinearity among predictors, variance inflation factors (VIFs) 

were conceptually considered. Strong relationships are expected between depth, total stress, 

rd, and Kσ because these variables share a physical basis. However, tree-based ensemble 

models are relatively insensitive to multicollinearity with respect to prediction accuracy. 

The interpretation of correlated variables is therefore primarily supported using SHAP anal-

ysis, which quantifies feature contributions while accounting for interaction effects. 

Missing predictor values were treated using median imputation within the modeling 

pipeline. The proportion of missing values for individual features was generally low 

(<2%), and median imputation was selected for its robustness to outliers. Although alter-

native imputation methods (e.g., K-Nearest Neighbors or model-based imputation) may 

provide improved accuracy, the selected approach ensures stability and avoids introduc-

ing additional model complexity to a relatively small dataset. The standardization proce-

dure is expressed as 

𝑥𝑠𝑐𝑎𝑙𝑒𝑑 =
𝑥 − 𝜇

𝜎
 (4) 

where 𝑥 is the original predictor value, μ is the mean of the training data, and σ is the stand-

ard deviation of the training data. Imputation and scaling were fitted only on the training 

data within the modeling pipeline to prevent preprocessing-related data leakage [11]. 

The dataset was divided into training and testing subsets using a 70:30 split. To pre-

serve the proportions of liquefiable and non-liquefiable cases, the partitioning was strati-

fied using the engineering threshold FS < 1 and FS ≥ 1. Model robustness and generaliza-

tion capability were further assessed using shuffled 5-fold cross-validation. All procedures 

were implemented in Python 3.11 using Scikit-learn and XGBoost libraries within a leakage-

aware pipeline. The proposed Hybrid Stacking Ensemble, comprising Random Forest, Extra 

Trees, and Gradient Boosting Regressors as base learners and RidgeCV as the meta-learner, 

was trained using out-of-fold predictions to ensure unbiased learning and minimize over-

fitting while maintaining reproducibility and reducing data leakage risk [18]. 
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3.4. Exploratory Analysis and Feature Screening 

Figure 5 shows the correlation matrix for the final predictors and FS. FS exhibits 

strong positive correlations with soil resistance and density-related variables, particularly 

N1(60)cs (r = 0.94), SPT-N (r = 0.86), and relative density (Dr) (r = 0.85), indicating that 

denser soil layers with higher penetration resistance generally possess greater resistance 

to liquefaction. Moderate positive correlations are observed between FS and both depth 

and total vertical stress (r ≈ 0.38), reflecting the beneficial effects of increasing confinement 

on liquefaction resistance. Conversely, rd and Kσ exhibit moderate negative correlations 

with FS (r ≈ −0.41), consistent with their roles as depth-dependent stress-reduction and 

overburden correction factors within the conventional liquefaction evaluation framework. 

Strong correlations among several predictor variables, including depth and total ver-

tical stress, rd and Kσ, and N1(60)cs and Dr, are expected because these variables are 

physically related through well-established geotechnical principles rather than data re-

dundancy. These relationships, therefore, represent meaningful engineering dependen-

cies rather than sources of information leakage. 

The very strong correlation between FS and N1(60)cs indicates that a large portion of 

the variability in FS is explained by penetration resistance. However, ensemble models 

remain necessary to capture interaction effects among resistance, density, stress, and 

depth, which single-variable or linear regression models cannot fully represent. 

 

Figure 5. Correlation matrix of predictor variables. 

3.5. Machine Learning Algorithms 

The five algorithms were not selected solely for benchmarking; rather, they reflect 

different assumptions about the relationship between geotechnical parameters and the 

liquefaction factor of safety (FS). KNN examines whether local similarity within the fea-

ture space is sufficient for FS estimation. ANN evaluates the capability of a flexible non-

linear parametric mapping to capture complex input–output relationships. Random For-

est assesses the effectiveness of variance-reduced bagging of decision trees, while 

XGBoost investigates the performance of regularized sequential boosting. The proposed 

Hybrid Stacking Ensemble (HSE) model integrates multiple ensemble learning algorithms 

within a meta-learning framework, testing whether combining diverse predictive per-

spectives can improve accuracy and robustness beyond what is achievable by individual 

models. This modeling framework enables a comprehensive evaluation of which machine 

learning paradigm is most suitable for the nonlinear, interaction-driven, and data-limited 

characteristics of SPT-based liquefaction assessment. 
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• K-Nearest Neighbors (KNN) 

KNN is a non-parametric, instance-based algorithm used for both regression and 

classification. In this study, KNN estimates FS from observations with similar geotech-

nical characteristics. Its performance depends on the number of neighbors and the dis-

tance metric: small values of k may ovefit local patterns, whereas large values may smooth 

important variability [13,36,37]. The regression estimate is expressed as 

𝐹𝑆̂(𝑥) =
1

𝑘
∑ 𝐹

𝑖∈𝒩𝑘(𝑥)

𝑆𝑖 (5) 

where 𝒩𝑘(𝑥) denotes the K-Nearest Neighbors with respect to Euclidean distance. 

• Hybrid Stacking Ensemble (HSE) 

A Hybrid Stacking Ensemble (HSE) regression model was developed to capture the 

complex nonlinear relationships between geotechnical variables and the liquefaction factor 

of safety. Unlike single-model approaches, stacking combines the strengths of multiple 

learning algorithms through a hierarchical architecture. In this study, Random Forest (RF), 

Extra Trees (ET), and Gradient Boosting Regressors (GBRs) were employed as base learners, 

while RidgeCV served as the meta-learner responsible for generating the final prediction. 

