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Abstract: Accurate prediction of unconfined compressive strength (UCS) can reduce the experimental effort required for 
the design of geopolymer-stabilized soils. However, highly accurate machine-learning models often provide limited 
engineering transparency. This study addresses this issue by comparing gene expression programming (GEP), support 
vector regression (SVR), random forest (RF), and gradient boosting regression trees using LSBoost (GBRT). A 
database of 270 experimental records was used, with seven input variables describing soil plasticity, precursor contents, 
activator conditions, and chemical ratios. All models were evaluated using the same training–test split and held-out test 
set. GBRT achieved the highest predictive accuracy, with an independent-test R² of 0.9814, RMSE of 0.9771 MPa, and 
MAE of 0.6080 MPa. RF, SVR, and GEP followed with R² values of 0.9661, 0.9416, and 0.9023, respectively. Despite its 
lower accuracy, GEP was retained as the interpretable model because it provided an explicit mathematical expression 
involving all seven inputs. Its behavior was further examined using multi-point one-at-a-time (OAT) sensitivity analysis 
and exact background-averaged SHAP analysis. Both methods identified GGBS as the dominant variable, with 
normalized important values of 45.43% and 42.40%, respectively. SHAP further ranked PI and FA as the next most 
influential inputs. Higher GGBS generally increased predicted UCS, whereas higher PI and FA produced negative 
contributions within the investigated data domain. The proposed framework therefore distinguishes predictive superiority 
from model interpretability and provides a transparent basis for understanding UCS predictions in geopolymer-stabilized 
clayey soils. 

Keywords: Geopolymer-stabilized soil, Unconfined compressive strength, Gene expression programming, 
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1. INTRODUCTION 

Problematic clayey soils are a major geotechnical 
concern because of their low bearing capacity, high 
compressibility, moisture sensitivity, and shrink–swell 
behavior [1-3]. These characteristics can adversely 
affect foundations, embankments, and pavements [1,4]. 
Cement and lime are widely used for soil stabilization, 
but their production is associated with high energy 
demand and considerable CO₂ emissions [3-4]. This 
has increased interest in lower-carbon binders and 
industrial by-products for ground improvement [2,5,6]. 
Recent studies have also explored nano-modified and 
hybrid stabilization systems to improve the mechanical 
response of problematic soils [7,8]. 

Geopolymers and alkali-activated binders are 
promising alternatives for this purpose. They can 
incorporate aluminosilicate-rich materials such as fly 
ash (FA) and ground-granulated blast-furnace slag 
(GGBS) [9-11]. Alkaline activation forms cementitious 
products that bind soil particles and improve the soil 
matrix [12-14]. Calcium-rich GGBS can further 
accelerate strength development [10,14,29]. However, 
the resulting performance depends on soil properties, 
precursor composition, activator chemistry, and 
mixture proportions [12,11,15,46]. 
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Unconfined compressive strength (UCS) is a key 
index for evaluating stabilized soils. In 
geopolymer-treated clay, UCS depends on several 
interacting variables, including soil plasticity, GGBS 
and FA contents, alkaline molarity, activator-to-binder 
ratio, and the Na/Al and Si/Al ratios [10,14,11,16]. Their 
combined effects can be strongly nonlinear. UCS 
testing also requires specimen preparation, curing, and 
destructive loading. This becomes costly when many 
mixtures are evaluated. Data-driven models can 
reduce this experimental burden and capture 
relationships that conventional empirical equations 
may overlook [17-21]. 

Several machine-learning and soft-computing 
approaches have therefore been developed for UCS 
prediction. ANN and SVM were successfully applied by 
Mozumder and Laskar [17] and Mozumder et al. [22]. 
Explicit relationships were later developed using 
genetic programming and GEP [18,23,24]. Other 
studies confirmed the capability of ANN, SVM, random 
forest, and boosting-based models for stabilized soils 
[19,25,26,27]. More recent studies have combined 
prediction with explainability. Ngo et al. [28] used 
SHAP to interpret RF, ANN, XGBoost, and gradient 
boosting models. Abdullah et al. [29] reported strong 
performance for gradient boosting on a 270-record 
geopolymer-stabilized clay database. SHAP, sensitivity 
analysis, and partial dependence methods have also 
been increasingly used to explain model behavior 
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[28-31]. Related ANN and optimization applications in 
civil and geotechnical engineering have also been 
reported for pipeline response, seismic amplification, 
and concrete behavior [32-35]. 

These developments highlight an accuracy ‒
interpretability trade-off. In this study, SVR, RF, and 
GBRT are classified as relatively black-box models 
because their fitted prediction rules are not readily 
represented by compact, human-readable symbolic 
equations. In contrast, GEP is classified as an 
interpretable model because its explicit mathematical 
expression and expression tree can be examined 
directly. Post-hoc methods such as SHAP can explain 
feature contributions, but they do not convert the fitted 
model into a transparent mathematical equation 
[36,37,38]. GEP offers a complementary advantage 
because it can generate an explicit symbolic 
expression and an expression tree [18, 23,39]. Recent 
studies using interpretable and soft-computing models 
have also emphasized explicit predictive formulations, 
sensitivity assessment, and engineering interpretability 
[40-44]. 

Ngo et al. [28] developed RF, ANN, XGBoost, and 
gradient boosting models to predict the 28-day UCS of 
geopolymer-stabilized cohesive soils. SHAP was used 
to interpret the selected models and guide feature 
selection. Abdullah et al. [29] evaluated gradient 
boosting and AdaBoost models for UCS prediction and 
applied cosine amplitude analysis to assess input 
importance. Neither study examined an explicit GEP 
equation through complementary OAT and SHAP 
analyses. OAT measures the model response to 
controlled changes in individual inputs, whereas SHAP 
assigns feature contributions to predictions relative to a 
defined background dataset. Their application to the 
same symbolic equation enables a direct comparison 
of perturbation-based and attribution-based 
interpretations. The main methodological contribution 
of the present study therefore lies in integrating 
comparative predictive evaluation with complementary 
interpretation of an explicit GEP equation, rather than 
introducing new machine learning algorithms or 
explanation techniques. 

