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ABSTRACT 12 

Data-driven prediction of stabilized-soil strength is often constrained by small experimental datasets, 13 

leakage between related specimens, and limited physical interpretability. This study develops an 14 

explainable, uncertainty-aware framework to predict the unconfined compressive strength (UCS) of nano 15 

shale–quicklime stabilized kaolin. A specimen-level database of 180 measurements from 36 mixture–curing 16 

conditions was analyzed using multiple linear regression (MLR), support vector regression (SVR), random 17 

forest (RF), XGBoost, CatBoost, and backpropagation artificial neural network (BP-ANN), with nonlinear 18 

models optimized by particle swarm optimization and evaluated through nested GroupKFold cross-19 

validation. Mechanism-inspired features represented binder dosage, binder–curing interactions, nonlinear 20 

curing behavior, relative plasticity, and compaction state. Sequential feature ablation identified a compact 21 

CatBoost model with six physics-guided descriptors, achieving R2 = 0.841 ± 0.123 and RMSE = 151.11 ± 22 

34.94 kPa. SHAP analysis, sensitivity assessment, and two-dimensional partial dependence mapping 23 

identified plasticity, curing duration, and binder–curing interactions as dominant controls and revealed 24 

nonlinear stabilizer effects and favorable binder combinations. Monte Carlo input perturbation and group-25 

bootstrap resampling quantified input-driven and model-related uncertainty, with the highest 95% 26 

prediction-interval coverage reaching 0.894. The framework provides a physically interpretable, reliability-27 

aware approach for preliminary stabilized-soil screening while retaining confirmatory laboratory testing. 28 

Keywords: Physics-guided machine learning; Explainable artificial intelligence; Uncertainty 29 

quantification; Group-aware cross-validation; Unconfined compressive strength; Soil stabilization 30 
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1. Introduction 32 

Soil stabilization is widely used in geotechnical engineering to improve the mechanical performance 33 

of weak fine-grained soils for applications such as pavement subgrades, embankments, foundations, and 34 

earthworks [1–4]. Among the available performance indicators, unconfined compressive strength (UCS) 35 

remains one of the most practical and widely used parameters for assessing the effectiveness of stabilization 36 

and supporting preliminary design decisions [5–7]. The strength development of stabilized soils is governed 37 

by several interacting factors, including stabilizer type and dosage, curing days, soil plasticity, moisture 38 

condition, and compaction characteristics [8,9]. These factors influence the formation of cementitious and 39 

pozzolanic products, interparticle bonding, and the evolution of soil structure [2,4]. As a result, UCS 40 

response is commonly nonlinear and interaction-dependent, making it difficult to represent accurately using 41 

simple empirical correlations alone [10,11]. 42 

Traditional laboratory-based UCS evaluation provides direct and reliable measurements. However, it 43 

becomes time-consuming and resource-intensive when many mix designs, binder dosages, and curing 44 

conditions must be examined [11]. This limitation has motivated the development of empirical, statistical, 45 

and machine learning (ML)-based approaches for rapid strength estimation. Several studies have shown 46 

that ML models can capture complex nonlinear relationships in stabilized soils more effectively than 47 

conventional regression models. For example, Onyelowe et al. [12] used multiple ensemble-based ML 48 

methods to estimate the UCS of cohesive soils stabilized with cement and lime, showing that models such 49 

as gradient boosting and K-nearest neighbors could provide high prediction accuracy while identifying the 50 

roles of MDD, consistency limits, cement content, and lime content in UCS development. Similarly, Sari-51 

Ahmed et al. [13] developed an XGBoost-based model for lime-stabilized fiber-reinforced clay soils using 52 

341 test data collected from 14 experimental studies, demonstrating the usefulness of boosting algorithms 53 

for capturing the effects of lime content, fiber properties, and curing duration on UCS. These studies 54 

confirm the value of ML as a practical alternative for reducing experimental effort, but most of them still 55 

focus primarily on point prediction accuracy. 56 

Recent studies have increasingly moved toward more interpretable ML frameworks. Mohammed et al. 57 

[14] compiled a 200-sample database for GGBS-stabilized soils and compared several ML models, 58 

reporting XGBoost as the best-performing model and using SHAP and LIME to interpret the effects of 59 

curing period, OMC, and MDD on UCS. Chen et al. [5] examined one-part geopolymer-stabilized soils 60 

using hybrid ensemble models optimized by particle swarm optimization (PSO), and further used SHAP 61 

and one- and two-dimensional partial dependence plots to interpret the effects of input parameters on UCS. 62 

These studies show that explainable ML methods can provide useful insight into model behavior and 63 

support engineering interpretation. Nevertheless, interpretability is often added after model development, 64 

while the input feature space itself usually remains mainly data-driven and does not explicitly reflect the 65 

underlying stabilization mechanisms [15,16]. 66 

In parallel, physics-informed and domain-informed ML have gained attention in geotechnical 67 

engineering because they can improve model transparency and physical consistency. Recent studies have 68 

emphasized that incorporating soil science or geotechnical knowledge into ML models can help address 69 

data scarcity, improve interpretability, and reduce physically unrealistic predictions [17,18]. In soil 70 

stabilization, Yang et al. [19] recently proposed a physics-informed and SHAP-enhanced framework for 71 

cement-stabilized soils, where a modified water–cement ratio model was integrated through hybrid-72 
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corrector and PINN strategies; the best physics-informed model achieved R2 = 0.941 on the test set, and 73 

SHAP analysis quantified the contributions of cement, water content, and clay content. This represents an 74 

important step toward mechanistically consistent UCS prediction. However, such approaches are often 75 

developed for cement-stabilized soils and rely on physical formulations specific to cement-water-clay 76 

systems. For alternative stabilizers, especially natural pozzolanic additives, explicit governing equations 77 

are often unavailable or insufficiently established. In such cases, physics-guided feature engineering offers 78 

a practical intermediate approach by embedding mechanism-inspired variables, such as binder dosage, 79 

binder-curing interactions, curing nonlinearity, compaction state, and relative plasticity, directly into the 80 

model input space [20]. In this study, the term physics-guided is used in this feature-level sense, where 81 

geotechnical mechanisms guide the construction and selection of input descriptors rather than imposing 82 

explicit governing-equation constraints on the learning algorithm. 83 

Another important issue is validation reliability. Many UCS prediction studies still rely on simple 84 

random train-test splits or standard cross-validation [21–23], which may overestimate model generalization 85 

when repeated specimens, similar mix designs, or related curing conditions appear in both training and 86 

testing subsets [5]. This concern is particularly relevant for small laboratory datasets, where multiple 87 

records may share the same mixture composition or experimental origin. More robust validation strategies, 88 

such as nested cross-validation, have recently been adopted in geotechnical ML to reduce selection bias and 89 

improve performance estimation. For example, Teodoru et al. [20] used nested cross-validation and 90 

Bayesian hyperparameter optimization for cement-treated soils, while also developing an uncertainty 91 

quantification system to provide both central UCS estimates and confidence intervals. This reflects a 92 

broader shift from reporting only high accuracy toward assessing model robustness and reliability. 93 

Uncertainty quantification is also becoming increasingly important in geotechnical ML because design 94 

decisions are rarely based on deterministic values alone [24,25]. Material variability, testing scatter, curing 95 

conditions, and compaction-related uncertainties can all affect the reliability of predicted UCS [20,24,26]. 96 

Some recent studies have begun to incorporate uncertainty-aware prediction systems for cement-treated 97 

soils [20], but uncertainty analysis is still less common in ML studies on stabilized soils compared with 98 

deterministic model comparison and feature-importance analysis. In particular, limited attention has been 99 

given to distinguishing uncertainty arising from input variability from uncertainty associated with model 100 

instability. 101 

Despite these advances, several gaps remain. First, most available ML-based UCS prediction studies 102 

are centered on cement-, lime-, GGBS-, fly ash-, geopolymer-, or fiber-reinforced stabilized soils [25,27–103 

30], while NS-QL stabilized kaolin clay has received little attention from an interpretable ML perspective 104 

[26]. Second, although XAI methods such as SHAP and PDP are increasingly used, fewer studies combine 105 

them with mechanism-inspired feature engineering. Third, physics-informed frameworks for stabilized 106 

soils are still mostly developed around cement-specific physical equations, whereas many emerging 107 

sustainable stabilizers lack sufficiently established governing formulations. Fourth, robust validation and 108 

uncertainty-aware assessment are not always integrated into a single workflow, especially for small 109 

laboratory datasets with repeated mixture and curing structures. In addition, limited attention has been given 110 

to how the availability of input information affects the practical use of ML models, particularly the 111 

distinction between early-stage predictions based only on binder dosage and curing days and more reliable 112 

predictions that also require geotechnical index and compaction properties.  113 
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To address these gaps, this study develops an interpretable and uncertainty-aware ML framework 114 

supported by mechanism-inspired, physics-guided feature engineering for UCS prediction of kaolin clay 115 

stabilized with NS and QL. The experimental database used in this work was obtained from a previously 116 

published laboratory study and includes 180 UCS measurements covering different mix designs and curing 117 

days [26]. The present contribution focuses on predictive modeling, physics-guided feature construction, 118 

robust validation, interpretability, and uncertainty quantification rather than new laboratory testing. The 119 

proposed workflow, shown in Figure 1, includes exploratory analysis, construction of mechanism-inspired 120 

features, PSO-based model optimization, nested GroupKFold validation, ablation-based feature selection, 121 

SHAP/sensitivity/2D-PDP interpretation, and Monte Carlo plus group-bootstrap uncertainty analysis. 122 

Using this proposed model, the study aims to provide not only accurate UCS prediction, but also physically 123 

interpretable and reliability-aware decision support for preliminary mix design and more efficient use of 124 

stabilizing agents in geotechnical soil stabilization. Accordingly, the novelty of this study does not lie in 125 

introducing each ML component independently, but in integrating mechanism-inspired feature engineering, 126 

group-aware validation, ablation-based feature refinement, explain ability, reduced-input assessment, and 127 

uncertainty quantification into a single workflow for NS-QL stabilized kaolin clay. 128 

The main contributions of this study are as follows: 129 

1. Development of an interpretable ML framework supported by mechanism-inspired, physics-guided 130 

feature engineering for UCS prediction of NS-QL stabilized kaolin clay using both raw 131 

geotechnical variables and engineered descriptors. 132 

2. Evaluation of multiple optimized ML models under a nested GroupKFold validation framework to 133 

improve the reliability of generalization assessment for a small laboratory dataset. 134 

3. Assessment of reduced-input modeling scenarios to quantify the predictive value of binder dosage 135 

and curing days alone for preliminary mix design screening. 136 

4. Use of ablation analysis to identify a compact and physically meaningful engineered feature subset.  137 

5. Interpretation of the selected best-performing model using SHAP, sensitivity analysis, and 2D 138 

partial dependence plots to examine whether the learned relationships are consistent with expected 139 

stabilization behavior.  140 

6. Quantification of predictive uncertainty using Monte Carlo input perturbation and group-bootstrap 141 

resampling to compare input-driven uncertainty with model-instability uncertainty. 142 
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 143 

 144 

2. Materials, Dataset, and Methodology 145 

2.1. Experimental Database 146 

The experimental dataset used in this study was collected from a previously published investigation on 147 

the stabilization of kaolin clay using nano hydrocarbonated shale and quicklime [26]. The base soil was 148 

kaolin clay, which is characterized by weak mechanical properties and a relatively low plasticity index. The 149 

present study does not involve new laboratory testing; instead, it uses the reported experimental results as 150 

the basis for developing, validating, interpreting, and quantifying the uncertainty of ML models. 151 

The nano-shale (NS) samples were collected from the Tazareh Coal Mine, located approximately 45 152 

km east of Damghan, Iran. The NS particles had undergone natural thermal metamorphic processes and 153 

were subsequently produced from hydrocarbon-bearing shale through mechanical crushing and grinding 154 

without any additional thermal treatment. This preparation process may reduce energy demand compared 155 

with thermally activated binders. Its chemical composition, with total (SiO2 + Al2O3 + Fe2O3) > 70 wt.% 156 

and loss on ignition below 10%, satisfies the pozzolanic requirements of ASTM C618-22 [31]. Quicklime 157 

(QL) was primarily used as an alkaline activator to increase pH of mixtures and promote pozzolanic 158 

reactions. To evaluate the individual effect of lime, QL portions of 1, 3, and 5 wt.% were first considered. 159 

Based on the initial consumption of lime (ICL) test, 3 wt.% was identified as the optimum value to provide 160 

sufficient alkalinity (pH = 12.37 > 12) [32]. Therefore, this value was selected for the combined NS-QL 161 

mix designs. Using a constant QL content also allows a clearer evaluation of the effect of NS, while also 162 

supporting more efficient use of QL in the investigated mix designs. 163 

1 Dataset Acquisition

1   Replicate- evel Records 
   Mix Design-Curing  roups

2 EDA and Preprocessing

Data Analysis  
Correlation Analysis  

Replicate  rouping  Scaling 

 Physics- uided  eatures

  Physics- uided  eatures
from Binders, Curing, Plasticity,
and Compaction Descriptors

 Model Development

  alidation and Tuning

 ested  roupK old  
PS   ptimization

  eature Refinement  Interpretability   ncertainty Analysis 

Monte Carlo Perturbation 
 roup-Bootstrap

Ablation Study  
CatBoost- P   CatBoost- P 

S AP, Sensitivity, 
and 2D-PDP Analyses

M R, S R, R ,   Boost, 
CatBoost, and BP-A  

 a   eature Importance  b  S AP Summary Plot

 igure 1. Workflow of this study 
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A total of 180 individual laboratory records were used for ML model development. These records were 164 

obtained from 36 mix design-curing combinations, with five independent replicate specimens tested for 165 

each combination. The NS content varied from 0 to 20 wt.% at five levels: 0, 5, 10, 15, and 20 wt.%. QL 166 

was used either individually at 1, 3, and 5 wt.% or in combination with NS at a constant content of 3 wt.%. 167 

The curing periods were 3, 7, and 28 days, representing early, intermediate, and longer-term strength 168 

development. All statistical analyses, ML model training, cross-validation, explainability analysis, and 169 

uncertainty quantification were performed using the full replicate-level dataset of 180 individual records. 170 

The 180 records were not generated by duplicating the averaged values in Table 1; rather, they preserve the 171 

specimen-level variability in UCS, Atterberg limits, compaction properties, and mixture response. 172 

Table 1. Summary of mix design-curing combinations and mean experimental results for stabilized kaolin clay 173 

Mix Design NS 

(wt.%) 

QL 

(wt.%) 

Curing 

(days) 

Atterberg Limits Compaction Properties UCS 

(kPa) PL (%) LL (%) PI (%) OMC (%) MDD (g/cm3) 