The base learners independently learn different aspects of the input–output relation-

ships. Random Forest reduces prediction variance through bootstrap aggregation, Extra 

Trees introduces additional randomness to improve model diversity, and Gradient Boosting 

Regressors sequentially correct prediction errors to reduce bias. Their predictions are sub-

sequently combined by the RidgeCV meta-model, which determines the optimal weighted 

contribution of each learner through regularized regression and internal cross-validation. 

This architecture improves predictive robustness, reduces sensitivity to noise, and enhances 

generalization performance by leveraging complementary learning mechanisms. 

• Artificial Neural Network (ANN) 

ANNs are computational models inspired by interconnected biological neurons and 

are well-suited for approximating nonlinear relationships. The multilayer perceptron 

used here consists of an input layer, hidden layers, and an output layer. Model weights 

were adjusted through backpropagation to minimize the difference between observed and 

predicted FS values [13,38–40]. The general mathematical formulation of the feedforward 

MLP is given by 

𝐹𝑆̂ = 𝑓(𝑊2 ⋅ 𝑓(𝑊1𝑋 + 𝑏1) + 𝑏2 (6) 

where 𝑊1 and 𝑊2 are the weight matrices of the hidden and output layers, respectively, 

𝑏1 and 𝑏2 are the corresponding bias vectors, X is the input feature vector, and 𝑓 denotes 

the activation function. ReLU activation was applied in the hidden layers. 

• Random Forest (RF) 

Random Forest is an ensemble learning method that combines multiple decision trees 

trained on bootstrap samples and random feature selection. For regression, predictions 

are obtained by averaging the outputs of individual trees, which reduces variance and 

limits overfitting relative to a single decision tree. Random Forest is robust for nonlinear 

problems, but it can require greater computational effort during prediction [41]. The en-

semble prediction is 

𝐹𝑆̂ =
1

𝑇
∑ 𝑓𝑡

𝑇

𝑡=1

(𝑋) (7) 

where each tree is trained on bootstrapped samples with random feature selection. 
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• XGBoost 

XGBoost is a gradient-boosting ensemble algorithm that builds trees sequentially to 

minimize a regularized objective function. It is suitable for FS prediction because it can 

model nonlinear interactions among geotechnical variables, handle missing values, and 

control overfitting through regularization. However, its performance depends on careful 

hyperparameter selection [42,43]. The objective function consists of a loss term and a tree-

complexity penalty: 

ℒ = ∑ 𝑙(

𝑛

𝑖=1

𝑦𝑖 , 𝑦̂𝑖) + ∑ Ω(

𝐾

𝑘=1

𝑓𝑘)  (8) 

where the first term represents the loss function, and Ω denotes the regularization term 

controlling tree complexity, which is given by 

Ω(𝑓) = 𝛾𝑇 +
1

2
𝜆 ∣∣ 𝑤 ∣∣2 (9) 

The regularization term penalizes overly complex trees and reduces overfitting. 

Table 2 presents the hyperparameters adopted for the five machine learning models 

developed in this study. For the KNN model, the number of neighbors and the weighting 

scheme were specified to control the influence of neighboring observations during predic-

tion. The ANN model was configured by defining the hidden-layer architecture, activa-

tion function, optimization algorithm, regularization strength, and learning rate. The pro-

posed Hybrid Stacking Ensemble model was constructed using Random Forest, Extra 

Trees, and Gradient Boosting Regressors as base learners, with RidgeCV for the individual 

models. For the standalone Random Forest model, the number of trees and the maximum 

tree depth were specified. In contrast, the XGBoost model was configured by selecting the 

number of estimators, learning rate, maximum depth, and objective function. These hy-

perparameter settings were chosen to achieve an appropriate balance between predictive 

accuracy, model robustness, generalization capability, and computational efficiency. 

Table 2. Hyperparameters used for training the five machine learning models. 

Model Hyperparameter Value 

KNN N neighbors 8 

KNN Weights Uniform 

ANN Hidden-layer size (100,100) 

ANN Activation function ReLU 

ANN Solver Adam 

ANN Alpha 0.0001 

ANN Learning rate 0.001 

Hybrid Stacking Ensemble Base learners 
Random Forest, Extra Trees, 

Gradient Boosting 

Hybrid Stacking Ensemble Meta-learner RidgeCV 

Hybrid Stacking Ensemble 
Cross-validation folds 

(RidgeCV) 

Automatic internal cross-vali-

dation 

Random Forest Number of estimators 300 

Random Forest Maximum depth 10 

XGBoost Number of estimators 300 

XGBoost Learning rate 0.05 

XGBoost Maximum depth 3 

XGBoost Objective function Squared-error regression 
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3.6. Evaluation Metrics 

Model performance was evaluated to test three linked requirements: predictive ac-

curacy, generalization stability, and engineering reliability near the FS = 1 threshold. 

RMSE and MAE quantify error magnitude, and R2 measures explained variance. These 

metrics were interpreted alongside learning curves, cross-validation, and residual diag-

nostics; therefore, model selection was based not only on numerical accuracy but also on 

robustness and the absence of a systematic unsafe bias. 

Sensitivity to training set size was evaluated indirectly using learning curves, which 

show consistent improvement as data volume increases. While the high performance sug-

gests a strong predictive capability, the possibility of mild overfitting cannot be entirely 

ruled out, given the dataset size. 