Accordingly, this study compares four models for 
UCS prediction: gene expression programming (GEP), 
support vector regression (SVR), random forest (RF), 
and gradient boosting regression trees using LSBoost 
(GBRT). All models are evaluated using the same 
training–test split and held-out test set. Model 
performance was further examined through a common 
five-fold evaluation of the training data. A 
supplementary nested stratified five-fold 
cross-validation was also performed to assess 
predictive performance across partitions stratified by PI 

levels and within-group UCS quantiles. The most 
accurate model is identified separately from the model 
selected for interpretation. GEP is retained for this 
purpose because it provides an explicit mathematical 
equation and expression tree. Its behavior is then 
examined using multi-point one-at-a-time (OAT) 
sensitivity analysis and exact background-averaged 
SHAP analysis. This approach provides a combined 
assessment of predictive accuracy, model stability, and 
the interpretability of the symbolic model. 

2. DATABASE AND PRELIMINARY STATISTICAL 
ANALYSIS 

The database contained 270 experimental records 
of unconfined compressive strength (UCS) for 
geopolymer-stabilized clayey soils. Seven variables 
were used as model inputs: plasticity index (PI), 
ground-granulated blast-furnace slag content (GGBS), 
fly ash content (FA), molar concentration of the alkaline 
solution (M), alkali solution-to-binder ratio (A/B), 
sodium-to-aluminum atomic ratio (Na/Al), and 
silicon-to-aluminum atomic ratio (Si/Al). UCS was used 
as the output variable. GGBS and FA were expressed 
as percentages by dry weight of soil, M was reported in 
mol/L, the three ratios were dimensionless, and UCS 
was expressed in MPa. The database was derived 
from the experimental dataset reported by Abdullah et 
al. [29]. It was selected because it covers variations in 
soil plasticity, precursor contents, and alkaline 
activation conditions. This diversity provides a suitable 
basis for comparing the predictive performance of the 
selected models under a common data framework. 

To describe the range and dispersion of the 
variables, the standard deviation, variance, coefficient 
of variation, minimum, and maximum were calculated. 
The results are summarized in Table 1. As seen, the 
database covers a broad range of soil characteristics 
and geopolymer mixture conditions. FA exhibited the 
highest coefficient of variation among the inputs 
(229.37%), while UCS also showed substantial 
variability (112.90%). In contrast, M, A/B, and Si/Al 
varied within relatively narrower ranges. This spread 
provides sufficient variation for developing and 
evaluating predictive models. 

2.1. Distribution of the Database Variables 

The distributions of the seven input variables and 
UCS are shown in Figure 1. The histograms were 
generated directly from the 270 records used in the 
present modeling database. 

Figure 1 shows that several variables do not follow 
continuous or normal distributions. PI occurs at three 
discrete levels, while M and A/B also reflect predefined 
experimental levels. FA is strongly concentrated  near
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Table 1: Descriptive Statistical Characteristics of the Input Variables and Unconfined Compressive Strength 

Variable SD Variance CV (%) Minimum Maximum 

PI (%) 30.9702 959.155 77.38 14.07 88.46 

GGBS (%) 12.9619 168.010 79.90 0 50 

FA (%) 4.28154 18.3316 229.37 0 20 

M (mol/L) 2.73920 7.50322 22.25 4 15 

A/B (-) 0.145038 0.0210359 23.44 0.45 0.85 

Na/Al (-) 0.447123 0.199919 38.40 0.24 1.98 

Si/Al (-) 0.332089 0.110283 19.80 1.49 2.49 

UCS (MPa) 6.46360 41.7781 112.90 0 24.26 

 

 

 

 

 
Figure 1: Distributions of the seven input variables and UCS, highlighting discrete experimental levels, the predominance of 
zero FA content, and the right-skewed UCS distribution. 
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zero, and UCS is positively skewed toward the 
lower-strength range. These patterns mainly reflect the 
structure of the experimental program and the 
presence of zero-content mixtures. Accordingly, model 
development should account for non-uniform sampling 
across the variable ranges. 

Pearson correlation analysis was used to examine 
the pairwise linear relationships among the input 
variables and UCS. The resulting correlation matrix is 
presented in Figure 2. 

As shown in Figure 2, GGBS had the strongest 
linear relationship with UCS (r=0.79). This indicates 
that higher GGBS contents were generally associated 
with higher UCS values within the investigated dataset. 
The remaining correlations with UCS were weaker: FA 
(-0.29), Na/Al (0.26), Si/Al (-0.25), PI (-0.20), M (0.16), 

and A/B (0.05). These small coefficients should not be 
interpreted as evidence of negligible influence because 
Pearson correlation captures only pairwise linear 
dependence. 

Among the inputs, the strongest positive correlation 
was observed between FA and Si/Al (r=0.83). A 
relatively high correlation was also found between A/B 
and Na/Al (r=0.71). These relationships indicate that 
some chemical and mixture parameters were not 
varied independently in the experimental program and 
should therefore be considered when interpreting 
model-based importance measures. 

The VIF analysis further assessed multicollinearity 
among the input variables, particularly because several 
variable pairs showed relatively high correlations. The 
calculated VIF values are presented in Figure 3. 

 
Figure 2: Pearson correlation matrix showing the strongest UCS association with GGBS (r = 0.79) and notable correlations 
between FA–Si/Al and A/B–Na/Al. 

 

 
Figure 3: Variance inflation factors of the input variables. All values remain below 5, although Si/Al and Na/Al show relatively 
higher multicollinearity. 
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Figure 3 shows that all VIF values were below the 
conservative threshold of 5. The highest values were 
obtained for Si/Al (4.32) and Na/Al (4.11), followed by 
A/B and FA (approximately 3.44). These results do not 
indicate severe multicollinearity in the input space. 
However, the VIF values close to 4, together with the 
Pearson correlations, confirm moderate structural 
dependence among some variables. Therefore, the 
inputs should not be considered fully independent. 
Since no critical multicollinearity was identified, all 
seven variables were retained for model development. 