CS 0 0 3 13.38 26.00 12.62 15.89 1.83 427.7 

0 0 7 13.38 26.00 12.62 15.89 1.83 431.5 

0 0 28 13.38 26.00 12.62 15.89 1.83 446.9 

NS5 5 0 3 20.62 29.80 9.18 16.72 1.79 459.3 

5 0 7 21.18 29.42 8.24 16.72 1.79 708.8 

5 0 28 22.02 28.90 6.88 16.72 1.79 1293.0 

NS10 10 0 3 22.50 30.13 7.63 17.22 1.75 515.0 

10 0 7 22.80 30.00 7.20 17.22 1.75 698.8 

10 0 28 23.67 29.37 5.70 17.22 1.75 1550.8 

NS15 15 0 3 23.64 31.45 7.81 17.45 1.70 521.8 

15 0 7 23.89 30.87 6.98 17.45 1.70 803.7 

15 0 28 24.80 29.65 4.85 17.45 1.70 1621.7 

NS20 20 0 3 21.54 30.42 8.88 18.13 1.68 488.1 

20 0 7 22.35 30.00 7.65 18.13 1.68 612.9 

20 0 28 23.20 28.77 5.57 18.13 1.68 1365.0 

QL1 0 1 3 20.03 26.86 6.83 15.97 1.72 525.7 

0 1 7 20.11 26.97 6.86 15.97 1.72 633.5 

0 1 28 20.34 27.08 6.74 15.97 1.72 825.2 

QL3 0 3 3 20.00 27.00 7.00 16.35 1.67 604.5 

0 3 7 20.72 27.18 6.46 16.35 1.67 932.0 

0 3 28 21.09 27.38 6.29 16.35 1.67 1056.3 

QL5 0 5 3 20.84 27.11 6.27 16.54 1.63 899.0 

0 5 7 21.38 27.43 6.05 16.54 1.63 1068.6 

0 5 28 22.20 27.93 5.73 16.54 1.63 1304.8 

QL3NS5 5 3 3 20.50 28.11 7.61 16.90 1.71 573.8 

5 3 7 21.80 28.77 6.97 16.90 1.71 857.6 

5 3 28 24.05 29.67 5.62 16.90 1.71 1700.4 

QL3NS10 10 3 3 21.03 28.13 7.10 17.39 1.65 616.0 

10 3 7 23.82 29.54 5.72 17.39 1.65 943.5 

10 3 28 25.63 30.63 5.00 17.39 1.65 1910.2 

QL3NS15 15 3 3 21.78 28.63 6.85 17.84 1.62 683.3 

15 3 7 24.50 29.20 4.70 17.84 1.62 1014.2 

15 3 28 26.38 30.28 3.90 17.84 1.62 2038.2 

QL3NS20 20 3 3 22.30 29.05 6.75 18.22 1.60 539.0 

20 3 7 23.80 29.76 5.96 18.22 1.60 907.2 

20 3 28 25.89 30.31 4.42 18.22 1.60 1603.2 
Note: Values represent the average of five independent replicate specimens for each condition. The ML models were trained and 174 

evaluated using the full replicate-level dataset containing 180 individual records. 175 
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As shown in Table 1, the addition of NS and QL improved the strength and modified the geotechnical 176 

properties of the treated kaolin clay. Plasticity decreased with increasing stabilizer content, while OMC 177 

increased and MDD decreased due to changes in soil structure. The UCS increased with binder content and 178 

curing days up to an optimum level. The highest UCS was obtained for QL3NS15 mix design at 28 days, 179 

with an increase of approximately 4.8 times higher than the untreated control sample. The values shown in 180 

Table 1 are mean values of five replicate specimens and are presented only to summarize the experimental 181 

trends. The replicate-level measurements were retained in the modeling dataset. 182 

2.2. Exploratory Data Characteristics and Preprocessing 183 

2.2.1. Definition of Input and  utput  ariables 184 

The input variables were selected from the experimental dataset to represent the main factors 185 

controlling the behavior of stabilized clay. Nano shale (NS) content and quicklime (QL) content were 186 

included as the primary stabilizing materials, governing the binder dosage and chemical reactions. Curing 187 

days were considered to capture the time-dependent development of strength due to chemical or pozzolanic 188 

reactions. The Atterberg limit parameters, including liquid limit (LL), plastic limit (PL), and plasticity index 189 

(PI), were initially considered to describe the consistency and plasticity characteristics of the untreated and 190 

stabilized soils. These parameters are relevant because changes in plasticity reflect modifications in soil 191 

fabric, water affinity, and particle interaction caused by stabilization. Compaction properties, namely 192 

optimum moisture content (OMC) and maximum dry density (MDD), were included to represent the 193 

physical state of the soil and its compaction characteristics. The output variable of the study is the 194 

unconfined compressive strength (UCS), which is a key indicator of soil strength and stabilization 195 

performance. At this exploratory stage, all available variables were retained to examine their distributions, 196 

relationships with UCS, and possible redundancy before defining the final input set for ML model 197 

development. 198 

2.2.2. Exploratory Data Analysis 199 

The relationships between the experimental variables and UCS were first examined using joint 200 

distribution plots, as shown in Figure 2. A clear positive trend is observed between UCS and curing days, 201 

indicating the strong influence of time-dependent lime activation, pozzolanic reactions, and progressive 202 

soil-binder bonding. In contrast, UCS shows a clear decreasing tendency with increasing plasticity index 203 

(PI), indicating that lower plasticity is generally associated with higher strength in the stabilized mixtures. 204 

The relationships between UCS and binder contents (NS and QL) are distinctly nonlinear and mix-205 

dependent. In particular, UCS increases with NS content up to an optimum level (around 15 wt.%) and then 206 

decreases, suggesting the existence of an optimum NS range rather than a monotonic response. This 207 

behavior is consistent with the experimental observation that the QL3NS15 mixture provided the highest 208 

UCS after 28 days of curing. The UCS-QL relationship also shows a nonlinear pattern because QL was 209 

used both as an individual stabilizer and as a fixed alkaline activator in the combined NS-QL mixtures. 210 

These trends, together with the considerable scatter observed in the joint plots, indicate that the strength 211 

response cannot be adequately described by simple linear relationships alone. 212 
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 213 

 igure 2. Joint distributions of UCS versus input variables for the full experimental dataset (n = 180) 214 

Compaction-related variables also show distinct patterns. UCS tends to increase with OMC but 215 

decrease with MDD. This apparent negative association between UCS and MDD should not be interpreted 216 

as a direct detrimental effect of dry density on strength. Instead, it reflects the coupled changes caused by 217 

stabilization, where the addition of NS and QL increases water demand and reduces compacted density 218 

while simultaneously promoting flocculation, pozzolanic bonding, and cementitious structure formation. 219 

Therefore, the observed UCS-MDD relationship is mainly an indirect consequence of mixture modification 220 

and binder-induced structural changes. 221 

The correlation structure among the variables was further examined using Pearson and Spearman 222 

correlation matrices, as shown in Figure 3. Pearson correlation measures linear association, whereas 223 

Spearman correlation evaluates monotonic association based on rank order. Therefore, comparing both 224 

matrices provides useful insight into whether the observed relationships are mainly linear or 225 

nonlinear/monotonic. 226 
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 227 

 228 

A strong positive correlation is observed between UCS and curing days, with Pearson and Spearman 229 

coefficients of r = +0.75 and rs = 0.73, respectively. This confirms the dominant role of curing days in 230 

strength development. In contrast, UCS exhibits a strong negative correlation with PI (Pearson r = −0.71, 231 

Spearman rs = −0.89), indicating that plasticity reduction is strongly linked to strength improvement. The 232 

stronger Spearman correlation suggests that the UCS-PI relationship is more monotonic than strictly linear. 233 

Among the Atterberg limit parameters, LL, PL, and PI show substantial interdependence. LL and PL are 234 

strongly positively correlated (Pearson r = +0.79, Spearman rs = +0.80), while PI is inherently related to 235 

both parameters through PI = LL − PL. Therefore, including all three Atterberg limit variables may 236 

introduce redundant information into the feature space. To reduce unnecessary model complexity and avoid 237 

redundancy, PL was excluded from the final input variables, while LL and PI were retained to represent soil 238 

consistency and plasticity.  239 

In addition, NS exhibits a strong positive correlation with OMC (Pearson r = +0.94, Spearman rs = 240 

+0.95), reflecting the increase in water demand with higher stabilizer content. A moderate negative 241 

correlation is observed between UCS and MDD (Pearson r = −0.34, Spearman rs = −0.41), indicating that, 242 

in this system, a reduction in dry density is associated with an increase in strength. As discussed above, this 243 

trend reflects the structural and compaction changes induced by stabilization rather than a simple direct 244 

relationship between density and strength. 245 

As a result, the exploratory analysis reveals that UCS is controlled by nonlinear, interdependent, and 246 

mixture-specific relationships among curing days, stabilizer contents, plasticity, and compaction 247 

characteristics. These observations justify the use of ML models capable of capturing nonlinear interactions 248 

and also motivate the development of physics-guided engineered features in the subsequent sections. 249 

 250 

 a  b 

 igure  . Correlation matrices of variables using:  a  Pearson; and  b  Spearman methods 
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2.2. . Data Cleaning and  utlier Control 251 

Before model development, the dataset was examined for consistency, completeness, and potential 252 

anomalous observations. No missing values were found in the compiled database, and all records were 253 

obtained from controlled laboratory tests reported in the source experimental study. As described in Section 254 

2.1, Table 1 reports averaged values only for compact presentation of the experimental program. However, 255 

all model development, preprocessing, cross-validation, explainability analysis, and uncertainty analysis 256 

were performed using the full replicate-level dataset containing 180 individual records. Therefore, the data 257 

cleaning and outlier screening procedures were applied to the individual replicate-level observations rather 258 

than to the averaged values reported in Table 1. 259 

Potential outliers were examined using descriptive statistics, joint distribution plots, and correlation 260 

analysis. A few relatively high UCS values were observed, particularly for mixtures with longer curing days 261 

and higher binder effectiveness. However, these observations were consistent with the expected strength 262 

gain of stabilized soils and corresponded to physically meaningful experimental responses rather than 263 

evident measurement errors. Therefore, no data points were removed solely based on statistical distance or 264 

extreme magnitude. 265 

Retaining these observations is important because the objective of the model is to learn the full range 266 

of behavior exhibited by the stabilized kaolin clay, including high-strength responses associated with 267 

favorable binder combinations and curing conditions. Removing such points could artificially narrow the 268 

response domain and reduce the ability of the model to capture nonlinear strength development. 269 

Accordingly, all experimentally valid records were retained for subsequent preprocessing, feature 270 

engineering, and ML model development. 271 

2.2. .  alidation Strategy and  eakage Control 272 

The statistical characteristics of the full experimental dataset are summarized in Table 2. The dataset 273 

contains 180 individual replicate-level records covering a broad range of mixture compositions, curing 274 

days, Atterberg limits, compaction properties, and UCS values. NS content ranges from 0 to 20 wt.% with 275 

a mean value of 8.33 wt.%, while QL content varies from 0 to 5 wt.% with a mean of 1.75 wt.%. The curing 276 

period includes 3, 7, and 28 days, resulting in a mean value of 12.67 days. These ranges indicate that the 277 

dataset includes untreated samples, individually stabilized mixtures, and combined NS-QL mixtures over 278 

different curing stages. 279 

Table 2. Descriptive statistics of the full experimental dataset (n = 180) 280 

Variable Count Mean SD Min. Q1 Median Q3 Max. IQR Skewness Kurtosis 

NS (wt.%) 180 8.33 7.47 0.00 0.00 7.50 15.00 20.00 15.00 +0.282 -1.37 

QL (wt.%) 180 1.75 1.69 0.00 0.00 2.00 3.00 5.00 3.00 +0.294 -1.25 

Curing (days) 180 12.67 11.00 3.00 3.00 7.00 28.00 28.00 25.00 +0.643 -1.51 

PL (%) 180 21.68 2.54 17.06 20.25 22.05 23.75 25.55 3.50 -0.358 -1.03 

LL (%) 180 28.72 1.51 25.92 27.22 28.99 29.89 31.60 2.67 -0.242 -1.02 

PI (%) 180 7.03 2.06 3.84 5.83 6.81 7.62 12.65 1.80 +1.431 +2.11 

OMC (%) 180 17.05 0.78 15.70 16.46 17.10 17.62 18.48 1.16 +0.060 -1.05 

MDD (g/cm3) 180 1.70 0.07 1.57 1.65 1.69 1.74 1.86 0.10 +0.432 -0.54 

UCS (kPa) 180 921.70 458.04 379.30 567.10 799.85 1168.98 2317.30 601.88 +1.027 +0.19 
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The Atterberg limit parameters show moderate variability. LL varies from 25.92% to 31.60%, with a 281 

mean of 28.72%, while PL ranges from 17.06% to 25.55%, with a mean of 21.68%. PI has a mean value of 282 

7.03% and ranges from 3.84% to 12.65%, indicating that the stabilized mixtures mostly remain within a 283 

low-plasticity range. Compared with LL and PL, PI exhibits stronger positive skewness (+1.431) and higher 284 

kurtosis (+2.11), reflecting the presence of a limited number of mixtures with relatively higher plasticity. 285 

The compaction variables also show systematic variation, with OMC ranging from 15.70% to 18.48% and 286 

MDD ranging from 1.57 to 1.86 g/cm3. The relatively narrow but meaningful ranges of OMC and MDD 287 

reflect the controlled laboratory preparation of the mixtures while still capturing the compaction changes 288 

induced by stabilization. 289 

The UCS values range from 379.30 to 2317.30 kPa, with a mean of 921.70 kPa and a standard deviation 290 

of 458.04 kPa. This relatively large spread confirms that the dataset captures substantial strength variation 291 

caused by changes in stabilizer content and curing days. The UCS distribution is positively skewed 292 

(+1.027), indicating that most samples are concentrated in the low-to-moderate strength range, while a 293 

smaller number of high-strength mixtures occur at favorable NS-QL combinations and longer curing days. 294 

The interquartile range of UCS is 601.88 kPa, further confirming the broad variability of strength response 295 

within the experimental program. 296 

For model evaluation, a nested GroupKFold cross-validation strategy was adopted instead of relying 297 

on a single random train-test split. This choice is consistent with recent geotechnical ML studies that used 298 

nested cross-validation to obtain more reliable performance estimates for relatively small UCS datasets [20] 299 

and with the broader emphasis on cross-validation and robustness assessment in stabilized-soil strength 300 

prediction [33]. In the present study, the outer loop was used for model performance evaluation, while the 301 

inner loop was used for hyperparameter optimization. 302 

To reduce replicate-level information leakage, each record was assigned to a group based on the 303 

combination of mix design and curing days. During cross-validation, samples belonging to the same group 304 

were kept within the same fold and were not split between training and testing subsets. In practical terms, 305 

all five replicate specimens corresponding to the same mix design-curing condition were assigned to the 306 

same group. Therefore, no replicate from a given mixture-curing condition was allowed to appear in the 307 

training set while another replicate from the same condition appeared in the test set. This grouping strategy 308 

was used because records from the same mixture and curing condition are experimentally related and may 309 

share similar material characteristics. Therefore, the adopted validation procedure provides a more realistic 310 

assessment of model generalization for unseen mixture-curing combinations. 311 

All preprocessing steps, feature scaling where required, physics-guided feature construction, 312 

hyperparameter optimization, and model training were performed within the cross-validation workflow. 313 

This ensured that information from the outer test folds was not used during model tuning or preprocessing. 314 

The final reported performance metrics therefore represent the mean and standard deviation across the outer 315 

folds rather than the result of a single data partition. 316 

2.2. . Cross- alidation Workflow and  eature Scaling 317 

All preprocessing and model-training steps were implemented within the nested cross-validation 318 

workflow described in Section 2.2.4. The outer loop consisted of a 5-fold GroupKFold cross-validation and 319 
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was used exclusively for final model evaluation. The inner loop consisted of a 3-fold GroupKFold cross-320 

validation and was applied only to the outer-training portion for PSO-based hyperparameter optimization.  321 

In each outer fold, PSO searched the predefined hyperparameter space by minimizing the mean validation 322 

RMSE across the inner folds. The selected hyperparameters were then used to retrain the model on the full 323 

outer-training data, and the trained model was evaluated once on the held-out outer-test groups. The outer-324 

test groups were not used during hyperparameter tuning, model selection, or performance optimization. 325 

This structure follows the same rationale adopted in recent UCS prediction studies, where nested cross-326 

validation has been used to obtain more reliable performance estimates for relatively small geotechnical 327 

datasets and to reduce model-selection bias [20]. Similar cross-validation procedures have also been 328 

recommended in stabilized-soil strength prediction studies to reduce overfitting and improve robustness 329 

assessment [33]. 330 

Within each fold, preprocessing parameters were fitted only on the training portion and then applied to 331 

the corresponding validation or test portion. This fold-wise implementation prevents information from the 332 

held-out data from influencing feature scaling, feature transformation, or model fitting. The same principle 333 

was applied to both raw input variables and physics-guided engineered features, ensuring that all 334 

transformations were learned exclusively from the training data within each cross-validation iteration. 335 