• Root Mean Square Error (RMSE) 

RMSE measures the standard deviation of prediction errors and is expressed in the 

same units as FS. Because errors are squared before averaging, RMSE penalizes large de-

viations more strongly than small deviations. Lower RMSE values indicate better predic-

tive performance: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖)

2

𝑛

𝑖=1

 (10) 

where 𝑦𝑖  is the observed value, 𝑦̂𝑖 is the predicted value, and 𝑛 is the number of obser-

vations. 

• Mean Absolute Error (MAE) 

MAE provides the average absolute difference between observed and predicted FS val-

ues. It is less sensitive to outliers than RMSE and provides a direct measure of typical pre-

diction error, which is useful for evaluating performance near engineering thresholds [44]. 

𝑀𝐴𝐸 =  (
1

𝑛
) 𝛴ᵢ=1ⁿ |𝑦ᵢ −  ŷᵢ| (11) 

• Coefficient of Determination (R2) 

R2 quantifies the proportion of variance in FS explained by the model. Values close 

to 1 indicate strong agreement between observed and predicted values, whereas values 

near 0 indicate performance comparable to predicting the sample mean. 

𝑅2 = 1 −
∑(𝑦𝑖 − 𝑦̂𝑖)

2

∑(𝑦𝑖 − 𝑦̄)2
 (12) 

where 𝑦̄ is the mean of the observed values. 

• Model Interpretability 

SHAP (SHapley Additive exPlanations) was applied as the main explanation method 

because a global feature-importance ranking alone does not explain how an individual pre-

diction is formed. SHAP decomposes each model prediction into a baseline model output 

and additive feature contributions; positive SHAP values increase the predicted FS, whereas 

negative values reduce it. This provides both global behavior and local explanations for de-

cisions at individual borehole intervals [45,46]. The SHAP value for a feature is: 

𝜙𝑗 = ∑
∣ 𝑆 ∣ ! (∣ 𝐹 ∣ −∣ 𝑆 ∣ −1)!

∣ 𝐹 ∣ !
𝑆⊆𝐹∖{𝑗}

[𝑓(𝑆 ∪ {𝑗}) − 𝑓(𝑆)] (13) 

This value represents the marginal contribution of each feature to the model predic-

tion across all possible feature coalitions. 
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In this study, global explanation was based on mean absolute SHAP values and 

beeswarm/dependence plots. In contrast, the local explanation was based on the sign and 

magnitude of feature contributions for individual low- and high-FS intervals. Conven-

tional tree feature importance was retained only as a preliminary screening tool and was 

not treated as sufficient evidence of explainable AI [47]. 

4. Results and Discussion 

4.1. Model Performance Comparison 

Model performance analysis in this section is interpreted in relation to the scientific 

question of whether nonlinear interactions among resistance, density, depth, and stress-

state variables govern FS. Therefore, the comparison among algorithms is used to test 

model adequacy for the geotechnical mechanism, not as a standalone ranking exercise. 

The final modeling dataset contains 534 observations from 61 boreholes in the Port 

Sudan coastal plain. Computed FS values range from 0.14 to 1.98, with a mean of 0.90, a 

standard deviation of 0.49, a median of 0.91, and an interquartile range of 0.86. Approxi-

mately 55.1% of the observations have FS < 1.0, indicating potentially liquefiable condi-

tions under the adopted seismic scenario. The FS distribution is nearly symmetric to 

slightly right-skewed, indicating a balanced representation of liquefiable and relatively 

stable layers. Depth-stratified analysis indicates that the lowest FS values occur mainly 

within the upper 15–20 m. The upper 15 m has an average FS of approximately 0.63, and 

75.4% of these intervals have FS < 1.0. Nearly 65% of the lowest-FS quartile occurs within 

the upper 15 m, confirming that liquefaction susceptibility is concentrated in shallow sat-

urated layers with low penetration resistance and limited confinement. 

The scatter plots compare test MAE, R2, and RMSE for the five ML models and two 

baseline regression models based solely on the corrected SPT resistance, N1(60)cs. The 

ranking of the machine learning models remains highly consistent across all three perfor-

mance metrics. The Hybrid Stacking Ensemble gives the lowest RMSE (0.058), the highest 

R2 (0.985), and shares the lowest MAE (0.032) with XGBoost. XGBoost performs similarly 

well, with RMSE = 0.061, R2 = 0.984, and MAE = 0.032, followed by Random Forest (MAE 

= 0.037, R2 = 0.977, RMSE = 0.072). ANN shows moderate performance, whereas KNN 

produces slightly larger errors.  

The two baseline regression models demonstrated substantially lower predictive ca-

pability than all machine learning models. Although N1(60)cs is recognized as the most 

influential predictor of liquefaction resistance, relying on this parameter alone was insuf-

ficient to capture the complex nonlinear interactions among geotechnical and stress-state 

variables governing the liquefaction factor of safety. These findings demonstrate the ad-

vantage of multivariable ensemble learning, with the Hybrid Stacking Ensemble provid-

ing the most accurate and robust prediction of FS.. 

