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Highlights: 

 Compared five XAI methods for predicting concrete elastic modulus under freeze–thaw cycles. 
 GAMI-Net showed the highest accuracy and strongest interpretability. 
 Freeze–thaw cycles and water content were identified as key factors in degradation. 
 Heatmaps from GAMI-Net/EBM offered clearer interaction insights than SHAP. 
 GAMI-Net is proposed as a reliable tool for designing frost-resistant concrete. 

Abstract: The application of explainable artificial intelligence (XAI) in civil engineering has garnered 
increasing attention due to its ability to enhance transparency in machine learning (ML) models for 
material behavior prediction. However, the comparative performance and interpretability of various XAI 
models in predicting concrete properties under freeze–thaw degradation remain underexplored. This 
study presents a comprehensive evaluation of five XAI approaches: GAMI-Net, Explainable Boosting 
Machine (EBM), SHapley Additive exPlanations (SHAP), Local Interpretable Model-agnostic 
Explanations (LIME), and Shapash, for predicting the elastic dynamic modulus of concrete subjected to 
freeze–thaw cycles. Using a dataset comprising 347 concrete test records, three predictive models 
(GAMI-Net, EBM, and XGBoost) were developed, with post-hoc explanations applied to XGBoost 
outputs. Model performance was assessed through accuracy metrics and interpretability analyses, 
including feature importance ranking, global and local explanation visualizations, and dependence plots. 
The results reveal that GAMI-Net achieved the best overall performance (RMSE = 0.04, R² = 0.95) and 
provided the most stable and physically consistent interpretations. Freeze–thaw cycles and water content 
were identified as the most critical factors, with their interaction accounting for the greatest influence on 
concrete degradation. Two-dimensional heatmaps from GAMI-Net and EBM offered more intuitive 
interaction insights compared to SHAP-based visualizations. This study contributes theoretically by 
validating the efficacy of inherently interpretable models for materials science applications and 
practically by proposing GAMI-Net as a robust decision-support tool for frost-resistant concrete design. 
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Future research should address data limitations, extend interpretability frameworks to time-dependent 
degradation, and explore uncertainty quantification for broader real-world deployment. 

Keywords: concrete; machine learning; interpretability; feature importance analysis; visualization; 
freeze-thaw resistance 

1. Introduction 

Machine learning (ML) serves as a vital component of artificial intelligence (AI), capable of identifying 
critical patterns within complex datasets to drive advancements across industries [1,2]. In civil 
engineering, ML has significant applications in structural health monitoring, concrete mix design 
optimization, and material behavior prediction modeling [3,4]. ML algorithms like decision trees [5], 
support vector machines [6], and random forests [7] have demonstrated practical value in construction 
workflows. These algorithms could assist engineers in distilling actionable insights from expansive 
datasets, enabling refined material selection and design strategies. For example, Luckey et al. [8] 
highlighted the integration of ML within smart city frameworks, with specific reference to its enhancement 
of civil engineering processes. Van Quan Tran et al. [9] applied artificial neural network (ANN) and 
cuckoo search methods to predict the compressive strength of recycled concrete based on a large amount 
of experimental data in the literature. Endzhievskaya [10] used random forests and decision tree 
algorithms to study the influence of concrete composition on the physical-mechanical properties of 
road concrete, where the most important factor affecting concrete structural strength was the coarse 
aggregate, whose size normally ranges from 5mm to 20 mm. Al Musawi et al. [11] used the support 
vector regression with firefly optimization algorithm (SVR-FFA) to predict the shear strength in steel 
fiber-reinforced concrete (SFRC) beams, analyzing geometric parameters and reinforcement mechanical 
properties. Their findings indicate the model effectively estimates structural shear capacity. Su et al. [12] 
explored chloride ion distribution in basalt-polypropylene fiber-reinforced concrete (BPFRC) under salt 
fog conditions, evaluating strength, fiber ratios, and mixing techniques. Experimental data revealed that 
0.1% fiber content reduced chloride resistance, whereas 0.2% fiber inclusion elevated chloride 
concentrations within the composite material. 