Feature scaling was performed using the Standard Scaler for models sensitive to the magnitude of input 336 

variables, including SVR, MLR, and BP-ANN. Standardization was performed using the training-fold mean 337 

and standard deviation as: 338 

Zi = Χi-μߪ                                                                            (1) 339 

where Χi is the original value of the feature, and μ and σ represent the mean and standard deviation of the 340 

feature computed from the training fold. This transformation standardizes the features to zero mean and 341 

unit variance, improving numerical stability and convergence of the models. 342 

Tree-based models, including RF, XGBoost, and CatBoost, are generally less sensitive to feature 343 

scaling because their splitting rules depend on feature ordering rather than absolute magnitude. Therefore, 344 

scaling was not required for these models from a methodological perspective. However, all models were 345 

implemented using a consistent pipeline structure to ensure reproducibility and to avoid accidental 346 

information leakage across folds. Because UCS values showed a positively skewed distribution, a 347 

logarithmic transformation was applied to the target variable during model training to improve numerical 348 

stability and reduce the influence of high-strength samples. Model predictions were then back-transformed 349 

to the original UCS scale before calculating the final evaluation metrics. RMSE was used as the primary 350 

optimization objective during hyperparameter tuning because it penalizes large prediction errors and is 351 

directly expressed in UCS units after inverse transformation. 352 

The final model performance was summarized using the mean and standard deviation of the evaluation 353 

metrics across the outer folds. This reporting format provides information on both predictive accuracy and 354 

fold-to-fold variability, allowing the stability of each model to be assessed in addition to its average 355 

performance. The relatively small and grouped nature of the dataset motivated the use of this structured 356 

methodology. Nested GroupKFold validation was used to obtain conservative performance estimates, 357 
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ablation analysis was used to avoid unnecessary engineered-feature complexity, explainability methods 358 

were used to check whether the model learned physically meaningful trends, and uncertainty analysis was 359 

used to avoid relying only on deterministic predictions. Therefore, each methodological component was 360 

included to address a specific reliability, interpretability, or practical-use issue associated with small 361 

laboratory datasets. 362 

2.2. . Computational Environment 363 

All models and analyses in this study were implemented in Python (version 3.13.13) using a range of 364 

well-established libraries. The computational environment included tools for machine learning, data 365 

processing, numerical computation, visualization, and model interpretability. Table 3 summarizes the 366 

complete details of the computational environment, including library versions and corresponding tools. 367 

Table  . Computational environment and Python libraries used in this study 368 

Component / Model Library / Software Version Class / Tool Purpose 

MLR Scikit-learn 1.6.1 LinearRegression Linear benchmark model 

SVR Scikit-learn 1.6.1 SVR Kernel-based regression 

RF Scikit-learn 1.6.1 RandomForestRegressor Ensemble regression 

XGBoost Xgboost 3.1.3 XGBRegressor Gradient boosting model 

CatBoost Catboost 1.2.8 CatBoostRegressor Gradient boosting model 

BP-ANN Scikit-learn 1.6.1 MLPRegressor Neural network model 

Feature scaling Scikit-learn 1.6.1 StandardScaler Scaling for MLR, SVR, and BP-ANN 

PSO Custom - PSOOptimizer Hyperparameter optimization 

Numerical computation NumPy 2.0.2 - Matrix and array operations 

Data handling Pandas 2.2.2 - Data processing 

Visualization Matplotlib 3.10.0 - Plotting 

SHAP SHAP 0.50.0 - Model explainability 

Python Python 3.13.13 - Programming environment 

Notebook Visual Studio Code 7.5.3 - Model development 

2. . Physics- uided  eature Engineering 369 

To incorporate geotechnical domain knowledge into the modeling framework, a set of physics-guided 370 

engineered features was constructed based on the main mechanisms controlling the strength development 371 

of stabilized clay. These features were designed to represent interactions among stabilizer content, curing 372 

days, plasticity, and compaction state that are not explicitly captured by the original input variables alone. 373 

In this study, the term physics-guided refers specifically to mechanism-inspired feature engineering based 374 

on geotechnical understanding of stabilization processes. The physical guidance is introduced at the input-375 

feature level through descriptors related to binder dosage, curing-dependent reactions, compaction state, 376 

and relative plasticity. Therefore, the proposed framework should not be interpreted as a physics-informed 377 

neural network, a physics-constrained loss formulation, or a model that directly enforces governing 378 

equations. 379 

Initially, seven engineered features were defined, as summarized in Table 4. The total binder content, 380 

expressed as NS + QL, was introduced to represent the overall dosage of reactive stabilizing materials. 381 

Interaction terms between stabilizers and curing days were included to account for the time-dependent 382 

evolution of pozzolanic reactions, alkaline activation, and soil-binder bonding. In particular, NS × Curing, 383 

QL × Curing, and (NS + QL) × Curing were used to describe the combined effects of binder availability 384 

and curing duration on strength development. 385 
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Table  . Physics-guided engineered features 386 

Feature Expression Physical meaning 

Binder_Total NS + QL Total binder content 

Binder Total_Curing (NS + QL) × Curing Time-dependent binder effect 

NS_Curing NS × Curing Pozzolanic contribution of NS over time 

QL_Curing QL × Curing Quicklime activation over time 

log_Curing log(Curing) Nonlinear strength development 

MDD_OMC_Ratio MDD / OMC Compaction state indicator 

PI_LL_Ratio PI / LL Relative plasticity measure 

Because the strength gain of stabilized soils is typically nonlinear with curing days, a logarithmic 387 

transformation of curing days was also included. In addition, MDD/OMC was introduced as a compaction-388 

state indicator, reflecting the combined influence of dry density and water demand. The PI/LL ratio was 389 

used as a relative plasticity indicator to describe the contribution of plasticity with respect to the overall 390 

liquid limit. These ratio-based features were included to provide normalized descriptors of soil physical 391 

state rather than relying only on absolute index values. 392 

Following the initial construction of these seven engineered features, their usefulness was further 393 

examined through the ablation analysis presented in Section 3. The ablation results showed that QL_Curing 394 

introduced redundant information and did not improve the generalization performance of the model. 395 

Therefore, this feature was removed from the final physics-guided feature set. The final CatBoost-6PG 396 

model retained six engineered features: Binder_Total, NS_Curing, BinderTotal_Curing, log_Curing, 397 

MDD_OMC_Ratio, and PI_LL_Ratio. These features were used together with the original input variables 398 

in the final modeling stage. 399 

2. . Machine  earning Model Development 400 

A set of ML models with different mathematical structures and learning mechanisms was developed to 401 

predict the UCS of stabilized kaolin clay. The selected models include a linear benchmark model, a kernel-402 

based nonlinear model, ensemble tree models, gradient boosting models, and a neural-network model. This 403 

selection enables a balanced comparison between simple interpretable approaches and more flexible 404 

nonlinear algorithms. All models were trained and evaluated within the nested GroupKFold framework 405 

described in Section 2.2.4, and hyperparameters were optimized using PSO in the inner cross-validation 406 

loop. 407 

2. .1. Multiple  inear Regression  M R  408 

Multiple Linear Regression (MLR) was used as a baseline model to establish a linear relationship 409 

between input variables and UCS. The model can be expressed as: 410 

UCS = β0+ ∑ βixi + εn

i=1

                                                              (2) 411 

where β0 is the intercept, βi are regression coefficients, and xi are the input features. Despite its 412 

simplicity, MLR provides a useful reference for evaluating the improvement achieved by more advanced 413 

models. 414 
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2. .2. Support  ector Regression  S R  415 

Support Vector Regression (SVR) is a kernel-based method that maps input data into a higher-416 

dimensional space to capture nonlinear relationships [34]. The SVR function is defined as: 417 

f(x) = ∑ (αi-αi
*) K(xi, x) + b                                                            (3)

n

i=1

 418 

where K(⋅) is the kernel function, and αi, αi* are Lagrange multipliers. 419 

In this study, the radial basis function (RBF) kernel was used, which is defined as: 420 

K(xi, xj) = exp  (-γ∥xi-xj∥2)                                                            (4) 421 

where γ is a kernel parameter controlling the influence of individual training samples. 422 

The RBF kernel was selected due to its strong capability to model complex and nonlinear relationships 423 

without requiring prior assumptions about the data structure. This is particularly important for the present 424 

dataset, where the relationships between input variables and UCS are highly nonlinear, as demonstrated in 425 

the exploratory data analysis (Section 2.2.2). By mapping the data into an infinite-dimensional feature 426 

space, the RBF kernel allows SVR to effectively capture local variations and interaction effects between 427 

variables. 428 

2. . . Random  orest  R   429 

Random Forest (RF) is an ensemble learning method that constructs multiple decision trees using 430 

bootstrapped samples and random feature selection [35]. The final prediction is obtained by averaging the 431 

outputs of individual trees: 432 

ŷ = 
1
T

 ∑ yt

T

t=1

                                                                       (5) 433 

where T is the number of trees. This strategy reduces variance and improves robustness, making RF 434 

effective for modeling nonlinear relationships. 435 

2. . . Extreme  radient Boosting    Boost  436 

XGBoost is an advanced gradient boosting algorithm that builds decision trees sequentially by 437 

minimizing a regularized objective function [36]: 438 

Obj = ∑ L(ŷi

n

i=1

,yi) + ∑ Ω(fk)K

k=1

                                                          (6) 439 

where L(⋅) is the loss function and Ω(fk) is a regularization term that penalizes model complexity. 440 

Unlike traditional boosting methods, XGBoost uses second-order gradient information to improve 441 

optimization accuracy and convergence speed. It also incorporates regularization, tree pruning, and 442 

shrinkage mechanisms to prevent overfitting. These features allow XGBoost to effectively capture complex 443 

nonlinear interactions between input variables while maintaining high generalization performance. 444 
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2. . . Categorical Boosting  CatBoost  445 

CatBoost is a gradient boosting algorithm specifically designed to reduce prediction bias and overfitting 446 

through an ordered boosting strategy [37]. Unlike conventional boosting methods, CatBoost constructs trees 447 

using permutations of the dataset, which helps avoid target leakage during training. The model iteratively 448 

minimizes a loss function by adding decision trees: 449 

Fm(x) = Fm-1(x) + η . hm(x)                                                            (7) 450 

where Fm(x) is the model at iteration m, hm(x) is the new tree, and η is the learning rate. 451 

CatBoost is particularly effective for small and structured datasets due to its ability to handle feature 452 

interactions, reduce overfitting, and provide stable performance without extensive preprocessing. These 453 

characteristics make it well-suited for the present dataset. 454 

2. . . Backpropagation Artificial  eural  etwork  BP-A    455 

The BP-ANN is a feedforward neural network capable of modeling complex nonlinear relationships 456 

between input variables and UCS. The network consists of an input layer, one or more hidden layers, and 457 

an output layer, where each neuron performs a weighted summation followed by a nonlinear activation 458 

function [38]. The output of a neuron can be expressed as: 459 

y = f ( ∑ ωj

n

j = 1 xj + b)                                                                       (8)  460 

where ωj are the connection weights, b is the bias term, and f(⋅) is the activation function. 461 

During training, the network parameters are updated using the backpropagation algorithm, which 462 

minimizes the prediction error by propagating gradients backward through the network. The weights are 463 

iteratively updated using gradient-based optimization: 464 

ω(t+1) = ω(t) - η ∂L
∂ω

                                                                 (9) 465 

where η is the learning rate and L is the loss function. 466 

BP-ANN is particularly suitable for problems with complex and highly nonlinear interactions, as it can 467 

approximate arbitrary nonlinear functions. However, its performance depends on network architecture and 468 

hyperparameter tuning, and it may be prone to overfitting in relatively small datasets [23]. In this study, 469 

BP-ANN was used to evaluate the capability of neural networks in capturing the nonlinear behavior of 470 

stabilized clay, especially in comparison with tree-based and boosting models. 471 

2. .  yperparameter  ptimization 472 

To improve model performance and ensure fair comparison, hyperparameter optimization was 473 

performed using Particle Swarm Optimization (PSO). PSO is a population-based metaheuristic algorithm 474 

inspired by the collective behavior of social organisms such as bird flocks [39,40]. In this study, PSO was 475 

implemented as a custom Python routine and embedded within the nested GroupKFold workflow. Each 476 

particle represented a candidate hyperparameter configuration, and the optimization objective was to 477 
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minimize the validation RMSE obtained from the inner GroupKFold loop. The velocity and position of 478 

each particle are updated as follows: 479 ݒi
(t+1) = ωݒi

(t) + c1r1 (pi - xi
(t))  + c2r2 (g - xi

(t))                                          (10) 480 

xi
(t+1) = xi

(t) + ݒi
(t+1)                                                              (11) 481 

where ݒi and xi are the velocity and position of particle i, pi is the personal best position, g is the global 482 

best position, ω is the inertia weight, and c1, c2 are cognitive and social coefficients, respectively. 483 

In each outer fold, PSO was applied only to the corresponding outer-training data. The inner 484 

GroupKFold loop was used to evaluate candidate hyperparameter sets, and the configuration with the lowest 485 

mean validation RMSE was selected. The optimized model was then retrained on the full outer-training 486 

fold and evaluated on the held-out outer-test fold. This procedure separates hyperparameter selection from 487 

final model evaluation and reduces model-selection bias. 488 

The search ranges and PSO-selected hyperparameters are summarized in Table 5. Values in the last 489 

column represent the mean and standard deviation of the selected hyperparameters across the five outer 490 

folds. For categorical or conditional parameters, the most frequently selected option is reported. 491 

Table  . PSO hyperparameter search ranges and selected values across the outer folds 492 

Model Hyperparameter Lower bound Upper bound Selected value across outer folds 

SVR C 1 5000 2858.46 ± 2064.14  
epsilon 0.001 0.2 0.0860 ± 0.0803  
gamma 0.01 5 0.0301 ± 0.0234 

RF n_estimators 300 900 658.8 ± 168.9  
max_depth 6 30 15.6 ± 9.7  
max_features 0.4 0.9 0.6039 ± 0.2109  
min_samples_split 2 12 2.8 ± 1.8  
min_samples_leaf 1 5 1.8 ± 1.8  
max_leaf_nodes 30 200/None 129.5 ± 29.1; None in 1/5 folds  
bootstrap fixed fixed True in 5/5 folds 

XGBoost n_estimators 400 900 695.0 ± 244.9  
learning_rate 0.08 0.18 0.1326 ± 0.0478  
max_depth 4 6 5.4 ± 0.9  
subsample 0.65 0.85 0.7509 ± 0.0560  
colsample_bytree 0.75 1 0.8846 ± 0.1155  
min_child_weight 1 5 3.5235 ± 1.9567  
reg_lambda 8 20 13.2601 ± 5.2149  
reg_alpha 0 3 0.0476 ± 0.1065  
gamma 0 1.5 0.0000 ± 0.0000 

CatBoost iterations 300 1200 831.8 ± 254.4  
learning_rate 0.01 0.15 0.1142 ± 0.0335  
depth 4 10 4.0 ± 0.0  
l2_leaf_reg 3 20 6.6221 ± 4.9227  
random_strength 0 5 2.4025 ± 1.8094  
bagging_temperature 0 5 1.3329 ± 1.8793 

BP-ANN hidden_layer_sizes 8 64 25.6 ± 9.8; two-layer in 1/5 folds 
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activation relu / tanh relu / tanh tanh in 4/5 folds  
alpha 0.001 1 0.1404 ± 0.0892  
learning_rate_init 0.0001 0.01 0.0065 ± 0.0021  
batch_size 8 32 22.2 ± 6.3 

CatBoost-7PG iterations 300 1000 585.2 ± 264.9  
learning_rate 0.01 0.12 0.1152 ± 0.0107  
depth 3 6 3.2 ± 0.4  
l2_leaf_reg 5 40 8.4049 ± 6.1621  
random_strength 1 10 6.5523 ± 3.4858  
bagging_temperature 0 8 4.4186 ± 3.0952 

CatBoost-6PG iterations 300 1000 752.4 ± 230.3  
learning_rate 0.01 0.12 0.1130 ± 0.0102  
depth 3 6 3.8 ± 0.8  
l2_leaf_reg 5 40 15.3381 ± 13.1745  
random_strength 1 10 5.7927 ± 3.8172  
bagging_temperature 0 8 1.5567 ± 3.3898 

Note: Values in the last column represent the mean ± standard deviation of the PSO-selected hyperparameters across 493 

the five outer folds of nested GroupKFold cross-validation. For categorical parameters, the most frequent selected 494 

value is reported. For RF, max_leaf_nodes = None was selected in one outer fold, indicating that no explicit maximum 495 

leaf-node constraint was applied in that fold. 496 

2. . Model Evaluation Metrics 497 

The performance of the developed models was evaluated using several statistical metrics to provide a 498 

comprehensive assessment of prediction accuracy and error characteristics. These metrics include the 499 

coefficient of determination (R2), mean squared error (MSE), root mean square error (RMSE), mean 500 

absolute error (MAE), mean absolute percentage error (MAPE), and variance accounted for (VAF). 501 