Figure 6 compares observed and predicted FS values for the five ML models. The 

dashed diagonal line represents perfect prediction. All models reproduce the general up-

ward trend, but the degree of agreement varies. The Hybrid Stacking Ensemble shows the 

closest correspondence with the observations, with a test R2 of 0.985 and predictions con-

centrated near the 1:1 line. XGBoost also performs strongly, with R2 = 0.983 and limited 

scatter. Random Forest achieves excellent predictive accuracy, with R2 = 0.977 and predic-

tions closely following the ideal line. ANN and KNN provide acceptable but more dis-

persed predictions, particularly at higher FS values. Overall, the ensemble models, espe-

cially the Hybrid Stacking Ensemble, XGBoost, and Random Forest, best capture the non-

linear relationships among soil resistance, stress-state variables, and FS. 

Table 3 summarizes the training and testing performance of the five machine learning 

models and compares test MAE, R2, and RMSE for the five ML models and two baseline 

regression models based solely on the corrected SPT resistance, N1(60)cs. The ranking of 
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the machine learning models remains highly consistent across all three performance met-

rics. The Hybrid Stacking Ensemble gives the lowest RMSE (0.058), the highest R2 (0.985), 

and shares the lowest MAE (0.032) with XGBoost. XGBoost performs similarly well, with 

RMSE = 0.061, R2 = 0.984, and MAE = 0.032, followed by Random Forest (MAE = 0.037, R2 

= 0.977, RMSE = 0.072). ANN shows moderate performance, whereas KNN produces 

slightly larger errors. Overall, the Hybrid Stacking Ensemble demonstrates the strongest 

predictive capability among the evaluated models. 

Table 3. Training and testing performance metrics for all machine learning models used to predict FS. 

Model 
Hybrid Stacking 

Ensemble 
XGBoost 

Random 

Forest 
ANN KNN 

Linear Regression 

N1(60)cs Only 

Polynomial Regression 

N1(60)cs Only 

Train RMSE 0.019 0.018 0.030 0.045 0.120 0.149 0.140 

Train MAE 0.014 0.013 0.017 0.027 0.075 0.111 0.110 

Train R2 0.998 0.999 0.996 0.992 0.941 0.908 0.918 

Test RMSE 0.058 0.061 0.072 0.125 0.133 0.194 0.269 

Test MAE 0.032 0.032 0.037 0.057 0.089 0.115 0.119 

Test R2 0.985 0.984 0.977 0.931 0.923 0.834 0.682 

The two baseline regression models demonstrated substantially lower predictive ca-

pability than all machine learning models. Although corrected SPT resistance is recog-

nized as the most influential predictor of liquefaction resistance, these results indicate that 

using this parameter alone cannot adequately characterize the complex interactions 

among geotechnical and seismic variables governing liquefaction behavior. 

The consistency among MAE, RMSE, and R2 confirms that the Hybrid Stacking En-

semble is the most reliable model for FS prediction, followed closely by XGBoost and Ran-

dom Forest. The results also indicate that ensemble learning models are better suited to 

this liquefaction prediction problem than ANN and KNN, owing to their superior ability 

to capture the dataset’s complex nonlinear relationships. 

Figure 6 supports the numerical results presented in Table 3. Hybrid Stacking En-

semble, XGBoost, and Random Forest predictions cluster tightly around the 1:1 line, 

whereas ANN and KNN show greater dispersion. This ranking supports the working hy-

pothesis that direct FS prediction in Port Sudan requires models capable of representing 

nonlinear interactions and conditional effects, particularly among N1(60)cs, Dr, depth, 

and stress-state variables. Consequently, the Hybrid Stacking Ensemble and XGBoost 

were selected for geotechnical interpretation using SHAP. 

Figures 7–9 compare test MAE, R2, and RMSE for the five ML models and two base-

line regression models based solely on the corrected SPT resistance, N1(60)cs. The ranking 

of the machine learning models remains highly consistent across all three performance 

metrics. The Hybrid Stacking Ensemble gives the lowest RMSE (0.058), the highest R2 

(0.985), and shares the lowest MAE (0.032) with XGBoost. XGBoost performs similarly 

well, with RMSE = 0.061, R2 = 0.984, and MAE = 0.032, followed by Random Forest (MAE 

= 0.037, R2 = 0.977, RMSE = 0.072). ANN shows moderate performance, whereas KNN 

produces slightly larger errors. Overall, the Hybrid Stacking Ensemble demonstrates the 

strongest predictive capability among the evaluated models. 
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Figure 6. Actual versus predicted liquefaction factor of safety (FS) for the five machine learning 

models on the testing dataset. 

 

Figure 7. Comparison of test MAE values for the five machine learning models, Linear Regression 

N1(60)cs only, and Polynomial N1(60)cs only used to predict FS. 
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Figure 8. Comparison of test R2 values for the five machine learning models, Linear Regression 

N1(60)cs only and Polynomial N1(60)cs only, showing the explained variance of predicted FS. 

 

Figure 9. Comparison of test RMSE values for the five machine learning models, Linear Regression 

N1(60)cs only, and Polynomial N1(60)cs only used to evaluate prediction error magnitude. 

4.2. Cross-Validation and Model Robustness 

Figure 10 shows the RMSE distribution obtained from 5-fold cross-validation for all 

evaluated models. The Hybrid Stacking Ensemble consistently achieves low cross-valida-

tion RMSE, demonstrating strong predictive stability across different data partitions. 

XGBoost also shows low and stable RMSE values, followed closely by Random Forest. KNN 

has higher RMSE values, while ANN displays the largest variability and a high-error outlier, 

indicating greater sensitivity to data partitioning. The baseline linear regression and poly-

nomial regression models, based solely on N1(60)cs, produce substantially higher RMSE 

values, highlighting the limitations of single-variable regression for liquefaction prediction. 