However, ML algorithms increasingly focus on operational decision-making, exposing a core 
limitation, such as the inherent lack of interpretability in their decision-making mechanisms. While these 
models demonstrate strong predictive performance, relying on them without understanding their internal 
logic can lead to predictions that lack alignment with the underlying material physics. For example, high 
feature importance assigned to parameters like curing time may obscure factors such as hydration 
kinetics. Traditional models often operate as “black boxes”, providing little or no interpretation of their 
internal decision-making process [13]. This opacity becomes critical in engineering disciplines that 
require transparent and logical decision, particularly civil engineering. [14]. Despite advancements in 
ML applications for civil engineering, model interpretation still remains a barrier to practical 
deployment. The rise of explainable AI (XAI) addresses this issue by decoding complex decision 
networks through systematic internal logic and operational patterns. It has been reported that XAI 
bridges computational accuracy and human analysis through interpretable algorithms that clarify 
conclusion formation [15,16]. In civil engineering, XAI could convert ambiguous predictions into 
reliable frameworks which are crucial when infrastructure reliability requires a traceable decision path. 
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Its transparency can enable engineers, project managers, and supervisors to understand the prediction 
process [17], making it possible to establish safe and reliable decisions. 

Transparent predictive methods are crucial for assessing concrete’s dynamic elastic modulus and 
frost resistance, particularly in environments prone to severe climatic fluctuations [18,19]. In cold 
regions, infrastructure is frequently exposed to freeze–thaw cycles, which progressively compromise 
structural integrity and reduce service life [20,21]. Accurate evaluation of the elastic modulus enables 
effective monitoring of material degradation and durability performance [22]. However, many 
conventional algorithms provide limited insight into how input parameters, such as mix proportions, curing 
conditions, or environmental conditions, influence predictions. This opacity restricts their value for 
materials engineering applications. To address this limitation, it is essential to employ models that not only 
predict performance accurately but also reveal the underlying relationships among variables. For example, 
elucidating how hydration kinetics interact with freeze–thaw effects can inform the optimization of 
concrete mix designs. Such interpretability not only enhances the reliability of model outputs but also 
supports the development of more durable, cost-effective concrete for cold climate applications. 

XAI development prioritizes techniques that decode how models generate predictions and 
untangle complex computational processes. Dominant approaches include SHapley Additive 
exPlanations (SHAP) [23] and Local Interpretable Model-agnostic Explanations (LIME) [24]. These 
frameworks dissect input variable impacts on prediction outcomes through detailed interpretations. 
These methods could equip practitioners to manage model complexities, ensuring reliable and rational 
outcomes [25]. For example, Cui et al. [26] employed SHAP to analyze household and building features, 
quantifying their contributions to residential energy consumption patterns across the United States. 
Notably, XAI’s capabilities extend beyond material property evaluation, to addressing diverse challenges 
in civil engineering through interpretable computational analysis. Elhishi et al. [27] demonstrated how 
XAI clarifies intricate predictive models for concrete strength estimation, establishing systematic 
frameworks for science-driven material validation and certification protocols. The adaptability of XAI 
extends to earthquake risk evaluation. For instance, Jena et al. [28] studied how interpretable models could 
uncover seismic event likelihood patterns to guide proactive infrastructure planning and urban design 
strategies. Similarly, Zhan et al. [29] introduced counterfactual explanations within XAI paradigms to 
strengthen risk-informed decision-making in construction management. A comprehensive analysis of 
current XAI research in civil engineering highlights its transformative potential across the field. In 
summary, XAI can enhance design quality, safety, and sustainability in civil engineering projects. 