Overall, the database provides broad variation in 
soil plasticity, geopolymer constituents, chemical ratios, 
and UCS. At the same time, the non-uniform 
distributions and moderate dependence among some 
inputs should be considered during model validation 
and interpretation. These characteristics also motivate 
the use of nonlinear predictive models and 
model-interpretation tools in the subsequent analyses. 

2.2. Model Development and Hyperparameter 
Optimization 

All models were implemented in MATLAB using a 
common training–test split (216/54 observations) and a 
random seed of 42. Hyperparameter optimization was 
restricted to the training data. SVR was standardized, 
whereas RF and GBRT were trained without input 
scaling. Bayesian optimization with five-fold 
cross-validation was used for SVR, RF, and GBRT. 
The maximum numbers of objective evaluations were 
30 per kernel, 15, and 30, respectively. The 
expected-improvement-plus acquisition function was 
employed. Linear, Gaussian, and second-order 
polynomial kernels were examined for SVR. The 
Gaussian kernel was selected. RF was developed 
using bootstrap aggregation, whereas GBRT employed 
LSBoost. The search domains and final 
hyperparameters are reported in Table 2. 

GEP was implemented as a three-gene 
evolutionary model with additive gene linking. Each 
gene had a head length of 8 and a tail length of 9. The 
population comprised 100 individuals, and 10 
independent runs were performed. Each run was 
limited to 500 generations, with early stopping after 120 
generations without improvement. The training data 
were divided into 172 development and 44 validation 
observations for model selection. The tenth run was 
selected and terminated after 305 generations. 
Numerical constants were subsequently refined using 
the Nelder–Mead method for up to 300 iterations. The 
evolutionary operators, mutation and crossover rates, 
and remaining settings are provided in Table 3. The 
held-out test set was excluded from model optimization 
and selection. 

2.3. Supplementary Nested Stratified 
Cross-Validation 

The original 80/20 training–test split was retained to 
provide a consistent held-out benchmark for all four 
models. Given the discrete experimental levels and 
positively skewed UCS distribution, a supplementary 
nested stratified five-fold cross-validation was 
performed using the 216 training observations. The 
outer folds were stratified according to PI levels and 
approximate UCS quantiles within each PI group. 
Three-fold inner cross-validation was used for 
hyperparameter selection. All four models were 
independently retrained within each outer fold. The 
original 54-observation held-out test set remained 
excluded from this procedure. 

The supplementary analysis was implemented 
using a separate hyperparameter optimization protocol. 
Eight Bayesian optimization evaluations were 
performed independently for each SVR kernel, while 
six evaluations were conducted for RF and GBRT, 
respectively. Two GEP hyperparameter configurations 
were examined using three-fold inner cross-validation. 

Table 2: Hyperparameter Search Ranges and optimal Settings of SVR, RF, and GBRT Models 

Model Hyperparameter Search range Optimal value 

SVR 

Kernel Linear, Gaussian, Polynomial Gaussian 

Box constraint (C) 0.001–1000 27.0788 

Epsilon (ε) 0.00777168–777.168 0.0125 

Kernel scale 0.001–1000 2.9562 

RF 

Number of trees 80–400 390 

Min. leaf size / Max. splits 1–25 / 2–215 1 / 71 

Predictors per split 1–7 5 

GBRT 

Learning cycles 50–800 758 

Learning rate 0.01–0.30 0.1417 

Min. leaf size / Max. splits 1–25 / 1–128 3 / 13 
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Each inner GEP fit involved one evolutionary run with a 
population of 35 and a maximum of 45 generations. For 
each outer fold, GEP was independently re-evolved 
using two evolutionary runs, a population of 55, and a 
maximum of 110 generations. Model performance was 
evaluated across the five outer folds and summarized 
using the mean and standard deviation of R², RMSE, 
and MAE.  

3. COMPARATIVE PREDICTIVE PERFORMANCE 
OF THE MODELS 

The predictive performance of GEP, SVR, RF, and 
GBRT was compared using the same fixed training-test 
split and the same held-out test set. The independent- 
test metrics used for this comparison are presented in 
Figure 4. 

As shown in Figure 4, GBRT achieved the highest 
independent-test accuracy, with R²=0.9814, 
RMSE=0.9771 MPa, and MAE=0.6080 MPa. RF 
ranked second, with R²=0.9661 and RMSE=1.3202 
MPa. SVR also showed strong performance, with 
R²=0.9416 and RMSE=1.7322 MPa. GEP obtained 
R²=0.9023 and RMSE=2.2405 MPa. Thus, when 
predictive accuracy alone is considered, the overall 
ranking based on R², RMSE, MAE, residual SD, and 
scatter index (SI) is GBRT, RF, SVR, and GEP, 
respectively. Abdullah et al. [29] reported a test R² of 
0.980 for gradient boosting using the same 270-record 
database. Ngo et al. [28] obtained an R² of 0.9808 
using ANN on a related 282-record dataset. These 
results are consistent with the strong performance of 
nonlinear models observed here. However, 
overlapping source data and differences in predictors, 
model optimization, and data partitioning prevent 
claims of cross-study superiority. 

GBRT also produced the lowest residual dispersion. 
Its residual SD was 0.9238 MPa, compared with 
1.2917, 1.7089, and 2.2605 MPa for RF, SVR, and 
GEP, respectively. SI followed the same trend, 
decreasing from 0.3855 for GEP to 0.1681 for GBRT. 
MAPE was the only metric that did not strictly follow 
this ranking; RF yielded 130.34%, whereas GBRT 
yielded 143.97%. Because several measured UCS 
values are zero or close to zero, percentage-based 
errors can become unstable when the denominator is 
small [47]. Therefore, R², RMSE, MAE, residual SD, 
and SI were treated as the primary comparison metrics, 
while MAPE was considered supplementary. 

Model stability was further examined through a 
common five-fold evaluation performed only on the 216 
training samples. The 54 independent-test samples 
were excluded, and identical fold assignments were 
used for all four models. The fold-wise results are 
presented in Figure 5. 