The coefficient of determination (R2) is defined as: 502 

R2 = 1 - 
∑ (yi-ŷi)2n

i=1∑ (n
i=1 yi-y̅i)

2                                                      (12) 503 

and represents the proportion of variance in the observed data explained by the model. Higher R2 values 504 

indicate better performance, with a value of 1 corresponding to a perfect fit. 505 

The mean squared error (MSE) is expressed as: 506 

MSE = 
1
n

∑ (yi-ŷi)
2

n

i = 1

                                                     (13) 507 

which measures the average squared difference between predicted and observed values. Lower MSE values 508 

indicate better performance, with values closer to zero representing more accurate predictions. 509 

The root mean square error (RMSE) is given by: 510 

RMSE = √1
n

∑ (yi-ŷi)
2

n

i = 1                                                   (14) 511 
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and represents the standard deviation of prediction errors in the same unit as UCS. Similar to MSE, lower 512 

RMSE values indicate better model accuracy, and values approaching zero correspond to improved 513 

predictions. 514 

The mean absolute error (MAE) is defined as: 515 

MAE = 1
n

∑|yi-ŷi|n

i = 1                                                         (15) 516 

and quantifies the average magnitude of prediction errors. Lower MAE values indicate better performance 517 

and reflect smaller average deviations between predicted and actual values. 518 

The mean absolute percentage error (MAPE) is calculated as: 519 

MAPE = 100
n

∑ |yi- ŷi
yi

|n

i =1

                                                  (16) 520 

and expresses the prediction error as a percentage. Lower MAPE values indicate higher predictive accuracy, 521 

with values closer to zero representing better model performance. 522 

The variance accounted for (VAF) is defined as: 523 

VAF = (1 - Var(yi-ŷi)
Var(yi) ) ×100                                                 (17) 524 

and measures the percentage of variance explained by the model. Higher VAF values indicate better 525 

performance, with values approaching 100% representing an accurate model. 526 

2. . Explainability and Sensitivity Analysis 527 

To improve model interpretability and examine whether the learned relationships are consistent with 528 

the mechanisms of soil stabilization, explainability and sensitivity analyses were performed after model 529 

development. These analyses were applied to the selected best-performing model after completing model 530 

comparison and performance evaluation. 531 

Model explainability was investigated using the SHapley Additive exPlanations (SHAP) method, which 532 

is based on cooperative game theory [41,42]. SHAP assigns an importance value to each feature by 533 

quantifying its contribution to the model output. The prediction of a model can be expressed as an additive 534 

explanation model: 535 

f(x) = φ0+ ∑ φi

M

i=1

                                                                    (18) 536 

where φ0 is the expected model output and φi represents the contribution of feature i to the prediction. 537 

The SHAP value for each feature is computed as: 538 
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φi= ∑ |S|!(M - |S| - 1)!
M!

S⊆N\{i} [f(S∪{i}) - f(S)]                                  (19) 539 

where S is a subset of all features, M is the total number of features, and f(S) represents the model prediction 540 

using only the features in subset S. This formulation computes the average marginal contribution of each 541 

feature across all possible feature combinations, ensuring fair and consistent attribution. 542 

In this study, SHAP analysis was used for both global and local interpretation. Global SHAP analysis 543 

was used to rank the relative importance of the input and engineered features in UCS prediction. Local 544 

SHAP analysis was used to explain individual predictions by identifying the features that increased or 545 

decreased the predicted UCS for a specific sample. For models trained on the logarithmic scale of UCS, 546 

SHAP values were interpreted in terms of their contribution to the model output on the log-transformed 547 

scale, while final predictions were back-transformed to the original UCS scale for engineering 548 

interpretation. 549 

In addition to SHAP analysis, one-way sensitivity analysis was conducted to evaluate the response of 550 

model predictions to controlled changes in individual input variables. In this procedure, one variable was 551 

varied across its observed range while the remaining variables were kept constant at their median baseline 552 

values. The resulting variation in predicted UCS was used to quantify the relative influence of each input 553 

variable and to examine whether the model response followed physically meaningful trends. 554 

Two-dimensional partial dependence analysis was also performed to examine interaction effects 555 

between selected variables. In particular, 2D partial dependence contour plots were used to visualize the 556 

combined influence of stabilizer contents and curing days on predicted UCS. This analysis supports the 557 

interpretation of nonlinear interaction effects that cannot be fully captured by one-way sensitivity analysis 558 

alone. 559 

The combined use of SHAP, one-way sensitivity analysis, and 2D partial dependence analysis provides 560 

complementary insight into model behavior. SHAP quantifies feature contributions at global and local 561 

levels, sensitivity analysis evaluates model response to controlled input variations, and 2D partial 562 

dependence analysis reveals interaction patterns between key variables. Together, these methods help assess 563 

whether the predictive model is not only accurate, but also physically interpretable and consistent with the 564 

expected behavior of stabilized kaolin clay. 565 

2. .  ncertainty Analysis 566 

To evaluate the reliability of the predictive framework, uncertainty analysis was performed after model 567 

selection using the same outer-fold validation structure adopted for model assessment. For each outer fold, 568 

the model was trained using the corresponding outer-training data, while uncertainty propagation was 569 

applied only to the held-out outer-test samples. The statistical properties required for perturbation, including 570 

the covariance matrix, feature standard deviations, and valid input bounds, were estimated exclusively from 571 

the outer-training data to avoid information leakage. 572 

Input uncertainty was propagated using Monte Carlo simulation. For each outer-test sample, 5000 573 

perturbed realizations were generated using a correlated Gaussian noise structure: 574 

x*= x + ε                                                                        (20) 575 
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ε ~ N (0, k2 ∑ train)                                                              (21) 576 

where x is the original input vector, x* is the perturbed input vector, k is the perturbation intensity, and 577 ∑ train is the covariance matrix estimated from the corresponding outer-training fold. Three perturbation 578 

levels were considered: low (k = 0.10), moderate (k = 0.25), and high (k = 0.50).  579 

Two uncertainty settings were examined. In the FullInput setting, all raw input variables, including NS, 580 

QL, curing days, LL, PI, OMC, and MDD, were perturbed. In the GeoPropertyOnly setting, perturbation 581 

was applied only to geotechnical index and compaction properties, namely LL, PI, OMC, and MDD, while 582 

NS, QL, and curing days were kept fixed. After each perturbation, the engineered features were recalculated 583 

to preserve the functional relationships among the raw and physics-guided variables. 584 

Prediction intervals were constructed from the Monte Carlo prediction distributions using percentile-585 

based 90% and 95% intervals. The quality of the intervals was evaluated using prediction interval coverage 586 

probability (PICP), mean prediction interval width (MPIW), prediction interval normalized average width 587 

(PINAW), average coverage error (ACE), and coverage width-based criterion (CWC). These metrics were 588 

used to assess both the reliability and sharpness of the uncertainty intervals. In addition, model uncertainty 589 

was assessed using group-level bootstrap resampling within the outer-training folds. In this procedure, 590 

bootstrap samples were generated at the group level rather than at the individual-sample level to preserve 591 

the grouped structure of the experimental data. The resulting ensemble of bootstrap models was used to 592 

construct prediction intervals for the outer-test samples. This procedure enabled comparison between input-593 

driven uncertainty and model-instability uncertainty under the same group-aware validation framework. 594 

 . Results 595 

 .1. Model Performance and Prediction Accuracy 596 

The predictive performance of the developed models is summarized in Table 6. The reported values 597 

represent the mean and standard deviation of the evaluation metrics across the outer folds of the nested 598 

GroupKFold cross-validation framework. Therefore, the results reflect model performance on group-held-599 

out test folds rather than on a single random train-test split. The corresponding actual-versus-predicted UCS 600 

plots are shown in Figure 4, while the residual diagnostic plots are presented in Figure 5. 601 

Table  . Outer-fold predictive performance of the developed models based on nested GroupKFold cross-validation 602 

Model R2 (Mean ± SD) MSE (Mean ± SD) MAE (Mean ± 

SD) 

RMSE (Mean ± 

SD) 

MAPE (%) 

(Mean ± SD) 

VAF (%) 

(Mean ± SD) 

MLR 0.430 ± 0.880 61470.01 ± 44585.45 178.92 ± 59.47 235.30 ± 87.33 23.96 ± 10.95 60.17 ± 54.33 

SVR 0.722 ± 0.418 29594.55 ± 20502.23 127.11 ± 45.39 164.87 ± 54.92 15.46 ± 8.92 78.82 ± 28.25 

RF 0.562 ± 0.591 48500.98 ± 29933.36 156.69 ± 41.12 212.00 ± 66.68 18.74 ± 9.54 67.11 ± 39.04 

XGBoost 0.768 ± 0.165 33446.15 ± 6910.62 136.75 ± 11.72 182.14 ± 18.40 15.16 ± 4.09 82.01 ± 8.32 

CatBoost 0.794 ± 0.189 29309.45 ± 13120.02 126.14 ± 31.71 167.06 ± 41.84 14.64 ± 4.85 83.49 ± 11.81 

BP-ANN 0.808 ± 0.101 30303.45 ± 8742.45 129.24 ± 19.83 172.61 ± 25.26 14.07 ± 0.47 83.84 ± 8.07 

CatBoost-7PG 0.795 ± 0.163 28912.45 ± 7419.98 122.81 ± 14.05 169.03 ± 20.69 13.43 ± 3.83 84.56 ± 7.86 

CatBoost-6PG 0.841 ± 0.123 23809.63 ± 10324.12 110.67 ± 26.04 151.11 ± 34.94 11.97 ± 3.75 87.38 ± 7.24 

The results show a clear difference between the linear benchmark model and the nonlinear models. 603 

MLR produced the weakest overall performance, with R2 = 0.430 ± 0.880, RMSE = 235.30 ± 87.33 kPa, 604 
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and MAPE = 23.96 ± 10.95%. The large standard deviation of R2 also indicates substantial fold-to-fold 605 

variability, suggesting that a simple linear relationship is not sufficient to represent the nonlinear strength 606 

development of NS-QL stabilized kaolin clay. 607 

Among the conventional nonlinear models, SVR considerably improved the prediction accuracy 608 

compared with MLR, reducing RMSE to 164.87 ± 54.92 kPa and increasing R2 to 0.722 ± 0.418. However, 609 

the relatively large standard deviations of SVR indicate that its performance was still sensitive to the held-610 

out group composition. RF showed weaker generalization than SVR, with RMSE = 212.00 ± 66.68 kPa and 611 

R2 = 0.562±0.591, indicating that the bagging-based tree ensemble was less effective for this grouped 612 

dataset. 613 

The boosting-based models generally provided more stable and accurate predictions. XGBoost 614 

achieved R2 = 0.768 ± 0.165 and RMSE = 182.14 ± 18.40 kPa, while the baseline CatBoost model improved 615 

the RMSE to 167.06 ± 41.84 kPa and achieved R2 = 0.794 ± 0.189. BP-ANN also performed competitively, 616 

with R2 = 0.808 ± 0.101, RMSE = 172.61 ± 25.26 kPa, and MAPE = 14.07 ± 0.47%. However, its RMSE 617 

remained higher than that of the best physics-guided model. 618 

The effect of physics-guided feature engineering is observed by comparing the baseline CatBoost, 619 

CatBoost-7PG, and CatBoost-6PG models. CatBoost-7PG, which included the initial seven engineered 620 

features, achieved R2 = 0.795 ± 0.163, RMSE = 169.03 ± 20.69 kPa, and MAPE = 13.43 ± 3.83%. Although 621 

this model slightly reduced MAE and MAPE compared with the baseline CatBoost, its RMSE did not 622 

improve. After removing the redundant QL_Curing feature through ablation analysis, CatBoost-6PG 623 

achieved the best overall performance, with the highest R2 = 0.841 ± 0.123, the lowest RMSE = 151.11 ± 624 

34.94 kPa, the lowest MAE = 110.67 ± 26.04 kPa, and the lowest MAPE = 11.97 ± 3.75%. The 625 

corresponding VAF value of 87.38 ± 7.24% also indicates that CatBoost-6PG explained the largest 626 

proportion of UCS variance among the evaluated models. Nevertheless, the standard deviations of the outer-627 

fold metrics indicate that prediction performance still varied across held-out mixture-curing groups. This 628 

variability is expected because the dataset is relatively small and some outer folds may contain high-strength 629 

mixtures or nonlinear mixture responses that are more difficult to predict. Therefore, the reported mean 630 

performance should be interpreted together with the fold-to-fold variability rather than as a single fixed 631 

accuracy value. 632 

Figure 4 provides a visual comparison of actual and predicted UCS values for all models. The MLR 633 

predictions show the largest scatter around the ideal 1:1 line, particularly at higher UCS values, confirming 634 

the limited ability of the linear model to capture nonlinear strength behavior. RF also shows noticeable 635 

dispersion and wider deviations from the ideal line. In contrast, SVR, XGBoost, CatBoost, and BP-ANN 636 

show improved clustering around the ideal prediction line. The CatBoost-6PG model exhibits the closest 637 

overall agreement with the 1:1 line, particularly across the low-to-intermediate UCS range where most 638 

samples are concentrated. The ±20% reference bounds further show that CatBoost-6PG retains a larger 639 

proportion of predictions within an acceptable error band compared with the other models. 640 
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 641 

 642 

The residual diagnostics in Figure 5 provide a more detailed comparison of model behavior across 643 

different error characteristics. For the MLR model, the residuals are widely scattered around zero, with 644 

values extending approximately from about −700 to +600 kPa. This wide range indicates high variability 645 

in prediction errors and confirms the limited ability of the linear model to capture the nonlinear UCS 646 

response. The ordered residuals versus theoretical quantiles plot, also known as the Q–Q plot, shows 647 

noticeable deviations from the reference line at the tails, suggesting non-normal error behavior and the 648 

presence of large residuals. This behavior is also reflected in the residual histogram, which spans a broad 649 

range and indicates a high dispersion of errors. 650 

For the BP-ANN model, the residual spread is somewhat reduced compared with MLR, although 651 

relatively large deviations are still observed, particularly at higher predicted UCS values. The central part 652 

of the Q–Q plot shows better alignment with the reference line, but deviations at the extremes remain 653 

evident, indicating that large prediction errors are still present for some samples. In contrast, ensemble and 654 

boosting models such as XGBoost and CatBoost exhibit more compact residual distributions. For example, 655 

the residuals of XGBoost are more concentrated around zero than those of MLR and RF, and its histogram 656 

shows a narrower error distribution. The Q–Q plots of the boosting-based models also show improved 657 

alignment with the reference line, particularly in the central region. 658 

A further refinement is observed in the physics-guided CatBoost models. CatBoost-7PG shows a 659 

relatively compact residual distribution compared with the baseline CatBoost model, indicating that the 660 

initially introduced physics-guided features improve part of the error structure. However, the most balanced 661 

residual behavior is observed for CatBoost-6PG. Its residuals are more concentrated around zero, and its 662 

residual histogram is narrower and more centered than those of the other models. This behavior is consistent 663 

with its lower RMSE of 151.11 kPa and lower MAE of 110.67 kPa reported in Table 6. The Q–Q plot of 664 

CatBoost-6PG also shows closer alignment with the reference line in the central region, although deviations 665 

 igure  . Actual versus predicted UCS values for the developed models using outer-fold test predictions from 
nested GroupKFold cross-validation 
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at the tails remain, particularly for high-strength mixtures. Overall, the residual diagnostics indicate that the 666 

improved performance of CatBoost-6PG is mainly associated with a reduction in the spread of prediction 667 

errors and more stable predictions across the group-held-out folds. 668 
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 670 

 671 

 .2.  eneralization  ap Analysis 672 

The generalization behavior of the developed models was evaluated by comparing training RMSE and 673 

outer-test RMSE across the nested GroupKFold folds, as summarized in Table 7. The generalization gap 674 

was calculated as: 675 

∆RMSE = RMSEouter-test - RMSEtrain                                               (22) 676 

where a larger positive gap indicates a greater difference between fitting performance on the training folds and 677 

predictive performance on the group-held-out outer-test folds. The relative gap was also computed on a fold-678 

wise basis to provide a normalized measure of the generalization difference. 679 

A clear trend is observed across the models: high-capacity tree-based boosting models achieved very low 680 

training errors but showed larger generalization gaps when evaluated on group-held-out folds. For example, 681 