Remarkably, XAI has demonstrated significant potential for predicting concrete performance in 
civil engineering. Chakraborty et al. [30] analyzed the compressive behavior of high-performance 
concrete by calculating Shapley values to quantify feature contributions toward individual predictions. 
Zhao et al. [31] developed an integrated ML framework combining predictive and explanatory 
capabilities, enabling simultaneous assessment of compressive strength and flowability in cement-based 
grouting materials. Zeng et al. [32] explored the role of deep learning for interpretive features in the 
development of concrete strength and the interactions between various features in influencing concrete 
performance. Cakiroglu et al. [33] employed seven different ML models to predict the axial compression 
capacity of concrete-filled steel tubular columns, providing explanations for each model’s predictive 
outcomes. Kulasooriya et al. [34] utilized ML to predict the compressive, tensile, and flexural 
strength of basalt fiber-reinforced concrete and employed XAI methods to illuminate these 
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predictions. Aladsani et al. [35] applied explainable ML techniques to assess the bond strength between 
concrete and corroded reinforcement, as well as the service and structural performance of corroded RC 
components. Indeed, XAI holds considerable advantages in elucidating the intricate relationships 
between materials and structural performance within concrete structural engineering. Similarly, the frost 
resistance of concrete is also affected by complex factors such as moisture content, water-cement ratio, 
aggregate size, and the number of freeze-thaw cycles [36–38]. Given the critical impact of frost damage 
on structural integrity and longevity, especially in colder climates, obtaining accurate predictions is not 
just an academic interest but also a practical necessity [39,40]. Although XAI provides transparency in 
model decision-making, the variety of inherent explanatory models to post-hoc explanation tools and their 
respective strengths and weaknesses requires further clarification. Therefore, a thorough analysis of 
the interpretability capabilities of these methods is crucial to ensure the effective application of XAI in 
real-world scenarios. Despite the recent application of XAI, there are still some limitations. First, many 
studies failed to fully consider the trade-off between model accuracy and interpretability when 
interpreting models, making it difficult to find a balance point in practical applications. Second, the 
datasets used in previous studies often have limitations and cannot fully reflect the complexity of 
concrete performance [41–48]. Table 1 summarizes previous studies of different XAI applications for 
predicting concrete materials.  

Table 1. Comparison of key studies on explainable XAI applications in predicting concrete properties. 

Study Material type Target property XAI methods Key findings 

[30] 
High-performance 

concrete 
Compressive strength SHAP Identified key features affecting compressive 

strength, providing local explanations for each 
instance. 

[31] Cement-based 
grouting materials 

Compressive strength, 
flowability 

Integrated ML with 
SHAP 

Developed a hybrid XAI framework to explain 
variations in cementitious material properties. 

[32] Concrete Compressive strength Deep learning + 
SHAP 

Used deep learning models with XAI to reveal 
feature interactions in predicting concrete strength. 

[33] Concrete-filled steel 
tubular columns 

Axial compression 
capacity 

Multiple ML models + 
SHAP 

Compared seven ML models and explained their 
predictive performance using SHAP. 

[34] Basalt fiber 
reinforced concrete 

Compressive, tensile, 
and flexural strength 

Multiple XAI methods Developed a graphical interface for practical use of 
XAI in predicting concrete properties. 

[35] Reinforced concrete 
walls 

Drift capacity Explainable ML Applied XAI to assess the bond strength and 
structural performance of corroded RC components. 

This 
study 

Concrete (Freeze-
thaw experiments) 

Elastic dynamic 
modulus 

GAMI-Net, EBM, 
SHAP, LIME, 

Shapash 

Compared multiple XAI models, highlighting 
GAMI-Net’s advantage in interpretability and 

predictive performance. 

Given the above, this study aims to conduct a comprehensive comparative analysis of five XAI methods: 
GAMI-Net, EBM, SHAP, LIME, and Shapash, for predicting the elastic dynamic modulus of concrete 
subjected to freeze–thaw cycles. Specifically, three predictive methods were employed: GAMI-Net and 
EBM, which are intrinsically interpretable, and XGBoost, a high-performing method whose outputs 
were interpreted using the post-hoc tools SHAP, LIME, and Shapash. The interpretability of these 
methods is evaluated from multiple perspectives, including transparency model training, prediction 
accuracy, feature importance rankings, and global, local, and dependency-based explanations. By 
comparing both inherently interpretable models and post-hoc explanation frameworks, this study aims 



Smart Constr.  Article 

 5 

to identify the most effective and practically applicable tools for transparent prediction of concrete 
performance. The findings are expected to support the selection of interpretable machine learning 
methods in civil engineering, contributing to more reliable, explainable, and physically grounded 
decision-making in material design and durability assessment. 