Figure 5 shows that SVR achieved the highest 
mean five-fold R² of 0.9580±0.0159, followed closely 
by GBRT with 0.9524±0.0255. Their corresponding 
mean RMSE values were 1.2562±0.2907 and 
1.3098±0.2859 MPa. RF reached a mean R² of 
0.9291±0.0314, whereas GEP obtained 0.8326±0.0293. 
Hence, GBRT provided the strongest independent-test 
accuracy, while SVR showed slightly better average 
fold-wise performance and lower variation in R². These 
results support evaluating the models using both 
independent-test accuracy and fold-wise stability. 

For an additional view of overall agreement, the 
measured-versus-predicted plots for all 270 
observations are presented in Figure 6. The dashed 

Table 3: Evolutionary Settings and Stopping Criteria of the GEP Model 

Parameter Final setting 

Genes / Head / Tail 3 / 8 / 9 

Population size 100 

Function set / Linking +, −, × / Addition 

Tournament size / Elitism 3 / 2 

Symbol / Constant mutation rates 0.044 / 0.10 

One-point crossover / Gene recombination 0.35 / 0.15 

IS transposition rate 0.10 

Numerical constants 10 per gene; [−10, 10] 

Independent runs 10 

Maximum generations / Stall limit 500 / 120 

Selected run / Generations 10 / 305 

Development / Validation samples 172 / 44 

Constant optimization Nelder–Mead; max. 300 iterations 

Output constraint UCS ≥ 0 
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black line denotes perfect 1:1 agreement, and the red 
line represents the fitted regression line. 

Figure 6 shows higher overall agreement for GBRT, 
RF, and SVR. The all-data R² values were 0.9951, 
0.9755, 0.9649, and 0.8561 for GBRT, RF, SVR, and 
GEP, respectively. However, these plots combine 
training and test observations. They were therefore 
used only to visualize overall model fit and were not 
treated as the primary evidence of generalization. The 
held-out test set and the common five-fold evaluation 
were retained as the main bases for model 
comparison. 

3.1. Supplementary Nested Stratified Five-Fold 
Validation 

The supplementary nested stratified five-fold results 
are summarized in Table 4. GBRT achieved the 
highest mean R² (0.9555 ± 0.0169) and the lowest 
mean RMSE (1.2838 ± 0.2370 MPa). It also achieved 
the lowest RMSE in all five outer folds. RF and SVR 
obtained mean R² values of 0.9146 and 0.9002, 
respectively. GEP exhibited the lowest mean R² 
(0.8112 ± 0.0894) and the highest mean RMSE 
(3.0668 ± 0.6653 MPa). 

 
Figure 4: Independent-test performance of the four models. GBRT achieves the highest accuracy and lowest prediction errors, 
while GEP shows lower accuracy. Cell colors are normalized separately for each metric. 

 

 
Figure 5: Five-fold performance comparison of GEP, SVR, RF, and GBRT. SVR achieves the highest mean R², closely followed 
by GBRT, whereas GEP shows lower fold-wise accuracy. 
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The supplementary results differed from those 
obtained using the original five-fold evaluation. In the 
original analysis, SVR achieved a slightly higher mean 
R² than GBRT (0.9580 versus 0.9524). In contrast, 
GBRT achieved the highest mean R² (0.9555 ± 0.0169) 
in the supplementary stratified analysis. The two 
procedures differed in fold allocation, model selection, 
and optimization settings. Their results therefore 
provide complementary evidence of predictive 
performance under different validation protocols. 

GEP showed lower predictive accuracy in the 
supplementary analysis than on the original held-out 
test set. The supplementary GEP models were 
independently re-evolved within each outer fold using 
the corresponding training observations and 
optimization settings. Thus, these models differed from 
the final GEP equation developed using the original 
training set. The observed performance differences 
may reflect variation in data partitioning and model 
fitting, and their individual contributions cannot be 
determined from the present comparison. 

Overall, GBRT achieved the lowest RMSE in all five 
supplementary outer folds. This finding is consistent 
with its leading predictive performance on the original 
held-out test set. The results provide further evidence 
of the relative predictive advantage of GBRT across the 
evaluated data partitions. 

3.2. Accuracy–Interpretability Trade-off and 
Selection of GEP 

Although GBRT achieved the highest numerical 
accuracy, the objective of this study is not limited to 
minimizing prediction error. A second objective is to 
obtain an explicit, data-driven predictive equation 
relating the input variables to UCS. RF, GBRT, and 
SVR are commonly used to achieve more accurate 
predictions, although their prediction mechanisms are 
not readily expressed as a single explicit equation. In 
contrast, GEP was developed as a symbolic 
evolutionary approach that can represent the final 
model as an explicit mathematical expression [39]. 

Accordingly, GEP was not selected as the most 
accurate model. It was selected as the interpretable 
model for the subsequent analysis. This distinction is 
important: GBRT is identified as the best predictive 
model, whereas GEP is retained as the selected 
interpretable model. This strategy is consistent with 
interpretable machine learning, in which a model is 
used not only for prediction but also for extracting 
useful knowledge about relationships learned from data 
[37]. 

The independent-test performance of GEP, with 
R²=0.9023, indicates that the explicit model still 
preserves substantial predictive information despite its 

 
Figure 6: Measured versus predicted UCS for all 270 observations. GBRT shows the closest overall agreement with the 1:1 line. 
Dashed black lines indicate perfect agreement, and red lines represent fitted regressions. 
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lower accuracy relative to the black-box models. The 
performance gap between GEP and GBRT or RF also 
illustrates the practical accuracy-interpretability 
trade-off in the present dataset. GEP is therefore 
retained as a deliberate choice for engineering 
interpretation rather than as a replacement for the 
model with the lowest prediction error. 

Based on this accuracy–interpretability trade-off, 
the final GEP model was retained for the interpretation 
stage. Its explicit mathematical formulation and 
expression-tree structure are presented first, followed 
by sensitivity and SHAP analyses. 