XGBoost produced the lowest training RMSE among the conventional models, with 11.23 ± 18.12 kPa, but its 682 

outer-test RMSE increased to 182.14 ± 18.40 kPa, resulting in the largest RMSE gap of 170.91 ± 11.65 kPa. A 683 

similar pattern is observed for the baseline CatBoost model, which showed a very low training RMSE of 13.58 684 

± 10.24 kPa but a substantially higher outer-test RMSE of 167.06 ± 41.84 kPa. These results indicate that 685 

CatBoost- P CatBoost- P CatBoost- P 

CatBoost- P CatBoost- P CatBoost- P 

CatBoost CatBoost CatBoost

 igure  .  Residual diagnostic plots for the developed models based on outer-fold test predictions from nested 
GroupKFold cross-validation, including Q–Q plots, residuals versus predicted UCS, and residual histograms 
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although boosting models have strong fitting capacity, they may also fit fold-specific patterns when evaluated 686 

under a stricter group-based validation scheme. 687 

Table  . Training-outer-test generalization gap analysis based on nested GroupKFold cross-validation 688 

Model Training RMSE 

(Mean ± SD) 

Outer Test RMSE 

(Mean ± SD) 

RMSE Gap 

(Mean ± SD) 

Relative Gap (%) 

(Mean ± SD) 

MLR 188.49 ± 16.80 235.30 ± 87.33 46.81 ± 104.01 7.82 ± 43.42 

SVR 117.58 ± 14.14 164.87 ± 54.92 47.29 ± 46.31 24.16 ± 19.81 

RF 59.51 ± 26.35 212.00 ± 66.68 152.49 ± 46.19 72.11 ± 5.64 

XGBoost 11.23 ± 18.12 182.14 ± 18.40 170.91 ± 11.65 94.35 ± 8.50 

CatBoost 13.58 ± 10.24 167.06 ± 41.84 153.48 ± 44.97 90.78 ± 9.00 

BP-ANN 116.18 ± 10.89 172.61 ± 25.26 56.42 ± 18.12 32.08 ± 6.93 

CatBoost-7PG 40.00 ± 15.74 169.03 ± 20.69 129.03 ± 21.71 76.32 ± 9.40 

CatBoost-6PG 24.36 ± 18.18 151.11 ± 34.94 126.75 ± 18.28 82.60 ± 7.06 

RF also shows a notable generalization gap, with training and outer-test RMSE values of 59.51 ± 26.35 689 

kPa and 212.00 ± 66.68 kPa, respectively. This indicates that the ensemble was able to fit the training folds 690 

reasonably well, but its predictive performance decreased considerably for unseen mixture-curing groups. 691 

In contrast, SVR and BP-ANN showed smaller RMSE gaps of 47.29 ± 46.31 kPa and 56.42 ± 18.12 kPa, 692 

respectively. However, their lower generalization gaps did not necessarily correspond to the best predictive 693 

performance, as their outer-test RMSE values remained higher than that of CatBoost-6PG. 694 

The MLR model exhibited the smallest average RMSE gap among the evaluated models. However, this 695 

should not be interpreted as superior generalization. Its training RMSE was already high (188.49 ± 16.80 696 

kPa), and its outer-test RMSE was the highest among all models (235.30 ± 87.33 kPa). Therefore, the small 697 

gap mainly reflects the limited flexibility and underfitting tendency of the linear model rather than strong 698 

predictive capability. 699 

The comparison between CatBoost-7PG and CatBoost-6PG provides insight into the effect of physics-700 

guided feature refinement. CatBoost-7PG achieved a training RMSE of 40.00 ± 15.74 kPa and an outer-701 

test RMSE of 169.03 ± 20.69 kPa. After removing the redundant QL_Curing feature, CatBoost-6PG 702 

reduced the outer-test RMSE to 151.11 ± 34.94 kPa and achieved the lowest prediction error among all 703 

models. Although CatBoost-6PG still shows a relatively large training-testing gap, this behavior reflects the 704 

high flexibility of the model under a conservative group-held-out validation framework. More importantly, 705 

its outer-test error is the lowest, indicating that the retained physics-guided features improved generalization 706 

to unseen groups. 707 

Overall, the generalization gap analysis shows that a small training-testing gap alone is not sufficient 708 

to identify the best model. Models with low flexibility, such as MLR, may show smaller gaps but poor 709 

accuracy, while high-capacity models may show larger gaps but stronger predictive performance. Among 710 

the evaluated models, CatBoost-6PG provided the most favorable balance by achieving the lowest outer-711 

test RMSE, MAE, and MAPE, while maintaining improved generalization compared with the initial 712 

CatBoost-7PG feature set. The remaining gap highlights the difficulty of predicting UCS for unseen 713 

mixture-curing groups using a relatively small experimental dataset and motivates the subsequent 714 

uncertainty analysis. 715 

 716 
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 . . Ablation Study 717 

To identify a compact and effective subset of physics-guided engineered features, a sequential 718 

backward ablation study was conducted using the CatBoost framework. The ablation analysis was applied 719 

only to the engineered features, while the original geotechnical input variables were retained in all 720 

scenarios. The initial engineered feature set included Binder_Total, NS_Curing, QL_Curing, 721 

BinderTotal_Curing, log_Curing, MDD_OMC_Ratio, and PI_LL_Ratio. 722 

The ablation procedure followed the same nested GroupKFold framework used for model evaluation. 723 

In each outer fold, all replicate samples belonging to the same mix design-curing condition were kept 724 

together to reduce replicate-level information leakage. For each candidate feature subset, CatBoost 725 

hyperparameters were optimized using PSO within the inner GroupKFold loop. The model was trained on 726 

log-transformed UCS values, and predictions were back-transformed to the original UCS scale before 727 

calculating performance metrics. Feature elimination was guided primarily by the mean RMSE across the 728 

outer test folds. 729 

The sequential backward procedure started from the complete seven-feature configuration, denoted as 730 

CatBoost-7PG. At each step, one remaining engineered feature was removed, and the resulting candidate 731 

models were independently re-optimized and evaluated. A feature removal was accepted only if it reduced 732 

the mean outer-test RMSE relative to the current feature set. The procedure was terminated when no 733 

additional one-feature removal improved the RMSE. 734 

Figure 6a shows the accepted backward-elimination path. The initial CatBoost-7PG configuration 735 

achieved an outer-test RMSE of 164.82 ± 19.02 kPa. Removing QL_Curing reduced the RMSE to 145.51 736 

± 26.45 kPa, corresponding to an improvement of 19.31 kPa. This indicates that the direct QL-curing 737 

interaction introduced redundant information when the raw QL content, curing days, BinderTotal_Curing, 738 

and log_Curing were already included. This redundancy is also physically reasonable because QL was fixed 739 

at 3 wt.% in the combined NS-QL mixtures, while its independent variation occurred only in the QL-only 740 

mixtures. 741 

 742 

 743 

 igure  . Sequential backward ablation results for the physics-guided CatBoost model:  a  Accepted backward-
elimination path from CatBoost-7PG to CatBoost-6PG; and  b  RMSE changes for additional one-feature removals 

from CatBoost-6PG 
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After removing QL_Curing, an additional one-feature removal analysis was performed on the 744 

remaining six engineered features. As shown in Figure 6b, all further removals produced positive ΔRMSE 745 

values relative to CatBoost-6PG, indicating that no additional feature removal improved the model. The 746 

closest case was the removal of log_Curing, which increased RMSE only slightly by 0.13 kPa. In contrast, 747 

removing PI_LL_Ratio caused the largest deterioration, with ΔRMSE = +10.43 kPa, confirming the 748 

importance of the relative plasticity descriptor. Therefore, the backward elimination process stopped after 749 

removing QL_Curing. 750 

The selected configuration, denoted as CatBoost-6PG, retained six engineered features: Binder_Total, 751 

NS_Curing, BinderTotal_Curing, log_Curing, MDD_OMC_Ratio, and PI_LL_Ratio. These features 752 

represent total binder content, NS-curing interaction, total binder-curing interaction, nonlinear curing-753 

related strength development, compaction state, and relative plasticity, respectively. The retained feature 754 

set therefore provides a compact and physically meaningful representation of the main mechanisms 755 

controlling UCS development. A certain degree of correlation among the retained engineered features is 756 

expected because several of them describe related binder-curing mechanisms. For example, NS_Curing and 757 

BinderTotal_Curing both include curing days and therefore partly overlap in their information content. 758 

However, the additional one-feature removal analysis showed that removing any of the six retained 759 

engineered features increased the outer-test RMSE relative to CatBoost-6PG. Therefore, despite partial 760 

correlation, the retained features provided complementary predictive information under the nested 761 

GroupKFold evaluation. 762 

It should be noted that the RMSE values reported in Figure 6 correspond to the ablation-selection 763 

procedure, whereas the final model-comparison results in Table 6 were obtained from the independently 764 

reported nested GroupKFold evaluation of all developed models. In the final comparison, CatBoost-6PG 765 

achieved the best overall performance, with R2 = 0.841 ± 0.123, RMSE = 151.11 ± 34.94 kPa, MAE = 766 

110.67 ± 26.04 kPa, MAPE = 11.97 ± 3.75%, and VAF = 87.38 ± 7.24%. Therefore, the ablation results 767 

support the removal of the redundant QL_Curing feature, while the final model-comparison results confirm 768 

CatBoost-6PG as the best-performing model. 769 

The ablation study shows that the full seven-feature physics-guided configuration contained redundant 770 

information. The selected CatBoost-6PG model provided a better balance between predictive accuracy, 771 

reduced feature dimensionality, and geotechnical interpretability. Accordingly, CatBoost-6PG was adopted 772 

as the final physics-guided CatBoost model for the subsequent explainability, sensitivity, and uncertainty 773 

analyses. 774 

 . . Reduced-Input Assessment for Preliminary  CS Screening 775 

To examine whether the modeling framework can provide useful information under an early-stage mix 776 

design condition, two reduced-input CatBoost scenarios were evaluated as supplementary analyses. In these 777 

scenarios, the available inputs were limited to the primary mix design variables, namely NS (wt.%), QL 778 

(wt.%), and curing days. The purpose of this comparison was not to replace the final CatBoost-6PG model, 779 

but to assess how much predictive capability remains when geotechnical index and compaction variables 780 

are not yet available. 781 

CatBoost-3Input used only NS, QL, and curing days. CatBoost-3Input+PG used the same three 782 

variables together with binder- and curing-related engineered features, including Binder_Total, NS_Curing, 783 
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BinderTotal_Curing, and log_Curing. Both reduced-input scenarios were trained and evaluated using the 784 

same nested GroupKFold validation, PSO optimization, target transformation, and grouping strategy 785 

adopted for the final model. The results are summarized in Table 8. 786 

Table  . Reduced-input assessment for preliminary UCS screening and comparison with the CatBoost-6PG model 787 

Model Input scenario R2 RMSE (kPa) MAE (kPa) MAPE (%) VAF (%) 

CatBoost-3Input NS, QL, curing days 0.667 ± 0.469 182.67 ± 53.17 136.87 ± 38.14 16.07 ± 7.75 74.76 ± 32.15 

CatBoost-3Input+PG 
NS, QL, curing days + 

binder-curing PG features 
0.685 ± 0.393 194.20 ± 49.78 147.24 ± 39.06 17.32 ± 6.84 75.10 ± 27.03 

CatBoost-6PG Full input + 6 PG features 0.841 ± 0.123 151.11 ± 34.94 110.67 ± 26.04 11.97 ± 3.75 87.38 ± 7.24 

Note: Values represent mean ± standard deviation across the five outer GroupKFold folds. 788 

The results show that the primary mix design variables alone provide meaningful predictive 789 

information. CatBoost-3Input achieved R2 = 0.667 ± 0.469 and RMSE = 182.67 ± 53.17 kPa. This 790 

performance indicates that a nonlinear model can provide a useful preliminary estimate of UCS when only 791 

binder dosage and curing days are available. For context, this reduced-input model also performed better 792 

than the full-input linear MLR benchmark reported in Table 6, showing that nonlinearity is important even 793 

when the input space is limited. 794 

However, the final CatBoost-6PG model remained clearly more accurate and stable. Compared with 795 

CatBoost-3Input, CatBoost-6PG increased the mean R2 from 0.667 to 0.841 and reduced RMSE from 796 

182.67 to 151.11 kPa. The MAPE also decreased from 16.07% to 11.97%. More importantly, the standard 797 

deviation of R2 decreased from 0.469 to 0.123, indicating more stable generalization across held-out mix-798 

curing groups. Therefore, the reduced-input model may be useful for early-stage screening, whereas the full 799 

CatBoost-6PG model is more appropriate when reliable UCS prediction is required. This distinction is 800 

practically important because LL, PI, OMC, and MDD require additional laboratory characterization. 801 

Therefore, the final model does not eliminate laboratory work; rather, it can reduce the number of UCS 802 

tests once basic index and compaction properties are available. 803 

CatBoost-3Input+PG produced a slightly higher mean R2 than CatBoost-3Input, but its error-based 804 

metrics were not improved. This suggests that binder- and curing-related engineered features alone cannot 805 

fully compensate for the absence of LL, PI, OMC, and MDD. Accordingly, the improved performance of 806 

CatBoost-6PG is attributed to the combined contribution of nonlinear learning, geotechnical 807 

characterization variables, and selected mechanism-inspired features. 808 

 . . Comparison of Developed Models 809 

The final comparison of the developed models was performed using the outer-fold predictions obtained 810 

from the nested GroupKFold cross-validation framework. Figure 7 presents the Taylor diagram, which 811 

compares the models based on their correlation with the measured UCS values, standard deviation, and 812 

centered root mean square difference [43]. Models located closer to the reference point provide better 813 

agreement with the experimental UCS values. 814 

As shown in Figure 7, CatBoost-6PG is positioned closest to the reference point among the evaluated 815 

models, indicating the most favorable combination of correlation, centered error, and standard deviation. 816 

This confirms that the selected physics-guided feature configuration improved the agreement between 817 

predicted and measured UCS values. CatBoost, CatBoost-7PG, BP-ANN, and SVR are also located 818 

relatively close to the reference point, reflecting their ability to capture nonlinear UCS behavior. In contrast, 819 
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MLR and RF show larger deviations from the reference point, indicating weaker agreement with the 820 

measured UCS values and less stable predictive behavior. 821 

 822 

 823 

The circular metric plots in Figure 8 further support this ranking. Based on the outer-fold performance 824 

metrics, CatBoost-6PG achieved the highest R2 value of 0.841 and the lowest RMSE of 151.11 kPa among 825 

all developed models. BP-ANN showed the second-highest R2 value of 0.808, followed by CatBoost-7PG 826 

and the baseline CatBoost models with R2 values of 0.795 and 0.794, respectively. However, in terms of 827 

RMSE, CatBoost-6PG provided the lowest prediction error, followed by SVR, CatBoost, CatBoost-7PG, 828 

BP-ANN, XGBoost, RF, and MLR. 829 

 830 

 831 
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 igure  . Taylor diagram comparing the developed models based on outer-fold predictions 

 igure  . Circular metric plots comparing the developed models in terms of R2 and RMSE 
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Compared with the baseline CatBoost model, CatBoost-6PG reduced the RMSE from 167.06 to 151.11 832 

kPa, corresponding to an improvement of approximately 9.5%. Compared with CatBoost-7PG, the RMSE 833 

decreased from 169.03 to 151.11 kPa, corresponding to an improvement of approximately 10.6%. This 834 

confirms that removing the redundant QL_Curing feature improved generalization and reduced prediction 835 

error, while preserving the physically meaningful information contained in the remaining engineered 836 

features. 837 

 . . Comparison with Previous Studies 838 

The performance of the proposed CatBoost-6PG model was compared with previously reported ML-839 

based models for UCS prediction, as summarized in Table 9. Since the reviewed studies were developed 840 

using different dataset sizes, input variables, validation strategies, and UCS ranges, direct comparison based 841 

only on R2 or RMSE may be misleading. Therefore, two additional indicators were used: the uncertainty 842 

index U and the normalized RMSE (NRMSE). 843 

U = √1-R2                                                                             (23) 844 

NRMSE = RMSE
(UCSmax-UCSmin)

 × 100                                                       (24) 845 

The uncertainty index U represents the unexplained portion of prediction variance; therefore, lower 846 

values indicate lower unexplained variance. NRMSE normalizes RMSE by the UCS range, allowing models 847 

developed over different strength scales to be compared more fairly. 848 

Table 9. Comparison of the proposed model with previously reported ML-based UCS prediction studies 849 