2. Methodology 

2.1. Explainable methods 

This study employs three distinct machine learning algorithms for prediction: GAMI-Net [49], EBM [50], 
and XGBoost [51]. GAMI-Net and EBM are inherently interpretable models, designed with transparent 
internal structures that reveal their decision logic. In contrast, XGBoost is a widely adopted high-performance 
algorithm that lacks built-in interpretability. To address this limitation, three post-hoc interpretability 
frameworks are applied specifically to the trained XGBoost model: SHAP [23], LIME [24], and Shapash [52]. 
These tools are not predictive models themselves; rather, they are used to analyze and explain the output 
of complex, opaque models. This approach enables a direct comparison between inherently interpretable 
models such as GAMI-Net and EBM, and XGBoost enhanced with post-hoc explanations, providing a 
comprehensive assessment of interpretability across different methodological approaches. 

2.1.1. GAMI-Net 

The GAMI-Net model, developed by Yang et al. [49], integrates structured interactions with generalized 
additive models using an explainable neural network (xNN) architecture [53]. It explicitly models the 
main effects and selected pairwise interactions using structured subnetwork components, each assigned 
learnable parameters that contribute to the final prediction. Interconnected subnetworks composed of input 
nodes effectively capture these additive and interactive effects, which are then aggregated to generate the 
output. GAMI-Net enhances interpretability through intuitive visualizations such as single-variable plots 
and interaction heatmaps. Its ability to deliver accurate predictions while maintaining transparency sets 
it apart from traditional black-box models and other interpretable frameworks [54]. 

The interpretability of the GAMI-Net model is driven by three embedded constraints: sparsity, 
heritability, and marginal clarity, implemented through a structured three-phase training process [49]. In 
the first phase, the model trains, normalizes, and prunes the subnetworks corresponding to main effects. 
The second phase identifies and fits the most significant pairwise interaction subnetworks, followed by 
pruning to reduce model complexity. The final phase jointly fine-tunes all remaining main effects and 
interactions to optimize performance. These constraints and phased training steps collectively enhance 
interpretability by clarifying the relationships between input variables and their combined effects. This 
design not only improves the identifiability of key predictive factors but also maintains high prediction 
accuracy without sacrificing model transparency [55]. 

GAMI-Net derives interpretability from the Importance Ratio (IR) of main effects and pairwise 
interactions, quantifying each variable’s contribution to predictions [56]. The framework employs 
visualization tools such as partial dependence plots, single-axis graphs, and interaction heatmaps. Local 
interpretations further decode decision logic for individual instances. These features collectively expose 
the model’s decision logic, variable significance, and prediction rationale. 
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2.1.2. EBM (Explainable Boosting Machine) 

The Explainable Boosting Machine (EBM [50]) merges the Generalized Additive Model (GAM [57]) 
with gradient boosting via shallow decision trees [58] to address variable relationships. This framework 
precisely quantifies the main effects and interactions in interpretable models. EBM adjusts 
hyperparameters to rank variables and prioritizes critical ones during computation, establishing feature 
importance. Leveraging these techniques, the model generates predictions by leveraging estimated main 
effects and pairwise interactions.  

EBM’s inherent interpretability stems from its main effects and interaction shape functions, which 
provide intuitive visualizations of how individual variables and their combinations correlate with 
predictions [59]. EBM model offers both global and local interpretations for its decision logic and 
outcomes. Global interpretation examines population-level patterns by tracking variables’ collective 
impact across datasets, while local interpretation queries individual variables’ influence on single 
predictions. These interpretability features enable granular understanding of EBM’s predictions at 
multiple scales, making it valuable across domains requiring transparent analytical frameworks. 