The cross-validation results, therefore, confirm that the Hybrid Stacking Ensemble provides 

the most stable and reliable performance among all evaluated models. 

Figures 11 and 12 present learning curves based on R2 and RMSE. In general, model 

performance improves as the training set size increases, indicating that additional data 

enhances stability and generalization. 

As shown in Figure 11, R2 increases with training set size for most models. The Hy-

brid Stacking Ensemble maintains the highest and most stable validation performance, 

with training and validation curves converging rapidly as sample size increases. XGBoost 

and Random Forest also exhibit strong and stable validation performance. KNN improves 
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gradually, whereas ANN shows a larger gap between training and validation curves, sug-

gesting reduced generalization capability. 

Figure 12 shows a decreasing RMSE with increasing training set size. The Hybrid 

Stacking Ensemble achieves the lowest validation RMSE across most of the learning pro-

cess, closely followed by XGBoost and Random Forest, confirming their superior predic-

tive accuracy. KNN improves with additional data, while ANN retains comparatively 

higher validation errors. These learning curves support the testing results and confirm the 

robustness of the ensemble models. 

 

Figure 10. Five-fold cross-validation RMSE distribution for the five machine learning models, Linear 

Regression N1(60)cs only and Polynomial N1(60)cs only, illustrating model robustness and gener-

alization stability. 

 

Figure 11. Learning curves based on R2 for the five machine learning models at different training set 

sizes. The shaded regions represent ±1 standard deviation across the cross-validation folds, indicat-

ing the variability of model performance at each training set size. 
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Figure 12. Learning curves based on RMSE for the five machine learning models at different training 

set sizes. The shaded regions represent ±1 standard deviation across the cross-validation folds, in-

dicating the variability of model performance at each training set size. 

4.3. Residual Error Analysis 

Figure 13 presents residuals for the testing dataset. Residuals from the Hybrid Stack-

ing Ensemble, XGBoost, and Random Forest are centered close to zero, indicating limited 

bias and strong predictive performance. The Hybrid Stacking Ensemble exhibits the most 

compact residual distribution, corresponding to the smallest prediction errors, while 

XGBoost and Random Forest also show relatively narrow residual spreads. 

 

Figure 13. Residual distribution of testing predictions for the five machine learning models, show-

ing prediction errors relative to the zero-residual line. 
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ANN and KNN display wider residual distributions, indicating lower prediction sta-

bility. The ANN model includes several outliers at high predicted FS values, while KNN 

shows greater scatter across the medium-to-high FS range. The residual analysis, there-

fore, confirms the performance ranking obtained from the testing results, with the Hybrid 

Stacking Ensemble providing the most accurate predictions, followed closely by XGBoost 

and Random Forest. 

4.4. Comparison with Previous Studies 

In comparison to published materials, this study, based on applied soil liquefaction 

research, examines the effectiveness of an ensemble learning model with data leakage for 

direct safety prediction and proposes geotechnically interpretable model-based decision-

making approaches. Traditional CSR-CRR approaches estimate FS indirectly through em-

pirical relationships and correction factors [7,48]. These factors include overburden cor-

rections, magnitude-scaling factors, stress-reduction coefficients, and fines-content adjust-

ments, which are derived from simplified assumptions and case-history calibration [1,7]. 

Although effective in engineering practice, these formulations may not fully represent the 

nonlinear coupling among density, stress conditions, and cyclic loading. 

By contrast, the ML models developed here predict FS directly from independent 

geotechnical and stress-state variables, without using intermediate parameters such as 

CSR and CRR. This represents a fundamental methodological difference and reduces the 

risk of target leakage. Rather than decomposing liquefaction assessment into sequential 

empirical components, the ML framework learns the combined influence of the input var-

iables. The high accuracy of XGBoost and Random Forest (R2 up to 0.983 and RMSE as 

low as 0.061) indicates that these models can reproduce FS variability across heterogene-

ous subsurface conditions [41]. 

Conventional procedures also propagate uncertainty through multiple empirical cor-

rection factors. In complex depositional settings, such as the Port Sudan coastal plain, spa-

tial heterogeneity, variable fines content, and stratigraphic interlayering may amplify 

these uncertainties [1,49]. The proposed ML framework reduces reliance on intermediate 

empirical parameters by mapping independent inputs directly to FS. This approach is es-

pecially useful where variable relationships are nonlinear and site-specific. 

Interpretability is another important distinction. Conventional methods are transpar-

ent because their equations are explicit, although their interactions are restricted to pre-

defined correction factors. ML models are often criticized as black boxes; therefore, this 

study does not equate global importance with explainability. Instead, SHAP is used to 

decompose each ensemble prediction into feature-level contributions, allowing the anal-

ysis to identify both the dominant global controls and the reasons for low-FS predictions 

in specific soil intervals [17,19]. 

To evaluate the performance and scientific contribution of the proposed leakage-

aware framework, the results were compared with representative machine learning stud-

ies reported in the liquefaction literature. Table 4 summarizes the characteristics and pre-

dictive performance of selected previous investigations and the present study. 

Table 4. Comparison of representative machine learning studies for liquefaction prediction and the 

proposed leakage-aware framework. 

Study Objective Approach Best Model Performance  

Alobaidi et al. 