ML Model Dataset 

Size 

Num. of 

Inputs 

Validation strategy R2 RMSE 

(kPa)  

UCS Range 

(kPa) 

U NRMSE 

(%) 

References 

XGBoost 200 7 Hold-out validation 0.950 77.0 50-3400 0.223 2.30 [14] 

GB-PSO 390 5 Hold-out validation 0.966 95.1 100-3282 0.183 2.99 [5] 

SVR 45 8 Hold-out validation + 5-fold CV 0.820 437.9 0.5-1000 0.424 43.81 [33] 

PI-FNN 109 3 Leave-one-region-out CV 0.902 537.0 23-5800 0.313 9.29 [19] 

HC-based RF 109 3 Leave-one-region-out CV 0.930 452.0 23-5800 0.264 8.30 [19] 

RF 171 7 Nested 5×5 CV 0.947 291.2 157-3138 0.230 9.77 [20] 

XGBoost 341 5 Hold-out validation 0.910 155.1 74-3171 0.300 5.01 [13] 

RF 190 6 Hold-out validation 0.930 300.0 100-5400 0.264 5.66 [12] 

CatBoost-6PG 180 7 + 6 eng . Nested GroupKFold CV 0.841 151.1 379-2317 0.399 7.80 This study 

As shown in Table 9, previously reported ML-based UCS prediction studies have achieved a wide range 850 

of predictive performance depending on the dataset size, input variables, material system, and validation 851 

strategy. Several studies reported high R2 values greater than 0.90, particularly when using ensemble or 852 

boosting-based models such as XGBoost, GB-PSO, RF, and CatBoost. For example, the XGBoost and GB-853 

PSO models achieved R2 values of 0.950 and 0.966, respectively, with low NRMSE values of 2.30% and 854 

2.99%. These results confirm the strong capability of nonlinear ML models to capture complex UCS 855 

behavior in stabilized soils. 856 

However, the validation strategies used in previous studies differ considerably. Some studies relied 857 

mainly on hold-out validation, while others used additional cross-validation or regional validation 858 



33 

 

procedures. Among the reviewed studies, the RF model evaluated using nested 5×5 cross-validation 859 

provided one of the most rigorous conventional validation frameworks, with R2 = 0.947, RMSE = 291.2 860 

kPa, and NRMSE = 9.77%. Similarly, the PI-FNN and HC-based RF models were evaluated using leave-861 

one-region-out cross-validation, which provides a more challenging assessment of regional generalization 862 

compared with a simple hold-out split. 863 

In the present study, CatBoost-6PG achieved R2 = 0.841, RMSE = 151.1 kPa, U = 0.399, and NRMSE 864 

= 7.80% under nested GroupKFold cross-validation. Although the nominal R2 value is lower than some 865 

previously reported models, this result should be interpreted in the context of the stricter group-aware 866 

validation strategy. In the nested GroupKFold framework, samples belonging to the same mixture–curing 867 

group were kept within the same fold, reducing replicate-level information leakage and providing a more 868 

conservative estimate of generalization to unseen mixture-curing conditions. 869 

The comparison also shows that RMSE alone is not sufficient for evaluating models developed over 870 

different UCS ranges. For instance, some models reported lower RMSE values but were trained and tested 871 

over wider UCS domains, while others showed higher RMSE values but maintained competitive NRMSE 872 

values after normalization. The proposed CatBoost-6PG model achieved an NRMSE of 7.80%, which is 873 

comparable to or lower than several previously reported models, despite being evaluated under a more 874 

conservative group-held-out validation framework. 875 

Overall, the comparison indicates that the proposed CatBoost-6PG model provides competitive 876 

predictive performance while adopting a group-aware validation strategy that is more conservative than 877 

conventional hold-out validation and standard cross-validation. More importantly, the present framework 878 

goes beyond point prediction by integrating physics-guided feature engineering, ablation-based feature 879 

refinement, SHAP explainability, sensitivity analysis, 2D partial dependence analysis, and uncertainty 880 

quantification. Therefore, the main contribution of this study is not only improved UCS prediction, but also 881 

the development of a physically interpretable and reliability-aware modeling framework for NS-QL 882 

stabilized kaolin clay. 883 

 . Discussion 884 

 .1. Interpretation of Model Behavior  S AP  885 

 .1.1.  lobal  eature Importance 886 

Figure 9a presents the global feature importance of the selected CatBoost-6PG model based on mean 887 

absolute SHAP values. Since the model was trained on the logarithmic scale of UCS, the SHAP values 888 

represent feature contributions to the model output in the log-transformed UCS space. The ranking shows 889 

that PI (%) is the most influential variable, followed by log_Curing, PI_LL_Ratio, and curing days. This 890 

indicates that plasticity-related characteristics and curing-dependent strength development are the dominant 891 

factors controlling UCS prediction in the stabilized kaolin clay system. 892 
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 894 

The high importance of PI is physically meaningful because plasticity reflects the consistency, water 895 

affinity, and particle interaction characteristics of the treated soil. A higher PI generally indicates a more 896 

plastic soil structure, which can reduce the efficiency of bonding and hinder strength development [9]. The 897 

strong contribution of curing days and log_Curing confirms the importance of time-dependent reactions, 898 

including lime activation, pozzolanic reactions, and progressive formation of cementitious bonds. The 899 

simultaneous importance of curing days and log_Curing suggests that the model captured both the direct 900 

effect of curing duration and the nonlinear nature of strength gain with curing. 901 

The PI_LL_Ratio also shows a high contribution, indicating that relative plasticity provides additional 902 

information beyond the absolute PI and LL values. This result supports the use of ratio-based physics-903 

guided variables in the feature set. Among the binder-related variables, NS_Curing and BinderTotal_Curing 904 

show moderate importance, suggesting that the strength contribution of NS and total binder content depends 905 

strongly on curing days. This behavior is consistent with the expected mechanism of stabilized soils, where 906 

binder dosage alone is not sufficient to describe strength gain unless its interaction with curing is also 907 

considered [26]. 908 

QL content and Binder_Total exhibit intermediate contributions. This indicates that the amount of 909 

alkaline activator and total stabilizer dosage influences UCS prediction, but their effects are less dominant 910 

than plasticity and curing-related variables. In contrast, LL, MDD_OMC_Ratio, MDD, OMC, and NS 911 

content alone show lower global importance. The relatively low importance of NS alone suggests that NS 912 

does not act independently; instead, its contribution becomes more meaningful when combined with curing 913 

days, as reflected by the higher importance of NS_Curing. Similarly, the lower importance of MDD alone 914 

indicates that density by itself is not the primary driver of UCS variation in this stabilized system. 915 

Figure 9b provides additional insight into the direction and distribution of feature effects. Higher curing 916 

days and higher log_Curing values are generally associated with positive SHAP values, indicating that 917 

 a   eature Importance  b  S AP Summary Plot

 igure 9. SHAP analysis results for CatBoost-6PG model on full dataset:  a  Feature importance, and  b  Beeswarm summary plot 
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longer curing periods increase the predicted UCS. This trend is consistent with the progressive development 918 

of pozzolanic and cementitious reactions over time [8,44]. The effect is not purely linear, which explains 919 

the importance of including log_Curing as a nonlinear curing variable. 920 

In contrast, PI shows a strong inverse relationship with predicted UCS. Higher PI values are mostly 921 

located on the negative side of the SHAP axis, whereas lower PI values tend to contribute positively. This 922 

indicates that increased plasticity reduces the predicted UCS, which agrees with the experimental behavior 923 

of stabilized fine-grained soils [26]. A similar pattern is observed for PI_LL_Ratio, where higher relative 924 

plasticity tends to shift SHAP values toward the negative side, confirming the detrimental effect of plasticity 925 

on strength development. 926 

For binder-related interaction features, higher NS_Curing and BinderTotal_Curing values generally 927 

shift SHAP values toward the positive side. This suggests that the contribution of NS and total binder dosage 928 

becomes more effective when sufficient curing duration is provided. QL content also tends to show positive 929 

SHAP contributions at higher values, although its effect is narrower than that of curing and plasticity-related 930 

features. This supports the role of QL as an alkaline activator while indicating that its effect is controlled 931 

by interactions with curing and the overall mixture system. 932 

Features such as OMC, MDD, LL, and MDD_OMC_Ratio exhibit relatively narrow SHAP ranges, 933 

indicating weaker individual effects on the model output. The slight negative tendency observed for higher 934 

MDD values suggests that increased dry density alone does not necessarily correspond to higher UCS in 935 

this dataset. This behavior should be interpreted as an indirect effect of stabilization, where binder addition 936 

may increase water demand and modify the compacted structure while simultaneously improving strength 937 

through chemical bonding. 938 

Overall, the SHAP results show that the CatBoost-6PG model learned physically meaningful 939 

relationships. The model assigns dominant importance to plasticity and curing-related variables, captures 940 

interaction-driven effects through NS_Curing and BinderTotal_Curing, and gives lower importance to 941 

variables whose individual effects are secondary. These findings support the interpretability of the selected 942 

physics-guided model and confirm that its predictions are consistent with the expected mechanisms of NS-943 

QL stabilization. 944 

 .1.2.  eature Effects Based on S AP Dependence Analysis 945 

The SHAP dependence plots in Figure 10 provide a more detailed view of how key variables influence 946 

the predictions of the selected CatBoost-6PG model. Since the model was trained on the logarithmic scale 947 

of UCS, the SHAP values represent the contribution of each feature to the model output in the log-948 

transformed UCS space. The plots reveal several nonlinear and interaction-driven behaviors that are 949 

consistent with the expected mechanisms of stabilized clay strength development. 950 
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 952 

For PI, a strong inverse relationship is observed (Figure 10a). As PI increases from approximately 4-953 

6% to values greater than about 7%, the SHAP values decrease markedly from positive values to negative 954 

contributions. The transition zone occurs around PI ≈ 6.5–7%, where the SHAP values cross the zero line. 955 

This indicates that lower plasticity contributes positively to UCS prediction, whereas higher plasticity 956 

reduces the predicted strength. The color gradient associated with LL further suggests that the influence of 957 

PI is coupled with the consistency characteristics of the soil. This behavior is physically meaningful because 958 

increased plasticity generally reflects higher water affinity and weaker particle bonding, which can reduce 959 

the efficiency of stabilization [45,46]. 960 

Curing days show a distinct stepwise positive effect, as presented in Figure 10b. At 3 days, SHAP values 961 

are negative, indicating that early curing contributes to lower predicted UCS. At 7 days, the SHAP values 962 

are close to zero, while at 28 days they shift clearly toward the positive side. This separation confirms the 963 

important role of curing duration in strength development. The trend reflects the progressive formation of 964 

cementitious products and the continuation of pozzolanic reactions over time. The color variation with 965 

 igure 1 . SHAP dependence plots for key variables in the selected CatBoost-6PG model:  a  PI, colored by LL;  b  curing 
days, colored by OMC;  c  QL content, colored by PI; and  d  NS_Curing, colored by OMC 



37 

 

OMC also indicates that curing-related effects may be influenced by the moisture condition of the 966 

compacted mixtures. 967 

For QL content (Figure 10c), a nonlinear increasing trend is observed. At 0 wt.% QL, SHAP values are 968 

mostly negative, indicating the absence of alkaline activation. Increasing QL content to 3 wt.% shifts the 969 

SHAP values toward positive contributions, while 5 wt.% generally provides the highest positive SHAP 970 

values. This confirms the beneficial role of QL in improving UCS through alkaline activation, flocculation, 971 

and pozzolanic reaction processes [44]. However, the magnitude of the QL effect is smaller than that of PI 972 

and curing-related variables, suggesting that lime content alone does not fully control UCS development 973 

and must be interpreted together with curing days and other mixture properties. 974 

The NS_Curing feature reveals a clear interaction-driven effect (Figure 10d). At low NS_Curing values, 975 

SHAP values are mostly negative, while increasing NS_Curing generally shifts the contribution toward the 976 

positive side. This indicates that the effect of NS becomes more beneficial when combined with sufficient 977 

curing duration. In other words, NS content alone has limited explanatory power, but its interaction with 978 

curing days captures the time-dependent contribution of NS to strength development. The color gradient 979 

associated with OMC suggests that this interaction may also be affected by water demand and compaction-980 

related moisture conditions. 981 

As a result, the dependence analysis confirms that UCS prediction is governed by a combination of 982 

strong individual effects and interaction-based mechanisms. Plasticity has a dominant negative influence, 983 

curing days provide a positive time-dependent contribution, QL improves the chemical stabilization 984 

potential, and NS_Curing captures the delayed contribution of NS under curing. These patterns support the 985 

physical interpretability of the CatBoost-6PG model and show that the retained physics-guided features 986 

provide meaningful information for predicting UCS of NS-QL stabilized kaolin clay. 987 

 .1. . Interaction Effects Based on S AP Dependence Plots 988 

The SHAP dependence plots in Figure 11 provide further insight into the coupled effects among 989 

stabilizer content, curing days, and soil plasticity. These plots show how the SHAP value of a target feature 990 

changes with its magnitude, while the color scale represents a second interacting variable. Therefore, they 991 

help identify whether the contribution of a feature is controlled by another physical or mixture-related 992 

parameter. 993 

 994 

 995 

 igure 11. SHAP dependence plots illustrating interaction effects in the selected CatBoost-6PG model:  a  
NS_Curing colored by QL content;  b  BinderTotal_Curing colored by PI; and  c  QL content colored by PI 
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The interaction between NS_Curing and QL content is shown in Figure 11a. At low NS_Curing values, 996 

the SHAP values are mostly negative, indicating that NS has a limited or unfavorable contribution when 997 

either NS content or curing duration is insufficient. As NS_Curing increases, the SHAP values gradually 998 

shift toward the positive side, particularly for mixtures with nonzero QL content. This trend suggests that 999 

the effectiveness of NS is enhanced when sufficient curing days are combined with alkaline activation 1000 

provided by QL. In other words, the contribution of NS is not purely dosage-dependent; it is strongly 1001 

controlled by curing duration and the presence of QL. 1002 

A similar interaction-driven behavior is observed for BinderTotal_Curing and PI (Figure 11b). At low 1003 

BinderTotal_Curing values, SHAP values are mainly negative, reflecting insufficient combined binder-1004 

curing contribution. As BinderTotal_Curing increases, SHAP values become positive, indicating that higher 1005 

total binder content combined with longer curing days improves UCS prediction. However, the color 1006 

distribution shows that this positive contribution is moderated by PI. Mixtures with higher PI tend to show 1007 

lower or less favorable SHAP contributions compared with lower-plasticity mixtures at comparable 1008 

BinderTotal_Curing levels. This indicates that soil plasticity can limit the efficiency of binder-curing 1009 

mechanisms, even when the total binder-curing index is relatively high. 1010 

The QL-PI dependence plot in Figure 11c further highlights the role of QL in strength development. At 1011 

QL = 0 wt.%, SHAP values are predominantly negative, indicating limited strength contribution in the 1012 

absence of alkaline activation. Increasing QL content to 3 wt.% shifts the SHAP values toward the positive 1013 

range, while 5 wt.% generally produces the highest positive contributions. The color scale indicates that the 1014 

influence of QL is also affected by PI, with lower-plasticity mixtures tending to show more favorable SHAP 1015 

contributions. This suggests that QL improves UCS through alkaline activation and pozzolanic reaction 1016 

processes, but its effectiveness is influenced by the plasticity state of the soil. 1017 

In summary, the interaction patterns in Figure 11 demonstrate that UCS prediction is controlled by 1018 

coupled effects rather than by independent variables alone. The positive influence of NS becomes more 1019 

evident when combined with curing days and QL activation, while the effectiveness of binder-curing 1020 

mechanisms is moderated by plasticity. These findings support the inclusion of physics-guided interaction 1021 

features such as NS_Curing and BinderTotal_Curing in the CatBoost-6PG model and confirm that the 1022 

model captures physically meaningful mechanisms of NS-QL stabilization. 1023 

 .1. .  ocal Interpretability 1024 

To provide a detailed understanding of how individual features contribute to a single model prediction, 1025 

SHAP local analysis was performed for a representative moderate-to-high strength sample, as shown in 1026 

Figure 12. For this sample, the measured UCS was 1164.9 kPa, while the CatBoost-6PG model predicted 1027 