3.3. Explicit GEP Formulation and Expression-tree 
Representation 

The selected GEP model consists of three genes 
linked by addition. A non-negativity constraint was 
applied after gene summation because negative UCS 
values are not physically meaningful. The final 
prediction is written as: 

    (1) 

In Eq. (1), (zi) denotes the standardized value of 
input (xi), calculated using the training-derived center 
and scale parameters: 

      (2) 

The corresponding training-derived center and 
scale parameters are presented in Table 5. The original 
training-derived center and scale values must be 
retained when the GEP equation is applied to new 
observations. The equation has not been externally 
validated using independent experimental datasets. 
Therefore, its predictive applicability to unseen soil–
geopolymer mixtures remains unverified. The GEP 
equation represents an empirical symbolic regression 
relationship learned from experimental data rather than 
a physically derived constitutive model. Its 

mathematical terms should not be interpreted as direct 
representations of soil-stabilization mechanisms. 

The complete expression-tree representation of the 
final GEP model is presented in Figure 7 showing how 
the three genes are combined to obtain the final UCS 
prediction. Gene 1 contains GGBS, FA, and PI; Gene 2 
contains A/B, PI, and M; and Gene 3 contains Na/Al 
and Si/Al. Thus, all seven input variables participate in 
the selected symbolic expression. PI appears in two 
genes, so its contribution is embedded in more than 
one part of the equation. However, the presence or 
repeated occurrence of a variable in the expression 
tree should not be interpreted as a global importance 
ranking. Its effect also depends on the numerical 
coefficients, interactions with other variables, and the 
range of the observed data. 

The explicit equation and expression tree describe 
the internal structure of the selected GEP model, but 
they do not by themselves quantify how strongly each 
variable affects predictions over the full database. 
Sensitivity and SHAP analyses were therefore used as 
complementary interpretation tools. 

3.4. Interpretability Analysis of the Selected GEP 
Model 

The explicit GEP formulation provides a direct 
mathematical representation of the relationship 
between the input variables and predicted UCS. 
However, the presence of a variable in the equation 
alone does not fully describe its relative influence or the 
direction of its effect across the input space. Therefore, 
two complementary interpretation approaches were 
applied to the selected GEP model. First, a classical 
sensitivity analysis was used to examine the change in 
predicted UCS under controlled variations of each input 
variable. Second, SHAP analysis was employed to 
quantify the contribution of each variable to the model 
predictions across the database. Together, these 
analyses provide both local response information and 
global feature-level interpretation of the GEP model. 

3.4.1. Multi-point one-at-a-time (OAT) Sensitivity 
Analysis 

A multi-point one-at-a-time (OAT) sensitivity 
analysis was applied to the selected GEP model to 

Table 4: Supplementary Nested Stratified Five-Fold Cross-Validation Results (Mean ± SD) 

Model R² RMSE (MPa) MAE (MPa) 

GEP 0.8112 ± 0.0894 3.0668 ± 0.6653 2.2264 ± 0.5187 

SVR 0.9002 ± 0.0663 1.8665 ± 0.5875 1.4547 ± 0.5136 

RF 0.9146 ± 0.0340 1.7967 ± 0.4708 1.2593 ± 0.3530 

GBRT 0.9555 ± 0.0169 1.2838 ± 0.2370 0.8167 ± 0.1542 
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examine how its predicted UCS responds to controlled 
changes in the input variables. The analysis used only 
the 216 training observations, while the 54 
independent-test observations were excluded. Each 
training observation was treated as an individual 
baseline. One input was perturbed at a time by ±1, ±5, 
±10, and ±20% of its observed training range, while the 
remaining six inputs were kept unchanged. Perturbed 
values were restricted to the training domain to avoid 
extrapolation beyond the available data. 

The mean signed change in predicted UCS for each 
input is presented in Figure 8. The shaded regions 
show ±1 standard deviation across the training 
observations and indicate how strongly the OAT 
response depends on the selected baseline sample. 

Figure 8 shows that GGBS produced the strongest 
positive response. Increasing GGBS increased the 
predicted UCS, whereas reducing GGBS decreased it. 
FA showed the second strongest response, but in the 
opposite direction. Higher FA generally reduced the 
predicted UCS, and the reduction became more 
pronounced at larger positive perturbations. PI also 

showed a clear negative response. In contrast, M and 
A/B produced positive changes of smaller magnitude. 

Na/Al and Si/Al showed weaker average responses. 
Increasing Na/Al slightly reduced the predicted UCS, 
whereas Si/Al produced a small positive response. 
These variables enter the final GEP equation through 
the interaction term zNa/Al × zSi/Al, therefore, their 
individual effects depend on the value of the paired 
variable. The wider uncertainty bands for GGBS and 
FA at larger perturbations also show that response 
magnitude varies across the training observations. 

To compare the overall sensitivity of the seven 
variables, the mean absolute UCS change was 
aggregated over all training observations and 
perturbation levels and then normalized to 100%. The 
resulting importance ranking is shown in Figure 9. 

As shown in Figure 9, GGBS had the highest 
normalized OAT importance at 45.43%, followed by FA 
at 26.10%. Together, these two variables accounted for 
71.53% of the total normalized sensitivity. PI ranked 
third with 10.84%, followed by M with 6.95%. Na/Al and 

Table 5: Center and Scale Parameters Used to Standardize the Inputs in the Final GEP Model 

Variable Center Scale 

PI (%) 40.7352 31.2825 

GGBS (%) 16.5581 13.2317 

FA (%) 2.0930 4.4855 

M (mol/L) 12.1599 2.7587 

A/B (-) 0.6140 0.1462 

Na/Al (-) 1.1326 0.4543 

Si/Al (-) 1.6797 0.3363 

 

 
Figure 7: Expression-tree representation of the selected GEP model, showing three linked genes involving all seven inputs and a 
non-negativity constraint on predicted UCS. 
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A/B showed similar contributions of 4.05% and 4.02%, 
respectively, while Si/Al had the lowest importance at 
2.60%. 