(2019) [15] 

Prediction of liquefac-

tion occurrence 

Ensemble learning classification 

framework using historical liq-

uefaction case histories 

Ensemble 

models 

Classification-based pre-

diction with improved 

accuracy over conven-

tional approaches 
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Kurnaz et al. (2023) 

[50] 

Direct prediction of liq-

uefaction FS 

1249 SPT-based liquefaction 

analyses; ANN, DT, RF, and SVR 

models 

ANN R2 = 0.99 

Ghani et al. (2025) 

[51] 

Liquefaction assess-

ment using ML tech-

niques 

Comparative evaluation of mul-

tiple AI and ML methods 
RF/XGBoost 

Demonstrated strong 

predictive capability for 

liquefaction assessment 

Present Study 

Direct prediction of liq-

uefaction FS with a 

leakage-aware work-

flow 

534 observations from 61 bore-

holes in Port Sudan; physically 

screened predictors; SHAP inter-

pretation 

Hybrid Stack-

ing Ensemble 

R2 = 0.985, RMSE = 0.058, 

MAE = 0.032 

Recent studies have demonstrated that ensemble learning algorithms, particularly 

XGBoost and Random Forest, provide excellent predictive performance for liquefaction 

assessment because of their ability to capture complex nonlinear interactions among ge-

otechnical variables. For example, hyper parameterized machine-learning algorithms for 

direct FS prediction were employed by [50]. Ghani reported the strong performance of Ran-

dom Forest and XGBoost for liquefaction assessment [51], while Jas and Dodagoudar suc-

cessfully combined XGBoost with SHAP to improve model interpretability [19]. Consistent 

with these findings, the present study confirms the effectiveness of tree-based ensemble 

learning. Furthermore, the proposed Hybrid Stacking Ensemble achieved slightly improved 

predictive performance by integrating complementary ensemble learners through a 

RidgeCV meta-learner while maintaining a physically meaningful interpretation using 

SHAP. These results demonstrate that combining multiple ensemble models can further en-

hance robustness and predictive accuracy for direct liquefaction factor-of-safety prediction. 

4.5. Engineering Interpretation of Model Results 

The model results indicate that soil resistance, density, depth, and stress-state condi-

tions mainly control FS in the Port Sudan coastal deposits. The superior performance of 

XGBoost and Random Forest suggests that the relationship between these variables and 

FS is strongly nonlinear. 

The behavior learned by the ensemble models is geotechnically consistent. Higher 

SPT-N, N1(60)cs, and relative density generally indicate denser sand with greater cyclic 

resistance and higher FS. Conversely, loose saturated sands with low penetration re-

sistance are more susceptible to excess pore-pressure generation and, therefore, have 

lower FS. Depth and total vertical stress also influence FS through confinement, although 

this effect is modified by rd and Kσ, which account for depth-dependent seismic-stress 

reduction and overburden correction. These patterns show that the best-performing mod-

els learned physically meaningful relationships and can be used as reliable decision-sup-

port tools for liquefaction assessment in Port Sudan. 

4.6. Tree-Based Feature Importance as Preliminary Screening 

Tree-based feature importance was first used as a preliminary global screening step 

for the XGBoost, Random Forest, and Hybrid Stacking Ensemble (Figures 14–16). These 

importance scores summarize how often and how effectively variables contribute to the 

prediction process, but they do not by themselves explain why a specific prediction is high 

or low. The results consistently identify N1(60)cs as the strongest global predictor of FS 

across all three models. In the Hybrid Stacking Ensemble, N1(60)cs has the highest im-

portance value (0.232), followed by total stress (0.139) and depth (0.138). In XGBoost, 

N1(60)cs is also the most influential variable (0.485), followed by relative density (Dr = 

0.416). Similarly, Random Forest identifies N1(60)cs as the dominant predictor, with an 

importance value of 0.846, followed by Dr (0.100). 
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Figure 14. Feature-importance ranking of input variables in the XGBoost model for predicting FS. 

 

Figure 15. Feature-importance ranking of input variables in the Random Forest model for predicting FS. 

 

Figure 16. Feature-importance ranking of input variables in the Hybrid Stacking Ensemble model 

for predicting FS. 

This preliminary ranking is geotechnically reasonable because N1(60)cs represents 

clean-sand-corrected SPT resistance, which is closely related to soil density and cyclic re-

sistance. The Hybrid Stacking Ensemble additionally assigns relatively greater im-

portance to total stress and depth, reflecting their contribution when predictions from 

multiple base learners are combined. However, these feature-importance values are inter-

preted only as global screening evidence. The decision-level explanation is provided in 

the following SHAP analysis, which indicates the direction, magnitude, and case-specific 

contribution of each variable to the predicted FS. 

4.7. SHAP-Based Global and Local Model Explanation 

SHAP analysis was used to explain the predictions of the three best-performing en-

semble models: the Hybrid Stacking Ensemble, XGBoost, and Random Forest. Unlike tree-
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based importance scores, SHAP quantifies how each variable changes each predicted FS 

relative to the model baseline. We emphasize that SHAP is employed strictly for decision 

explanation and hypothesis generation, not for causal inference; the observed feature con-

tributions are interpreted within the context of established liquefaction mechanics rather 

than as standalone evidence of physical causality. The global mean absolute SHAP plots 

show that N1(60)cs is the dominant control on predicted FS in all three models. Mean 

absolute SHAP values are approximately 0.26 for the Hybrid Stacking Ensemble, 0.35 for 

XGBoost, and 0.33 for Random Forest, confirming that clean-sand-corrected SPT re-

sistance provides the largest average contribution to model decisions (Figure 17). 