1152.0 kPa, corresponding to an absolute error of only 12.93 kPa. This close agreement indicates that the 1028 

model prediction for this sample is locally reliable and provides a useful case for interpreting the feature-1029 

level contributions. 1030 
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 1031 

 igure 12. Local SHAP waterfall explanation for a representative moderate-to-high strength sample predicted by the 1032 

selected CatBoost-6PG model 1033 

It should be noted that the SHAP values in Figure 12 are computed on the logarithmic scale of UCS 1034 

because the model was trained using log-transformed UCS values. Therefore, the base value E[f(x)] = 6.715 1035 

and the final model output f(x) = 7.049 correspond to the log-transformed model output. The difference 1036 

between these two values represents the cumulative contribution of all input and engineered features to the 1037 

prediction. 1038 

The largest positive contribution is provided by log_Curing, with a SHAP contribution of 1039 

approximately +0.15, followed by curing days and NS_Curing, each contributing positively to the 1040 

prediction. This confirms that the model attributes the high predicted UCS mainly to curing-related effects 1041 

and the interaction between NS content and curing days. For this sample, the curing period is 28 days and 1042 

NS_Curing equals 140, indicating that the model recognizes the contribution of time-dependent 1043 

stabilization mechanisms. 1044 

BinderTotal_Curing also contributes positively, indicating that the combined binder-curing effect 1045 

supports the predicted strength. Other variables, including LL, OMC, Binder_Total, NS content, and 1046 

PI_LL_Ratio, show smaller positive contributions. These effects suggest that the local prediction is not 1047 

controlled by a single variable alone, but by the combined influence of curing duration, binder-curing 1048 

interactions, and soil index properties. 1049 

Several features reduce the prediction relative to the base value. PI has a negative contribution of 1050 

approximately −0.06, indicating that the plasticity level of this sample reduces the predicted UCS. MDD, 1051 

MDD_OMC_Ratio, and QL also show negative local contributions. In particular, the negative contribution 1052 

of QL is physically reasonable because this sample has QL=0 wt.%, meaning that no QL activation is 1053 
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present. Therefore, although the sample benefits from curing days and NS-curing interaction, the absence 1054 

of QL limits the predicted strength. 1055 

This local SHAP explanation shows that the predicted UCS is mainly increased by curing-related and 1056 

interaction-based features, while plasticity and the absence of QL act as limiting factors. The balance 1057 

between these positive and negative contributions leads to a predicted UCS very close to the measured 1058 

value. This confirms that the CatBoost-6PG model provides not only accurate prediction for this 1059 

representative sample, but also a physically interpretable explanation of the underlying strength-1060 

development mechanisms. 1061 

 .2. Sensitivity Analysis and Physical Consistency 1062 

To further examine the physical consistency of the selected CatBoost-6PG model, a one-at-a-time 1063 

sensitivity analysis was performed on the raw input variables. The analysis was conducted around a baseline 1064 

input defined by the median values of the full dataset: NS = 7.5 wt.%, QL = 2 wt.%, curing days = 7 days, 1065 

LL = 28.99%, PI = 6.79%, OMC = 17.09%, and MDD = 1.685 g/cm3. The corresponding baseline predicted 1066 

UCS was 925.14 kPa. During the sensitivity analysis, each raw input variable was varied over its observed 1067 

full-dataset range, while the remaining raw variables were fixed at their baseline values. The physics-guided 1068 

engineered features were recalculated after each raw-feature perturbation to preserve consistency among 1069 

the dependent variables. 1070 

Figure 13a presents the sensitivity range of each raw input variable. PI (%) showed the largest influence 1071 

on the predicted UCS, with a sensitivity range of 691.72 kPa and a normalized sensitivity index of 1.00. 1072 

Varying PI changed the predicted UCS from 617.39 to 1309.12 kPa. This strong response confirms the 1073 

dominant role of plasticity in controlling the strength behavior of the stabilized kaolin clay system. The 1074 

high sensitivity to PI is also consistent with the SHAP analysis, where plasticity-related variables exhibited 1075 

substantial contributions to the model output. 1076 

 1077 

 1078 

 a  b 

 igure 1 . One-at-a-time sensitivity analysis of raw input variables for the selected CatBoost-6PG model:  a  
sensitivity range in predicted UCS;  b  normalized sensitivity curves expressed as relative changes in predicted UCS 
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Curing days were the second most influential variable, with a sensitivity range of 663.46 kPa and a 1079 

normalized sensitivity index of 0.959. The predicted UCS varied from 662.05 to 1325.51 kPa across the 1080 

observed curing range. As shown in Figure 13b, increasing curing days produced a strong positive response 1081 

in predicted UCS, reflecting time-dependent strength gain associated with stabilization reactions. This 1082 

behavior is physically consistent with the progressive development of cementitious and pozzolanic bonding 1083 

over time. 1084 

The remaining variables showed lower sensitivity compared with PI and curing days. LL (%) ranked 1085 

third, with a sensitivity range of 183.25 kPa, followed by MDD with 166.11 kPa, NS content with 120.07 1086 

kPa, OMC with 105.67 kPa, and QL content with 31.12 kPa. The moderate influence of LL, MDD, and 1087 

OMC suggests that soil consistency and compaction-moisture conditions still contribute to UCS variability, 1088 

although their effects are secondary compared with plasticity and curing-related mechanisms. The relatively 1089 

low direct sensitivity of QL content around the median baseline indicates that QL dosage alone did not 1090 

dominate the local model response; rather, its influence is mainly expressed through interaction with curing 1091 

days, binder-related variables, and the overall mixture condition. 1092 

Figure 13b shows the normalized sensitivity curves as relative changes in predicted UCS. The response 1093 

curves further confirm the physically meaningful behavior of the CatBoost-6PG model. Higher PI values 1094 

led to a marked reduction in predicted UCS, while curing days produced a strong positive response. NS 1095 

content showed a weaker and nonlinear effect, suggesting that the contribution of NS is interaction-1096 

dependent rather than uniformly monotonic across the FullInput range. The relatively flat response of QL 1097 

content further supports the ablation result, where the direct QL_Curing feature was identified as redundant 1098 

and removed from the final model. 1099 

Overall, the sensitivity analysis supports the physical consistency of the CatBoost-6PG model. 1100 

Although the sensitivity ranking is not identical to the SHAP ranking because the two methods evaluate 1101 

model behavior differently, both analyses identify plasticity and curing-related effects as dominant controls 1102 

on UCS prediction. Therefore, the final model not only provides the best predictive performance among the 1103 

evaluated models, but also produces responses that are consistent with the underlying geotechnical 1104 

stabilization mechanisms. 1105 

 . . Two-Dimensional Partial Dependence Analysis 1106 

Two-dimensional partial dependence analysis was performed to further examine the interaction effects 1107 

between the most influential variables identified by SHAP and sensitivity analyses. The resulting contour 1108 

plots are presented in Figure 14. In these plots, the color gradient represents the mean predicted UCS 1109 

obtained from the selected CatBoost-6PG model after back-transformation to the original UCS scale. 1110 

Therefore, the contours provide an averaged view of how pairs of variables jointly influence the predicted 1111 

UCS while accounting for the distribution of the remaining input features. 1112 
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 1113 

 1114 

Figure 14a shows the combined effect of PI and curing days. A clear inverse relationship is observed 1115 

between PI and predicted UCS. The highest predicted UCS values are concentrated at low PI values and 1116 

longer curing days, whereas increasing PI substantially reduces the predicted strength even when curing 1117 

days increase. This pattern confirms the dominant negative role of plasticity observed in both SHAP and 1118 

sensitivity analyses. The contour transition is particularly steep between PI values of approximately 5 -7%, 1119 

indicating that small changes in plasticity within this range can produce considerable changes in predicted 1120 

UCS. This behavior is physically meaningful because lower plasticity is associated with reduced water 1121 

affinity and more favorable particle interaction, allowing stabilization reactions to contribute more 1122 

effectively to strength development [44,45]. 1123 

Figure 14b illustrates the interaction between NS content and curing days. Predicted UCS generally 1124 

increases with curing days, confirming the strong time-dependent nature of strength development. 1125 

However, the effect of NS content is nonlinear. At longer curing periods, intermediate NS contents produce 1126 

relatively high predicted UCS values, while the response becomes less favorable at very high NS contents. 1127 

This indicates that NS contributes to strength improvement when sufficient curing is available, but its effect 1128 

is not simply monotonic with dosage. The result supports the interpretation that NS acts through time-1129 

 igure 1 . 2D-Partial dependence plot of the CatBoost-6PG model:  a  Curing days vs PI (%);  b  Curing days vs 
NS (wt.%);  c  Curing days vs QL (wt.%);  d  NS (wt.%) vs QL (wt.%) 
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dependent pozzolanic contribution and interaction with the alkaline environment rather than as an 1130 

independently dominant variable. 1131 

Figure 14c presents the combined influence of QL content and curing days. The predicted UCS 1132 

increases markedly with curing days at all QL levels, again confirming the importance of curing-related 1133 

mechanisms. Increasing QL from 0 to approximately 3 wt.% improves the predicted UCS, especially at 1134 

longer curing periods. However, further increase to 5 wt.% does not produce a proportional additional 1135 

improvement across the entire domain. This suggests that the beneficial effect of QL is most effective up to 1136 

an intermediate dosage, beyond which the response tends to plateau. Such behavior is consistent with the 1137 

role of QL as an alkaline activator: sufficient lime promotes flocculation and pozzolanic reactions, but 1138 

excessive lime content may not necessarily lead to further strength gain within the investigated range [26]. 1139 

Figure 14d shows the joint effect of QL and NS contents. The predicted UCS is relatively low when 1140 

both stabilizers are absent or present at low levels. The response improves at intermediate QL and NS 1141 

combinations, particularly around QL values near 3 wt.% and moderate NS contents. This confirms that the 1142 

strength development of the stabilized kaolin clay is governed by coupled binder effects rather than by 1143 

either stabilizer alone. The contour pattern also suggests that very high stabilizer contents do not 1144 

automatically maximize UCS, highlighting the importance of balanced NS-QL proportions for effective 1145 

stabilization. 1146 

Overall, the 2D partial dependence results confirm the main findings obtained from SHAP and 1147 

sensitivity analyses. Plasticity has a strong limiting effect on UCS, curing days provide the dominant 1148 

positive contribution, and the effects of NS and QL are nonlinear and interaction-dependent. The highest 1149 

predicted strength regions are associated with longer curing days, lower PI, and balanced stabilizer 1150 

combinations. These results support the physical consistency of the CatBoost-6PG model and demonstrate 1151 

its ability to capture nonlinear interaction patterns relevant to NS-QL stabilization. 1152 

 . . Reliability and  ncertainty Analysis 1153 

Reliability and uncertainty analyses were performed for the selected CatBoost-6PG model using the 1154 

Monte Carlo input-perturbation and group-bootstrap procedures described in Section 2.8. The results are 1155 

presented in Tables 10-12 and Figures 15-17, including deterministic baseline performance, Monte Carlo 1156 

prediction intervals under different perturbation scenarios, and group-bootstrap model uncertainty. The 1157 

deterministic outer-fold predictions used as the baseline for uncertainty analysis achieved a pooled R2 of 1158 

0.889, RMSE of 152.10 kPa, and MAE of 112.79 kPa, as summarized in Table 10. These values provide 1159 

the reference predictions around which uncertainty intervals were constructed. 1160 

Table 1 . Deterministic outer-fold performance of the CatBoost-6PG model used as the baseline for uncertainty analysis 1161 

Evaluation R2 RMSE (kPa) MAE (kPa) 

Outer-test mean 0.839 150.38 112.45 

Outer-test SD 0.136 24.23 21.62 

Pooled outer-fold predictions 0.889 152.1 112.79 

The Monte Carlo uncertainty results are summarized in Table 11 and Figure 15. As shown in Figure 1162 

15a, the mean prediction uncertainty increased systematically with perturbation intensity. Under the 1163 

FullInput setting, the mean Monte Carlo standard deviation increased from 50.18 kPa at k = 0.10 to 108.65 1164 

kPa at k = 0.25, and further to 190.14 kPa at k = 0.50. A similar but consistently lower uncertainty level 1165 
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was observed for the GeoPropertyOnly setting, where the corresponding mean Monte Carlo standard 1166 

deviations were 41.41, 80.60, and 132.66 kPa, respectively. This indicates that perturbing all input variables 1167 

produces a broader uncertainty envelope that better reflects the combined variability of binder dosage, 1168 

curing days, consistency index, and compaction variables. 1169 

Table 11. Monte Carlo uncertainty metrics for the CatBoost-6PG model under different perturbation settings and 1170 

intensity levels 1171 

Perturbation 

mode 

Scenario k PICP90 PICP95 MPIW95 

(kPa) 

PINAW95 ACE95 CWC95 Mean MC 

std. (kPa) 

Mean MC 

CV (%) 

FullInput Low 0.1 0.394 0.489 195.37 0.101 -0.461 1.04e+09 50.18 5.81 

FullInput Moderate 0.25 0.694 0.756 408.54 0.211 -0.194 3.52e+03 108.65 12.39 

FullInput High 0.5 0.867 0.894 710.63 0.367 -0.056 6.26 190.14 21.11 

GeoPropertyOnly Low 0.1 0.361 0.406 156.92 0.081 -0.544 5.38e+10 41.41 4.65 

GeoPropertyOnly Moderate 0.25 0.556 0.644 295.02 0.152 -0.306 6.57e+05 80.6 8.79 

GeoPropertyOnly High 0.5 0.756 0.778 473.56 0.244 -0.172 1.34e+03 132.66 14.13 

 1172 

 1173 

The improvement in interval coverage is shown in Figure 15b. For the FullInput setting, PICP95 1174 

increased from 0.489 in the low-perturbation scenario to 0.756 in the moderate scenario and 0.894 in the 1175 

high scenario. In contrast, the GeoPropertyOnly setting produced lower PICP95 values of 0.406, 0.644, and 1176 

0.778 for the same perturbation levels. This shows that perturbing only LL, PI, OMC, and MDD 1177 

underestimates the total predictive uncertainty. Including NS, QL, and curing days provides a more 1178 

complete representation of input-driven uncertainty because these variables directly affect the binder 1179 

dosage, curing-related reactions, and the derived physics-guided features. 1180 

This improvement in coverage was accompanied by wider prediction intervals. As shown in Figure 1181 

15c, the FullInput PINAW95 increased from 0.101 at k = 0.10 to 0.211 at k = 0.25, and 0.367 at k = 0.50. 1182 

For GeoPropertyOnly, the corresponding PINAW95 values were lower, increasing from 0.081 to 0.152 and 1183 

0.244. Therefore, the FullInput-High scenario provided the most reliable interval coverage among the 1184 

evaluated scenarios, while the GeoPropertyOnly scenarios produced sharper but less reliable prediction 1185 

intervals. This behavior reflects the expected reliability-sharpness trade-off: broader intervals increase the 1186 

 igure 1 . Scenario-level uncertainty comparison for the CatBoost-6PG model:  a  mean Monte Carlo standard 
deviation;  b  PICP95; and  c  PINAW95 under different perturbation intensities 
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probability of capturing measured UCS values, whereas narrower intervals may fail to represent the full 1187 

experimental variability. 1188 

The uncertainty bands for the high perturbation level are shown in Figure 16. In the FullInput case 1189 

(Figure 16a), the 95% prediction interval covered 89.4% of the measured UCS values, with an average 1190 

interval width of 710.63 kPa. In contrast, the GeoPropertyOnly case (Figure 16b) covered only 77.8% of 1191 

the samples, with a narrower average interval width of 473.56 kPa. The wider FullInput interval is therefore 1192 

more conservative and more reliable, while the GeoPropertyOnly interval is sharper but under-represents 1193 

the uncertainty associated with stabilizer dosage and curing days. 1194 

 1195 

 1196 

Figure 17 compares input-driven uncertainty with model-driven uncertainty. The FullInput Monte Carlo 1197 

uncertainty band under the high perturbation scenario is shown in Figure 17a, while the group-bootstrap 1198 

model uncertainty band is shown in Figure 17b. The corresponding group-bootstrap uncertainty metrics are 1199 

summarized in Table 12. The group-bootstrap analysis used 50 group-level resampled models per fold and 1200 

produced a PICP95 of 0.600, MPIW95 of 279.61 kPa, and mean bootstrap standard deviation of 78.31 kPa. 1201 