These results indicate that the selected GEP model 
is most sensitive to GGBS and FA within the 
investigated training domain. The OAT ranking 
describes the response of the fitted GEP equation 
under controlled perturbations and should not be 
interpreted as physical causality. The subsequent 
SHAP analysis provides a complementary assessment 
of feature contributions across individual predictions. 

3.4.2. SHAP-based interpretation of the GEP model 

SHAP analysis was applied to the final GEP model 
to quantify the contribution of each input variable to the 
predicted UCS. The 216 training observations were 
used as the empirical background distribution, while 
SHAP values were calculated for all 270 observations. 
Because the model contains seven inputs, all 128 
possible feature coalitions were evaluated. The 
expected GEP prediction over the background data 
was 5.411 MPa and was used as the SHAP base value. 
The maximum reconstruction error was 3.55 ×  10-14 

 
Figure 8: Mean OAT responses of the GEP model across 216 training observations. GGBS produces the strongest positive 
response, whereas FA and PI show predominantly negative responses. 

 

 
Figure 9: Normalized multi-point OAT importance of the GEP inputs. GGBS ranks first (45.43%), followed by FA (26.10%) and PI 
(10.84%). 
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MPa. This confirms the numerical consistency of the 
SHAP decomposition. 

The overall distribution and direction of the SHAP 
contributions are shown in Figure 10. Positive SHAP 
values increase the predicted UCS relative to the 
background prediction, whereas negative values 
reduce it. The color scale represents the corresponding 
feature value, from low values in blue color to high 
values in red color. 

Figure 10 shows that GGBS has the widest SHAP 
range and the strongest influence on the model output. 
Low GGBS contents are mainly associated with 
negative SHAP values. High GGBS contents shift the 
prediction toward positive values. This indicates a 
strong positive contribution of GGBS to the predicted 
UCS within the investigated domain. 

PI shows the opposite pattern. Low PI values 
generally produce positive contributions, while high PI 
values are associated with negative SHAP values. 
Thus, increasing PI tends to reduce the UCS predicted 
by the GEP model. FA also shows a mainly negative 
response. Higher FA contents are concentrated on the 
negative side of the SHAP axis, whereas low FA 
contents have smaller or positive contributions. 

A/B and M have smaller effects than GGBS, PI, and 
FA. Higher A/B values generally increase the predicted 
UCS, and M shows a similar positive tendency. The 
SHAP values of Na/Al and Si/Al remain closer to zero. 
Their lower individual contributions are consistent with 
their appearance in the GEP equation through an 
interaction term. Their effects should therefore be 
interpreted together rather than as fully independent 
responses. 

The global importance of all seven inputs was 
quantified using the mean absolute SHAP value. The 
normalized results are presented in Figure 11. 

Figure 11 illustrates that GGBS is the dominant 
input, with a normalized SHAP importance of 42.40%. 
Under the original empirical sampling distribution, PI 
ranked second at 25.22%, followed by FA at 15.89%. 
In together, these three variables account for about 
83.5% of the total SHAP importance. A/B and M 
contribute 6.67% and 5.48%, respectively. Na/Al and 
Si/Al have smaller contributions of 2.42% and 1.92%. 
The ranking is also broadly consistent between the 
training and independent-test subsets. For example, 
the normalized importance of GGBS is 41.01% in the 
training data and 47.57% in the independent test data. 
PI remains the second most influential variable in both 
subsets. This agreement indicates that the main 
feature hierarchy is not limited to the training 
observations. Ngo et al. [28] also identified GGBFS as 
the dominant SHAP predictor, followed by liquid limit 
and A/B. Abdullah et al. [29] similarly ranked GGBS 
first, but their cosine-amplitude analysis assigned 
greater importance to Na/Al and M. In contrast, the 
present GEP-based SHAP analysis ranked PI and FA 
second and third. These differences reflect distinct 
predictor sets, model structures, interpretation methods, 
and sampling distributions. 

To examine the response patterns in more detail, 
SHAP dependence plots were generated for the four 
most influential variables. These results are shown in 
Figure 12. The point colors indicate the value of a 
selected interacting variable. 

The GGBS dependence plot shows a clear increase 
in SHAP contribution as GGBS content increases. At 

 
Figure 10: SHAP summary plot of the GEP model. Higher GGBS values generally increase predicted UCS, whereas higher PI 
and FA values show predominantly negative contributions. Colors indicate feature values. 
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low contents, the contributions are predominantly 
negative. They become positive at intermediate levels 
and rise strongly toward the upper end of the observed 
range. The color pattern also indicates that PI modifies 
this response, which is consistent with the GGBS-PI 
interaction in the explicit GEP equation. 

PI exhibits a clear inverse response. The lowest PI 
level is associated with positive SHAP values, whereas 
intermediate and high PI values produce increasingly 
negative contributions. The color distribution again 
indicates interaction with GGBS. FA shows a 
predominantly negative response as its content 
increases. In contrast, A/B displays a positive stepwise 

response. The clustered A/B pattern mainly reflects the 
discrete experimental levels available in the database. 

The SHAP ranking was finally compared with the 
multi-point OAT sensitivity results, as shown in Figure 
13. 

Figure 13 displays that both methods identify GGBS 
as the most influential input. Its normalized importance 
is 45.43% in the OAT analysis and 42.40% in SHAP. 
The main difference appears for PI and FA. OAT 
assigns 26.10% importance to FA and 10.84% to PI, 
whereas SHAP assigns 15.89% to FA and 25.22% to 
PI. This difference does not indicate a contradiction 

 
Figure 11: Normalized global SHAP importance of the GEP inputs. GGBS dominates (42.40%), followed by PI (25.22%) and FA 
(15.89%). 