2.1.3. XGBoost 

XGBoost [51] enhances the Gradient Boosting Decision Trees (GBDT) with parallelized tree boosting 
algorithms, accelerating training and prediction speeds. Its optimized framework maintains accuracy 
while accelerating iterative refinement, driving broad adoption in applied ML scenarios [60]. 
Regularization constraints are embedded into the objective function to streamline model architecture and 
mitigate overfitting. 

2.1.4. SHAP (SHapley Additive exPlainations) 

Lundberg and Lee [23] proposed the SHAP (SHapley Additive exPlanations) algorithm, interpreting ML 
model outputs through cooperative game theory principles. SHAP constructs an additive model using 
Shapley values from game theory, bridging game theory with local explanations. The algorithm quantifies 
each feature’s contribution to predictions across datasets. For each prediction sample, the model generates 
a prediction value, and the calculation formula for the Shapley value is as in Equation (1). 

ϕi(v) = ∑ |S|!(|N|−|S|−1)!
|N|!S⊆N\{i} (v(S ∪ {xi}) − v(S)) (1) 

Where S is a subset of features used in the model, x is the vector of feature values for the instance 
being explained, N is the number of features, and v(S∪{i}) represents the prediction of subset S with the 
inclusion of feature xi. 

2.1.5. Local Interpretable Model-agnostic Explanations (LIME) 

Ribeiro et al. [24] introduced the Local Interpretable Model-agnostic Explanations (LIME) algorithm to 
produce local explanations for ML model predictions. As a post-hoc interpretability technique, LIME 
builds an interpretable model around related predictions, and its local behavior is similar to that of 
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complex models. LIME compares the approximation between the explainable model g and the original 
model f by minimizing a loss function. The mathematical expression is as Equation (2). 

explanation(x) = argming⊆GL(f, g,πx) + Ω(g) (2) 

Where Ω(g) represents the model complexity of the explanatory model g, G denotes all possible 
explanatory models, and defines the neighborhood of x. 

2.1.6. Shapash 

Shapash is an overlay package specifically designed for model interpretability [52]. It utilizes the Shap 
backend to compute feature contributions. Shapash relies on different steps required to build a ML model to 
make the results easily understandable. It provides visualizations for both global and local interpretability, 
which can be applied to regression, binary classification, or multiclass classification problems. With Shapash, 
data scientists can easily understand their models and share their results, while users can use the most 
influential summaries to comprehend the decisions made by the model. Furthermore, it contributes to data 
science analysis by displaying useful information about the model and data within reports. Based on SHAP 
and LIME, Shapash serves as a convenient and fast method for interpretability. 

2.2. Dataset 

This study compiled 347 concrete test records from experimental investigations and published 
studies [43,47,61,62]. Each entry includes material constituents, cement; blast-furnace slag (BFS); fly ash; 
mixing water; air-entraining agent (AEA); superplasticizer (SP); fine aggregate (FA); and coarse aggregate (CA), 
together with the curing period (time, days) and the number of freeze–thaw (F-T) cycles, with statistical 
characteristics as detailed in Table 2. The output data Y represents the elasticity dynamic modulus of the 
concrete. Figure 1 presents a heatmap illustrating the Pearson correlation coefficients for various 
features, with values ranging between −1 and 1. The sign of the coefficient indicates the direction of the 
correlation, while its absolute magnitude signifies the strength of the relationship. 

Table 2. Statistics of variables in the dataset. 

Item Unit Mean Standard 
deviation Minimum Median Maximum 

Cement kg/m3 401.45 140.44 262 380 875 
BFS kg/m3 27.76 120.23 0 0 839 

Fly Ash kg/m3 81.61 148.39 0 0 610.67 
Water kg/m3 188.82 68.3 144 170 390.83 
AEA kg/m3 0.04 0.19 0 0 2 
SP kg/m3 0.31 1.28 0 0 6.7 
CA kg/m3 558.92 502.19 0 665 1430 
FA kg/m3 365.39 313.09 0 561.83 885 
time days 34.74 12.23 28 28 60 

F-T cycles times 102.79 89.69 0 91 400 
Y % 86.93 19.93 0 94.7 101.8 
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Figure 1. Pearson correlation coefficient of variables in the dataset. 