These values are substantially lower than those obtained from the FullInput-High Monte Carlo scenario, 1202 

which produced PICP95 = 0.894, MPIW95 = 710.63 kPa, and mean MC standard deviation = 190.14 kPa. 1203 

 igure 1 . Monte Carlo 95% prediction intervals for the CatBoost-6PG model under the high perturbation level:  a  
FullInput perturbation;  b  GeoPropertyOnly perturbation 
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 1204 

 1205 

Table 12. Group-bootstrap model uncertainty metrics for the CatBoost-6PG model 1206 

Metric Value 

Bootstrap type Group-level bootstrap within each outer-training fold 

Bootstrap models per fold 50 

PICP90 0.528 

PICP95 0.6 

MPIW95 (kPa) 279.61 

PINAW95 0.144 

ACE95 -0.35 

CWC95 5.75e+06 

Mean bootstrap std. (kPa) 78.31 

R2 of bootstrap mean 0.881 

RMSE of bootstrap mean (kPa) 157.55 

MAE of bootstrap mean (kPa) 115.53 

MAPE of bootstrap mean (%) 13.01 

The comparison between Monte Carlo and bootstrap results indicates that model instability alone 1207 

cannot fully explain the prediction uncertainty. The group-bootstrap intervals were considerably narrower 1208 

and had much lower coverage than the FullInput Monte Carlo intervals. Therefore, the dominant source of 1209 

uncertainty in this study is the variability of input variables and their nonlinear propagation through the 1210 

physics-guided feature space, rather than instability of the fitted CatBoost-6PG model alone. 1211 

Overall, the uncertainty analysis shows that CatBoost-6PG provides strong deterministic predictions, 1212 

while the FullInput Monte Carlo scenario offers the most informative uncertainty envelope for reliability 1213 

assessment. However, even the highest PICP95 value remained below the nominal 0.95 level. Therefore, 1214 

the prediction intervals should be interpreted as informative but slightly under-calibrated. This finding 1215 

highlights the need to account for material variability, stabilizer dosage uncertainty, and curing-related 1216 

variability when using ML models for reliability-oriented UCS prediction. 1217 

 1218 

 igure 1 . Comparison between input-driven and model-driven uncertainty:  a  FullInput Monte Carlo uncertainty 
under the high perturbation scenario;  b  group-bootstrap model uncertainty 
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 . . Engineering Implications and Sustainability Considerations 1219 

The integration of physics-guided engineered features into the ML framework provides advantages 1220 

beyond predictive accuracy. By incorporating physically meaningful variables such as total binder content, 1221 

binder-curing interactions, nonlinear curing effects, relative plasticity, and compaction-state indicators, the 1222 

selected CatBoost-6PG model offers a more interpretable representation of UCS development than a purely 1223 

black-box data-driven model. This is particularly important in geotechnical engineering, where model 1224 

predictions must be consistent with known stabilization mechanisms to be useful for design support. 1225 

From an engineering perspective, the proposed framework can assist preliminary UCS estimation and 1226 

mix-design screening. Conventional UCS testing is time-consuming and resource-intensive, especially 1227 

when several stabilizer combinations and curing days must be evaluated. The developed model provides 1228 

rapid UCS estimates using mixture variables together with basic consistency and compaction-related 1229 

properties. Therefore, it should be viewed as a decision-support tool after basic soil characterization, rather 1230 

than as a replacement for laboratory testing. 1231 

A key practical advantage of the physics-guided approach is its ability to represent interaction-based 1232 

effects. Features such as NS_Curing and BinderTotal_Curing explicitly account for the coupling between 1233 

stabilizer dosage and curing days. The SHAP, sensitivity, and partial dependence analyses showed that UCS 1234 

development is controlled not only by individual variables, but also by the interaction among binder content, 1235 

curing days, and plasticity. This confirms that strength gain in NS-QL stabilized kaolin clay is governed by 1236 

time-dependent physicochemical processes rather than by isolated mixture parameters alone. 1237 

Compared with models based only on raw input variables, the CatBoost-6PG formulation embeds 1238 

important geotechnical relationships directly into the feature space. This can help the model learn more 1239 

efficiently from a relatively small experimental dataset and reduce the risk of non-physical trends. The 1240 

physically consistent responses observed in SHAP dependence plots, sensitivity curves, and partial 1241 

dependence contours indicate that the model captures meaningful stabilization behavior, including the 1242 

positive effect of curing days, the limiting influence of plasticity, and the interaction-dependent contribution 1243 

of NS. 1244 

The model also provides useful guidance for material optimization. The results indicate that increasing 1245 

stabilizer content does not necessarily produce proportional strength improvement across the entire 1246 

investigated range. Instead, the predicted UCS response depends on balanced NS-QL proportions, curing 1247 

days, and the plasticity state of the soil. This can help engineers identify efficient mix-design regions that 1248 

achieve target strength while avoiding unnecessary binder addition. 1249 

From a sustainability perspective, reducing excessive binder use can contribute to more efficient 1250 

resource utilization and may help lower the environmental burden associated with chemical stabilization. 1251 

Quicklime and cementitious binders are typically associated with energy consumption and carbon 1252 

emissions during production [47]. Although this study did not conduct a life-cycle assessment, the proposed 1253 

framework can support sustainability-oriented decision making by helping identify mixtures that provide 1254 

adequate UCS with more efficient use of stabilizing agents. In this context, NS may serve as a 1255 

supplementary stabilizing material, while the model helps evaluate its contribution under different curing 1256 

and QL conditions. 1257 



48 

 

The uncertainty analysis further highlights the importance of reliability-aware design. The comparison 1258 

between Monte Carlo input perturbation and group-bootstrap model uncertainty showed that input-driven 1259 

uncertainty was the dominant contributor to prediction intervals. This indicates that engineering decisions 1260 

should not rely only on deterministic UCS predictions, especially when material properties, stabilizer 1261 

dosages, or curing conditions may vary in practice. The use of prediction intervals enables a more cautious 1262 

interpretation of model outputs and supports safer preliminary design decisions. 1263 

Overall, the proposed framework bridges data-driven modeling and geotechnical mechanism-based 1264 

interpretation. The CatBoost-6PG model provides a practical tool for UCS prediction, while SHAP analysis, 1265 

sensitivity analysis, partial dependence analysis, and uncertainty quantification improve transparency and 1266 

reliability. This combination supports more informed decision-making for NS-QL soil stabilization, 1267 

particularly during preliminary mix design and evaluation of strength-development trends. 1268 

 .  imitations and  uture Work 1269 

Despite the competitive performance and physical interpretability of the developed framework, several 1270 

limitations should be acknowledged. First, the dataset is relatively small and is based on laboratory-scale 1271 

experiments. Although the nested GroupKFold validation strategy was used to obtain a conservative 1272 

estimate of model generalization, the dataset may not fully represent field-scale variability, including 1273 

environmental conditions, compaction heterogeneity, curing environment, moisture fluctuations, and 1274 

construction-related uncertainties. Therefore, the direct application of the model to field conditions should 1275 

be performed with caution and preferably supported by additional validation data. 1276 

Second, the developed model is specific to kaolin clay stabilized with NS and QL within the 1277 

investigated ranges of mixture composition, curing days, consistency limits, and compaction properties. Its 1278 

applicability to other soil types, stabilizers, curing regimes, or strength ranges cannot be assumed without 1279 

further calibration or external validation. In particular, extrapolation beyond the experimental domain may 1280 

lead to unreliable predictions, even when the model provides physically meaningful trends within the 1281 

training range. 1282 

Third, the physics-guided engineered features used in this study represent simplified variables of 1283 

complex stabilization mechanisms. Features such as Binder_Total, NS_Curing, BinderTotal_Curing, 1284 

log_Curing, MDD_OMC_Ratio, and PI_LL_Ratio improve interpretability and help encode relevant 1285 

geotechnical relationships, but they do not explicitly model the underlying chemical reactions, 1286 

mineralogical transformations, pore-structure evolution, or microstructural bonding mechanisms. 1287 

Therefore, these features should be interpreted as mechanism-inspired proxies rather than full physical 1288 

representations of the stabilization process. 1289 

Fourth, the uncertainty analysis was based on correlated Gaussian input perturbations estimated from 1290 

the outer-training folds. Although this approach provides a leakage-safe and structured way to propagate 1291 

input variability, it may not fully capture non-Gaussian behavior, spatial variability, measurement 1292 

uncertainty, or field-dependent correlations among geotechnical parameters. In addition, the highest 1293 

PICP95 remained below the nominal 0.95 level, indicating that the prediction intervals were informative 1294 

but slightly under-calibrated. Future uncertainty frameworks should therefore consider non-Gaussian 1295 

distributions, Bayesian methods, conformal prediction, or calibration-based approaches for more reliable 1296 

interval estimation. 1297 
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Finally, the sensitivity analysis was performed using a one-at-a-time strategy around a median baseline 1298 

condition. This approach is useful for interpreting the local response of the model, but it does not fully 1299 

capture higher-order interactions among input variables. Although SHAP and 2D partial dependence 1300 

analyses were used to examine interaction effects, future work could extend this analysis using global 1301 

variance-based sensitivity methods or multi-dimensional response-surface exploration. 1302 

Future work should focus on expanding the dataset by including additional soil types, stabilizer 1303 

combinations, curing conditions, and field-scale measurements. Incorporating microstructural, 1304 

mineralogical, and chemical descriptors could improve the physical basis of the model and provide deeper 1305 

insight into the stabilization mechanisms. Further research should also evaluate the proposed framework 1306 

using independent external datasets and compare different uncertainty quantification strategies. Extending 1307 

the model toward multi-output prediction, reliability-based mix design, and optimization of strength-cost-1308 

environmental trade-offs would further enhance its practical value for sustainable geotechnical engineering 1309 

applications. 1310 

 . Conclusions 1311 

This study developed an interpretable and uncertainty-aware machine learning framework supported 1312 

by mechanism-inspired, physics-guided feature engineering for predicting the UCS of kaolin clay stabilized 1313 

with nano shale and quicklime. A laboratory dataset containing 180 UCS measurements was used, with NS 1314 

content, QL content, curing days, LL, PI, OMC, and MDD selected as the raw input variables. Six machine 1315 

learning models, including MLR, SVR, RF, XGBoost, CatBoost, and BP-ANN, were optimized and 1316 

evaluated using a nested GroupKFold validation strategy. Physics-guided engineered features were then 1317 

introduced to represent binder dosage, binder-curing interactions, nonlinear curing effects, compaction 1318 

state, and relative plasticity. Based on the obtained results, the following conclusions can be drawn: 1319 

• A nested GroupKFold validation strategy was used to evaluate model generalization under group-1320 

held-out mixture -curing conditions. Among the evaluated models, CatBoost-6PG achieved the best 1321 

overall performance, with R2 = 0.841 ± 0.123, RMSE = 151.11 ± 34.94 kPa, MAE = 110.67 ± 26.04 1322 

kPa, MAPE = 11.97 ± 3.75%, and VAF = 87.38 ± 7.24%.  1323 

• The ablation study showed that the initial seven-feature physics-guided configuration contained 1324 

redundant information. Removing QL_Curing improved the feature structure, leading to the final 1325 

CatBoost-6PG model with six engineered features: Binder_Total, NS_Curing, BinderTotal_Curing, 1326 

log_Curing, MDD_OMC_Ratio, and PI_LL_Ratio. 1327 

• The reduced-input comparison showed that NS, QL, and curing days can support preliminary UCS 1328 

screening, but the CatBoost-6PG model achieved higher accuracy and stability by incorporating 1329 

geotechnical index, compaction, and selected mechanism-inspired variables. 1330 

• SHAP, sensitivity analysis, and partial dependence analysis consistently showed that UCS 1331 

prediction is mainly controlled by plasticity, curing days, and binder-curing interaction effects. 1332 

Higher PI reduced predicted UCS, while longer curing days and favorable binder-curing 1333 

combinations increased strength. 1334 

• The effects of NS and QL were nonlinear and interaction-dependent rather than purely dosage-1335 

controlled. The PDP results indicated that higher predicted UCS values are associated with longer 1336 

curing days, lower plasticity, and balanced NS-QL combinations.  1337 

• The uncertainty analysis showed that input-driven uncertainty was more influential than model-1338 

instability uncertainty. The FullInput Monte Carlo scenario at k = 0.50 produced PICP95 = 0.894, 1339 
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whereas group-bootstrap model uncertainty produced PICP95 = 0.600, highlighting the importance 1340 

of accounting for material, stabilizer dosage, and curing variability.  1341 

• Although the prediction intervals were informative, the highest PICP95 remained below the 1342 

nominal 0.95 level, indicating slight under-calibration. Future studies should therefore consider 1343 

more advanced uncertainty calibration methods, such as conformal prediction or Bayesian 1344 

approaches.  1345 

• From an engineering perspective, the proposed framework can support preliminary UCS 1346 

estimation, mix-design screening, and reliability-aware decision making. It does not replace 1347 

confirmatory laboratory testing, but it can help reduce the number of trial mixtures during early-1348 

stage design.  1349 

• The proposed model should be used within the investigated material, dosage, and curing ranges. 1350 

Application to other soils, stabilizers, curing regimes, or field conditions requires further calibration 1351 

and external validation. 1352 

The results demonstrate that combining physics-guided feature engineering, group-aware validation, 1353 

explainable machine learning, and uncertainty quantification provides a practical and interpretable 1354 

framework for UCS prediction of NS-QL stabilized kaolin clay. 1355 
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  T


  Obj =   ∑   


  L(⋅)


  Ω  (  f k )


   F m  ( x )  =   F  m-1  ( x )  + η .   h m (x)                                                            (7)


   F m  ( x )


   Χ i


  m


   h m (x)


  η


  y = f (   ∑  j = 1 n   ω j  x j  + b)                                                                       (8) 


   ω j


  b


   ω  (t+1)  =   ω  (t)   - η   ∂L  ∂ω                                                                  (9)


  η


  L


    v i  (t+1)  = ω   v i  (t)  +   c 1  r 1  (  p i  -   x i  (t) )  +   c 2  r 2  ( g -   x i  (t) )                                          (10)


  UCS =   β 0 +   ∑  i=1 n   β i  x i  + ε                                                               (2)


   x i  (t+1)  =   x i  (t)  +    v i  (t+1)                                                               (11)


   x i  (t+1)  =   x i  (t)  +    v i  (t+1)                                                               (11)


    v i


   x i


   p i


  g


  ω


   c 1


   c 2


   R 2  = 1 -      ∑  i=1 n     (  y i -    y ^ i ) 2    ∑  i=1 n (    y i -    y - i ) 2                                                      (12)


   β 0


  MSE =   1 n   ∑  i = 1 n  (    y i -    y ^ i ) 2                                                      (13)


  RMSE =    1 n   ∑  i = 1 n  (    y i -    y ^ i ) 2                                                   (14)


  MAE =   1 n   ∑  i = 1 n   |  y i -    y ^ i |                                                         (15)


  MAPE =     100 n   ∑  i =1 n   |    y i -      y ^ i   y i |                                                   (16)


  VAF =    ( 1 -     Var  (  y i -    y ^ i )  Var  (  y i ) ) ×100                                                 (17)


  f  ( x )  =    φ 0 +     ∑  i=1 M   φ i                                                                     (18)


   φ 0


   φ i


   φ i =   ∑  S⊆N\  { i }     | S | !  ( M -    | S |   - 1 ) !  M!  [ f  ( S∪  { i } )   - f  ( S ) ]                                   (19)


  S


   β i


  M


  f  ( S )


  S


   x * = x + ε                                                                        (20)


  ε ~ N    ( 0,    k 2  ∑  train )                                                              (21)


  x


   x *


  k


   ∑  train


  ∆RMSE =    RMSE  outer-test   -    RMSE  train                                                (22)


   x i


  U


  NRMSE


  U =   1-R2                                                                                                                                                          (23)


  NRMSE =     RMSE  (   UCS  max -   UCS  min )  × 100                                                       (24)


  NRMSE =     RMSE  (   UCS  max -   UCS  min )  × 100                                                       (24)


  U


  NRMSE


  f(x) =   ∑  i=1 n  ​(  α i -  α i * ​) K(  x i ​, x) + b                                                            (3)


  K(⋅)


   α i