 

 
Figure 12: SHAP dependence plots showing increasing model contributions with GGBS, predominantly negative responses to 
higher PI and FA, and positive contributions at higher A/B levels. Colors indicate interacting feature values. 
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between the two methods. Multi-point OAT measures 
the response of the model to controlled changes in one 
variable while the remaining inputs are held fixed. 
SHAP distributes each prediction among the input 
variables over the observed data space and reflects the 
model structure and feature combinations. The two 
approaches therefore describe different aspects of the 
GEP response. Overall, both analyses consistently 
identify GGBS as the dominant input in the selected 
GEP model. They also show that PI and FA have 
important but directionally different roles. Higher GGBS 
generally increases the predicted UCS, whereas higher 
PI and FA tend to reduce it. A/B and M have smaller 
positive contributions, while Na/Al and Si/Al show 
weaker global effects. These findings explain the 
behavior learned by the GEP model and should not be 
interpreted as direct evidence of physical causality. 

3.4.3. Sensitivity of Model Interpretations to 
Sampling Distribution and Feature Dependence 

The sensitivity of the GEP interpretation results to 
non-uniform sampling and correlated input variables 
was further examined. Among the 216 training 
observations, 165 (76.4%) had zero FA content. Under 
the original training distribution, SHAP assigned 
importance values of 25.82% to PI and 16.46% to FA. 
When the two FA strata (FA = 0 and FA > 0) were 
assigned equal weights in the aggregation of feature 
importance, these values changed to 22.02% and 
22.82%, respectively. The corresponding OAT 
importance values changed from 10.84% and 26.10% 
to 9.90% and 28.19%. GGBS remained the most 
influential variable under both weighting schemes. 
Figure 14 compares the normalized SHAP and OAT 
importance values obtained under the original empirical 

sampling distribution and the FA-stratified balanced 
weighting scheme. The balanced weighting represents 
a sensitivity scenario rather than the original 
experimental sampling distribution. 

The discrepancy between the PI and FA rankings 
was particularly evident under the original training 
distribution. SHAP ranked PI above FA (25.82% versus 
16.46%), whereas OAT ranked FA above PI (26.10% 
versus 10.84%). After FA-stratified balancing, the 
SHAP ranking was reversed, although the importance 
values of FA (22.82%) and PI (22.02%) became nearly 
equal. In contrast, the OAT ranking remained 
unchanged. These findings demonstrate that the 
disagreement between the two methods is sensitive to 
sample weighting. However, this sensitivity does not 
fully explain the discrepancy, because SHAP and OAT 
quantify different aspects of the fitted model. Their 
importance rankings should therefore not be 
interpreted as definitive measures of physical variable 
influence. 

Feature dependence was further examined using 
grouped SHAP analysis. The FA–Si/Al and A/B–Na/Al 
pairs exhibited correlations of 0.83 and 0.71, 
respectively, in the original dataset. The corresponding 
VIF values for Si/Al and Na/Al were 4.32 and 4.11, 
indicating moderate structural dependence. The FA–
Si/Al and A/B–Na/Al groups accounted for 17.59% and 
5.32% of the normalized group-level importance, 
respectively. These values represent joint group 
attributions rather than the sums of individual SHAP 
importance values. Grouping correlated predictors 
allows their joint contributions to be examined but does 
not fully eliminate the interpretive limitations associated 
with feature dependence. 

 
Figure 13: Comparison of OAT and SHAP importance for the GEP model. GGBS dominates both methods (45.43% and 
42.40%), reflecting its strong perturbation response and prediction contribution. FA ranks second in OAT, whereas PI ranks 
second in SHAP. 
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Additional OAT diagnostics showed that 39.35% of 
FA perturbations were clipped to the marginal training 
bounds, while 56.02% remained within the observed 
pairwise conditional range associated with Si/Al. This 
indicates that some controlled perturbations had limited 
support in the observed joint input space, even when 
individual variable bounds were respected. 

These findings indicate that GGBS importance was 
comparatively stable across the examined scenarios, 
whereas the relative importance of PI and FA was 
sensitive to sample weighting. Correlated input 
variables and limited empirical support for some OAT 
perturbations complicate the interpretation of individual 
importance rankings. Therefore, the reported 
importance values should be interpreted as model- and 
distribution-dependent measures rather than direct 
evidence of physical causality. The differences from 
previous studies should also be considered in relation 
to soil characteristics, binder chemistry, and activation 
conditions. In particular, the high proportion of zero-FA 
mixtures and the correlation between FA and Si/Al may 
affect the importance assigned to FA. Therefore, the 
negative FA response observed in the present GEP 
model should not be generalized to other geopolymer 
formulations. 

3.5. Prediction Error Diagnostics of the GEP Model 

To further assess predictive reliability, additional 
error diagnostics were performed using the 54 held-out 
test observations. Particular attention was given to 26 
low-strength specimens with measured UCS ≤ 0.5 MPa. 
This threshold was used for exploratory subgroup 
analysis rather than as an engineering acceptance 

criterion. For these specimens, GEP yielded an MAE of 
0.976 MPa, an RMSE of 1.776 MPa, and a mean bias 
error (MBE) of +0.875 MPa. In contrast, the MBE for 
the 28 higher-strength specimens was −0.940 MPa. 
These opposing biases resulted in a near-zero overall 
MBE of −0.066 MPa. Thus, the overall bias concealed 
systematic differences between strength ranges. 
Although the explicit GEP equation ensured 
non-negative predictions, its positive mean bias in the 
low-strength subgroup indicates that additional 
experimental verification is necessary before applying 
the equation to engineering mixture selection. 

3.6. Engineering Application and Model 
Applicability Domain 

The proposed GEP equation provides a practical 
tool for preliminary screening of geopolymer-stabilized 
soil mixtures. For a given soil and activator system, 
engineers can compare alternative GGBS/FA 
proportions using predicted 28-day UCS and prioritize 
promising mixtures for laboratory verification. This 
decision-oriented application is consistent with the 
mix-design approaches investigated by Maheepala et 
al. [46] and Zhang et al. [20]. 

To evaluate this application, 13 experimentally 
tested mixtures from the 54 held-out observations were 
organized into four groups. Within each group, PI, M, 
A/B, Na/Al, and Si/Al remained constant, while 
precursor contents varied. The GEP equation ranked 
the mixtures without using their measured UCS values 
during selection. 