2.3. Training process 

The process of tuning in ML involves seeking optimal model performance through experimenting with 
various parameter combinations. Common tuning techniques include grid search [63], random search [64], 
and Bayesian optimization [65]. Across different tuning methods, the unified objective is to elevate model 
performance by iteratively fine-tuning parameters, selecting suitable metrics, allocating training time 
effectively, and employing cross-validation for robustness. This study adopted a grid search strategy to 
systematically identify optimal hyperparameter configurations. Specifically, the learning rate was 
configured at 0.0001, pairwise interaction terms were limited to 20, regularization parameters were set to 
0.1, and the random seed was fixed at 3. By exhaustively evaluating predefined parameter combinations 
within specified ranges, grid search effectively locates the parameter set that maximizes model 
effectiveness. Detailed hyperparameter settings are shown in Table 3. Specifically, the GAMI-Net 
implementation was employed to optimize key parameters, including sparsity coefficients and learning 
rates. The optimization objective was formulated as minimizing the negative mean squared error (MSE) 
multiplied by 10, derived from cross-validation scores to emphasize performance stability. 

Figure 3 illustrates the optimization of GAMI-Net, mapping the validation loss against the cumulative 
count of main effects and interactions. Red stars on the graph mark the points of minimum validation loss 
as new effects are added, suggesting optimal quantities for selection. Conversely, red circles denote the 
model’s eventual choice of effects. Figure 3 visualizes GAMI-Net’s training workflow, depicting the 
model’s irrelevant effect pruning process. The illustration highlights interpretability during training phases, 
providing a transparent framework that differentiates it from other models. 



Smart Constr.  Article 

 9 

Table 3. Hyperparameter settings. 

Model Hyperparameter Search range Final value 

GAMI-Net Learning rate 0.00001~ 0.1 0.0001 

GAMI-Net Pairwise interactions 10~30 20 

GAMI-Net Regularization 0.01~0.5 0.1 

GAMI-Net Random seed Fixed 3 

XGBoost Tree depth 4-8 6 

EBM Learning rate 0.00001-0.1 0.01 

  
(a) (b) 

Figure 3. Determining the validation loss of the GAMI-Net model synthesis function.  
(a) Selection of the number of main effects; (b) Selection of the number of interactions. 

EBM optimizes performance by adjusting learning rates, balancing parameter update speed with 
training stability. A lower learning rate stabilizes the model but slows convergence. A higher rate risks 
instability. Tuning involves testing varied learning rates and regularization terms to prevent overfitting. 
EBM initializes parameters, selects problem-specific energy functions, and defines optimization 
algorithms. Iterative computations refine parameters until preset convergence criteria are satisfied. The 
loss function derives from the energy function, minimizing sample energy by reducing loss penalties 
while suppressing noise interference. This iterative refinement sharpens the model’s predictive accuracy.  

XGBoost optimizes through feature subsampling and hyperparameter tuning, such as learning rate, 
number of trees, tree depth, and regularization parameters. During training, the framework iteratively 
builds and refines decision trees via gradient boosting. Early stopping prevents overfitting. Adapting 
loss functions aligns with problem-specific needs. This tuning enhances model robustness and sharpens 
predictive accuracy. 

GAMI-Net, EBM, and XGBoost use distinct parameter-tuning approaches. Each framework 
exhibits unique strengths and constraints. GAMI-Net enhances interpretability through sparsity 
constraints, though this introduces complexity into parameter tuning. EBM stabilizes convergence via 
predefined energy functions, yet selecting optimal functions remains non-trivial. XGBoost leverages 
cross-validation and early stopping to boost efficiency and prevent overfitting, though its expanded 
hyperparameter space increases computational demands during optimization. Despite these challenges, 
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the iterative and adaptive nature of each model’s tuning methodology effectively balances simplicity 
with predictive capability.  