The SHAP beeswarm plots clarify the direction of the model response. Low N1(60)cs 

values produce negative SHAP contributions and reduce predicted FS, whereas high 

N1(60)cs values produce positive contributions and increase predicted FS. This response 

agrees with liquefaction mechanics because loose sands with low corrected penetration 

resistance are more susceptible to pore-pressure buildup, whereas denser sands have 

greater cyclic resistance (Figure 18). 

SPT-N, depth, and relative density have secondary effects on model output. Higher 

SPT-N values generally increase predicted FS, while depth contributes through changes 

in confinement and stress state. Spatial coordinates and unit weight have very small ef-

fects, indicating that the predictions are controlled mainly by soil-resistance parameters 

rather than spatial location alone (Figure 19). 

The SHAP dependence plots for N1(60)cs show a nonlinear positive relationship in all 

three models. As N1(60)cs increases, its SHAP contribution shifts from negative to positive, 

indicating that higher corrected SPT resistance increases the predicted safety against lique-

faction. Likewise, the dependence plots for depth reveal a nonlinear influence on predicted 

FS, reflecting the combined effects of confinement and stress-state conditions. Overall, the 

SHAP results confirm that the Hybrid Stacking Ensemble, XGBoost, and Random Forest 

learned physically meaningful relationships that are consistent with geotechnical principles 

and support their use for liquefaction assessment in the Port Sudan coastal plain [52,53]. 

At the local prediction level, the SHAP framework explains the reasons why a given 

soil interval is predicted to have either low or high FS. Low-FS predictions are driven by 

negative contributions from low N1(60)cs, low SPT-N, low relative density, and limited 

confinement, which dominate any positive contributions from depth-related stress-state 

variables. In contrast, high-FS predictions are linked to positive contributions from higher 

corrected penetration resistance and denser soil conditions. Thus, SHAP explains not only 

how the models utilize each input variable but also why certain soil layers are assigned 

low- or high-FS estimates. This provides a more informative and engineer-relevant inter-

pretation than global feature-importance rankings alone. 

 

Figure 17. SHAP feature importance for the Hybrid Stacking Ensemble, Random Forest, and 

XGBoost models, showing the dominant contribution of N1(60)cs to predicted FS. 
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Figure 18. SHAP beeswarm plots for the Hybrid Stacking Ensemble, Random Forest, and XGBoost 

models, illustrating the direction and magnitude of effects on the predicted FS. 

 

Figure 19. SHAP dependence plots for N1(60)cs and depth, showing the nonlinear influence of cor-

rected SPT resistance and the secondary effect of depth on predicted FS. 

4.8. Liquefaction Susceptibility Implication for Port Sudan 

The results have direct implications for liquefaction susceptibility assessment in the 

Port Sudan coastal plain. Low predicted FS values are primarily associated with loose-to-

medium-dense saturated sand layers, particularly where groundwater is shallow, and the 

penetration resistance is low. These conditions are common in coastal and reclaimed de-

posits, making near-surface layers vulnerable during seismic loading. The strong influ-

ence of N1(60)cs, SPT-N, relative density, and depth, identified by the Hybrid Stacking 

Ensemble, XGBoost, and Random Forest, confirms that soil resistance and density are the 

main controls on liquefaction safety. Layers with low corrected SPT resistance and low 

relative density are expected to have lower FS, whereas denser layers at greater depth 

generally show higher resistance. This interpretation is consistent with the geological set-

ting of Port Sudan, where young marine and alluvial sediments include silty sand and 

loose sandy deposits. 

From an engineering perspective, the Hybrid Stacking Ensemble, XGBoost, and Ran-

dom Forest can support preliminary liquefaction-hazard screening by identifying zones 

with low predicted FS. The superior predictive performance of the Hybrid Stacking Ensem-

ble makes it particularly suitable for rapid decision support in port facilities, fuel storage 

areas, pipelines, transportation corridors, and shallow foundations, where liquefaction-in-

duced settlement or lateral spreading may cause substantial damage. The predictions 

should nevertheless be used as decision-support information rather than as a substitute for 
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detailed geotechnical investigations. Zones with low predicted FS should be prioritized for 

additional site investigation, ground improvement, or liquefaction-mitigation measures. 

Several limitations should be acknowledged. The dataset is region-specific; CPT-

based parameters were not included, and a single design earthquake scenario was con-

sidered. Future work should incorporate multi-scenario seismic loading, probabilistic FS 

frameworks, CPT and shear-wave velocity data, and numerical cyclic constitutive model-

ing [54–57]. 

External validation using independent datasets from different geological regions and 

depositional environments would provide stronger evidence of the model’s transferabil-

ity and generalization. However, such datasets were not available within the scope of the 

present study and therefore remain an important direction for future research. Although 

the proposed Hybrid Stacking Ensemble demonstrated excellent predictive performance 

for the Port Sudan coastal sediments, future research should validate the model using 

independent datasets from different geographical regions and geological conditions to 

further assess its generalization capability and practical applicability. This limitation is 

common to all data-driven geotechnical models and underscores the intended use of the 

proposed framework as a preliminary hazard-screening tool rather than a definitive sub-

stitute for detailed site investigations. 

In addition, recent generalizations of SHAP, such as ShapleyFlow, could be explored 

in future work to model spatial or stratigraphic flow dependencies in liquefaction predic-

tions, potentially providing richer decision explanations beyond the static feature contri-

butions examined here. 