GEP identified the mixture with the highest 
measured UCS in three groups. In Case 4, all 

 
Figure 14: Sensitivity of GEP feature importance to FA-stratified sample weighting. GGBS remains dominant, whereas balancing 
the FA groups changes the SHAP ranking of PI and FA but preserves their OAT ranking. 
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candidates received zero predictions, preventing a 
unique selection. Thus, the equation can assist in 
prioritizing binder formulations for confirmatory testing 
but shows limited discrimination among 
very-low-strength mixtures. 

The training domain comprised PI = 14.07–88.46%, 
GGBS = 0–50%, FA = 0–20%, M = 4–15 mol/L, A/B = 
0.45–0.85, Na/Al = 0.24–1.98, and Si/Al = 1.49–2.49. 
All 54 test observations satisfied these individual limits, 
although two exceeded the descriptive 95th-percentile 
training nearest-neighbor distance. Therefore, 
applications should consider both the input ranges and 
the support for their combined values. The equation is 
intended for preliminary screening under comparable 
experimental conditions, not direct design approval. 
Laboratory UCS confirmation remains essential, and 
reductions in testing effort or cost have not been 
experimentally quantified. 

3.7. Limitations and Future Research 

The present study has several limitations. First, all 
270 experimental records were obtained from a 
previously published database. Although a held-out 
test set and five-fold evaluation were used, both 
assessments relied on data from the same 
experimental source. Therefore, the reported 
performance reflects internal validation rather than 
external generalization. Consequently, the results 
provide additional evidence of predictive performance 
across stratified partitions but do not establish the 
full-budget stability of the final optimized models. 

Second, the database includes a limited number of 
soil types and predefined mixture conditions. The input 
variables also exhibit non-uniform distributions and 
moderate correlations. These characteristics may limit 
the reliability of predictions beyond the investigated 

data domain. Third, the OAT and SHAP analyses 
describe the behavior of the fitted GEP model. Their 
results should not be interpreted as direct evidence of 
physical causality. 

Future studies should assess the developed models 
using independent experimental datasets. Different soil 
types, precursor compositions, and curing conditions 
should be considered. Group-based validation, 
including leave-one-soil-type-out evaluation, could also 
be applied where sufficient data are available. Further 
research should examine prediction uncertainty and 
model robustness under different experimental 
conditions. These investigations would provide 
stronger evidence of model transferability and support 
the practical application of the proposed framework in 
geotechnical engineering. 

4. CONCLUSIONS 

The present study compared GEP, SVR, RF, and 
GBRT for predicting the UCS of geopolymer-stabilized 
clayey soils. A common database, training–test split, 
and held-out test set were used to provide a consistent 
comparison. The main conclusions are: 

GBRT provided the highest independent-test 
accuracy. It achieved R²=0.9814, RMSE=0.9771 MPa, 
and MAE=0.6080 MPa. RF ranked second, followed by 
SVR and GEP. The results confirm the strong 
predictive capability of ensemble tree-based models for 
the investigated problem.  

The original five-fold evaluation showed a slightly 
higher mean R² for SVR (0.9580 ± 0.0159) than for 
GBRT (0.9524 ± 0.0255). In the supplementary nested 
stratified five-fold analysis, GBRT achieved the highest 
mean R² (0.9555 ± 0.0169) and the lowest mean 
RMSE (1.2838 ± 0.2370 MPa). These findings indicate 

Table 6: Prediction Error Diagnostics for the 26 Low-Strength Test Specimens (UCS ≤ 0.5 MPa) 

Model MAE (MPa) RMSE (MPa) MBE (MPa) 

GEP 0.9762 1.7764 +0.8749 

SVR 0.7260 1.0708 +0.1985 

RF 0.1920 0.2614 +0.1910 

GBRT 0.1756 0.2434 −0.0367 

 
Table 7: Retrospective GEP-Based Screening of Experimentally Tested Mixtures 

Case PI (%) Mixtures Maximum measured UCS (MPa) GEP selection 

1 14.07 4 22.380 Correct 

2 56.46 3 15.690 Correct 

3 88.46 3 6.285 Correct 

4 14.07 3 0.2107 No unique selection 
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that the relative model performance depends partly on 
the validation protocol, while GBRT consistently 
achieved strong predictive accuracy. 

GEP provided a useful compromise between 
predictive capability and engineering transparency. 
Although its independent-test R² of 0.9023 was lower 
than those of the black-box models, it generated an 
explicit equation involving all seven input variables. 
GEP was therefore retained as the interpretable model 
rather than being presented as the most accurate 
predictor.  

The multi-point OAT analysis identified GGBS as 
the most influential variable, with a normalized 
importance of 45.43%. FA ranked second at 26.10%, 
followed by PI at 10.84%. The GEP model showed a 
positive response to GGBS and predominantly 
negative responses to PI and FA within the 
investigated data domain. These trends depend on the 
sampled mixture compositions and activation 
conditions and should not be generalized. 

The SHAP analysis independently confirmed the 
dominant role of GGBS. Its normalized SHAP 
importance was 42.40%, followed by PI at 25.22% and 
FA at 15.89%. These three variables together 
accounted for approximately 83.5% of the total SHAP 
importance. A/B and M showed smaller contributions, 
while Na/Al and Si/Al had relatively weak global effects.  

OAT and SHAP provided complementary 
interpretations rather than identical rankings. Both 
methods identified GGBS as the dominant input, but 
OAT assigned greater importance to FA, whereas 
SHAP gave a larger contribution to PI. This difference 
arises because OAT measures model response under 
controlled perturbations, while SHAP distributes 
individual predictions among the input variables over 
the observed data space.  

Overall, the results show that predictive accuracy 
and interpretability should be treated as related but 
distinct objectives. GBRT is preferred when predictive 
accuracy is the primary objective, whereas GEP offers 
an interpretable, data-driven equation for examining 
UCS predictions. The combined use of GEP, OAT, and 
SHAP also provides a clearer description of the learned 
relationships than any single interpretation method 
alone. The identified effects should, however, be 
interpreted within the range and structure of the 
present database and should not be considered direct 
evidence of physical causality.  
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