5. Conclusions 

This study developed a novel leakage-aware Hybrid Stacking Ensemble (HSE) 

framework for the direct prediction and geotechnical interpretation of the liquefaction 

factor of safety (FS) in the Port Sudan coastal plain. The proposed HSE model combines 

Random Forest, Extra Trees, and Gradient Boosting Regressors as complementary base 

learners with RidgeCV as a meta-learner, enabling more effective learning of the complex 

nonlinear relationships among soil resistance, density, depth, and stress-state variables. By 

excluding intermediate liquefaction-response variables from the predictor set, the proposed 

framework minimizes data leakage and improves the reliability of model evaluation. 

Among the five evaluated machine learning models, the proposed Hybrid Stacking 

Ensemble achieved the best predictive performance, with a test RMSE of 0.058, MAE of 

0.032, and R2 of 0.985, outperforming XGBoost, Random Forest, ANN, and KNN. The con-

sistency of the testing, cross-validation, learning curve, and residual analyses demon-

strates that the HSE model provides accurate, robust, and well-generalized predictions 

without evidence of significant overfitting. 

An important contribution of this study is the integration of high predictive accuracy 

with transparent model interpretation. Tree-based feature importance was employed as 

an initial screening tool, while SHAP analysis provided both global and local explanations 

of model decisions. The interpretation consistently identified N1(60)cs as the dominant 

controlling factor, followed by relative density, depth, and stress-related variables. These 

findings agree with established liquefaction mechanics and demonstrate that the pro-

posed HSE model learned physically meaningful geotechnical relationships rather than 

purely statistical correlations. 

From an engineering perspective, the proposed framework provides an efficient de-

cision-support tool for preliminary liquefaction-hazard screening in coastal environ-

ments. The ability to directly estimate FS from independent geotechnical variables enables 

rapid identification of potentially liquefiable zones, supporting infrastructure planning, 
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site investigation prioritization, and ground-improvement decisions in data-limited re-

gions such as the Port Sudan coastal plain. 

Overall, this study demonstrates that combining a new Hybrid Stacking Ensemble 

architecture, leakage-aware preprocessing, and SHAP-based interpretation provides a re-

producible, physically interpretable, and highly accurate framework for direct liquefac-

tion factor-of-safety prediction. Although the developed model is not intended to replace 

detailed geotechnical investigations, it represents a valuable complement to conventional 

assessment procedures and advances the application of explainable ensemble learning in 

geotechnical engineering. 

Future work should validate the proposed framework using independent datasets 

from different geological settings, incorporate CPT and shear-wave velocity measure-

ments, evaluate multiple seismic-loading scenarios, and investigate domain-adaptation 

strategies to further improve model transferability and practical applicability. 

Author Contributions: Conceptualization, A.A.H.S.H.; methodology, A.A.H.S.H. and D.W.; soft-

ware, A.A.H.S.H. and W.Y.; validation, W.W.; formal analysis, A.A.H.S.H. and W.Y.; investigation 

and data curation, D.W. and H.E.A.; visualization, A.A.H.S.H.; writing—original draft preparation, 

A.A.H.S.H.; writing—review and editing, W.W., D.W., W.Y., and M.A.; supervision and funding ac-

quisition, W.W. and J.L. All authors have read and agreed to the published version of the manuscript. 

Funding: This research was funded by the National Natural Science Foundation of China, grant 

numbers 52538008, 52578446, and 52578436. 

Institutional Review Board Statement: Not applicable. 

Informed Consent Statement: Not applicable. 

Data Availability Statement: The dataset supporting the findings of this study is available from the 

corresponding author upon reasonable request, subject to institutional and regulatory constraints. 

Acknowledgments: The authors gratefully acknowledge the Sea Ports Corporation, Port Sudan, 

Sudan, for its logistical support and assistance during field investigations and data collection. The 

authors also thank the China University of Geosciences (Wuhan) for providing the academic and 

technical environment that supported this research. We extend our thanks for the support provided 

through the Chinese Government Scholarship Council (CSC) during this study. 

Conflicts of Interest: Author Husam Eldin Ahmed was employed by the company Sea Ports Cor-

poration. Author Jingang Lü was employed by the company Wuhan Municipal Engineering Design 

& Research Institute Co., Ltd. The remaining authors declare that the research was conducted in the 

absence of any commercial or financial relationships that could be construed as a potential conflict 

of interest. 

Abbreviations 

The following abbreviations are used in this manuscript: 

ANN Artificial Neural Network 

CPT Cone Penetration Test 

CRR Cyclic Resistance Ratio 

CRR7.5 Cyclic Resistance Ratio normalized to Mw 7.5 

CSR Cyclic Stress Ratio 

Dr Relative Density 

FS Factor of Safety against Liquefaction 

HSE Hybrid Stacking Ensemble 

KNN K-Nearest Neighbors 

Kσ Overburden Correction Factor 

LPI Liquefaction Potential Index 
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MAE Mean Absolute Error 

ML Machine Learning 

N-SPT Standard Penetration Test Blow Count 

N1(60) Energy-corrected SPT resistance 

N1(60)cs Clean-sand-corrected SPT resistance 

R2 Coefficient of Determination 

RBF Radial Basis Function 

RF Random Forest 

RMSE Root Mean Square Error 

RSS Residual Sum of Squares 

SHAP SHapley Additive exPlanations 

SPT Standard Penetration Test 

SVM Support Vector Machine 

XGBoost Extreme Gradient Boosting 
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