3. Results 

3.1. Model accuracy evaluation 

A 10-fold cross-validation strategy was employed to ensure robust performance evaluation. The RMSE 
and R²values reported in Figure 4 represent the average across all folds, with standard deviations 
provided to quantify variability. To standardize goodness-of-fit assessment, this study prioritized RMSE 
due to its sensitivity to outliers in material property prediction, supplemented by R² for variance 
explanation. This dual-metric approach avoids reliance on subjective judgment. The analysis presented in 
Figure 4 showcases the predictive capabilities of the three ML models. The R² values, 0.95 for GAMI-Net, 
0.97 for EBM, and 0.96 for XGBoost, demonstrate that all models explain a substantial proportion of the 
variance in the test sets, affirming their effectiveness in capturing the underlying data patterns. However, 
when examining the root mean square errors (RMSE), there’s a notable disparity. GAMI-Net’s RMSE of 
0.04 is significantly lower than that of EBM(3.36) and XGBoost(3.99). EBM and XGBoost produce 
reliable predictions. GAMI-Net achieves higher accuracy, which this possibly due to its ability to better 
generalize or leverage more suitable constraints for the given data. 

 

Figure 4. Prediction accuracy of three ML models. 

3.2. Feature importance ranking 

ML models generate feature importance rankings to clarify decision-making patterns. These rankings 
reveal how variables influence predictions. GAMI-Net identifies freeze-thaw cycles and water content 
as primary factors affecting concrete’s dynamic elastic modulus (Figure 5a), aligning with experimental 
results. Increased freeze-thaw exposure degrades performance. Higher water content reduces modulus 
values. The model also quantifies secondary factors. Moderate slag content enhances durability, while 
excessive amounts weaken concrete properties. These insights validate model accuracy and guide 
material selection in engineering applications. 

The overall interpretation of the GAMI-Net model, as shown in Figure 5a, systematically ranks main 
effects and pairwise interactions by evaluating each variable’s predictive contribution through 
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importance ratios (IR). The vertical axis lists features, while the horizontal axis displays IR values 
normalized to sum to 1. The model ranks the significance of predictions based on their IRs. EBM calculates 
feature importance rankings based on calculating importance rankings through average contribution scores 
across training samples, as illustrated in Figure 5b. The horizontal axis quantifies each feature’s predictive 
contribution, and the vertical axis orders features by descending contribution values. This also includes 
feature interactions, where the interaction between two features occurs after isolating individual 
contributions to the prediction. XGBoost’s feature importance ranking is based on the number of times a 
feature is used for splitting across all trees, as depicted in Figure 5c. The ranking is done in descending 
order of importance. SHAP and Shapash calculate feature importance rankings based on the average 
absolute SHAP values of each feature. Figures 5d,e show the importance rankings of each feature from 
highest to lowest using SHAP and Shapash methods on an XGBoost model. 

Figure 5a illustrates the main factors influencing the dynamic elastic modulus, with the paired 
interaction between water and freeze-thaw cycles and the number of freeze-thaw cycles being the 
primary influencing factor. In freeze-thaw tests, water and the number of F-T cycles are the main 
influencing factors, and excessive freeze-thaw cycles can cause significant damage to concrete. 
Therefore, the paired interaction of these two factors substantially impacts concrete’s dynamic elastic 
modulus. Additionally, an increase in the number of F-T cycles leads to a decrease in the concrete 
dynamic elastic modulus. It should be noted that different outputs may have different rankings of input 
variable importance. Analyzing the importance of global features helps us understand the main factors 
influencing concrete performance and further analyze the prediction results. Table 4 presents the top ten 
important effects of the model outputs in the experiment. Both SHAP and Shapash adopt the same 
calculation method for importance, producing identical results. As shown in Table 4, in the experiment 
on dynamic elastic modulus, the major features identified by GAMI-Net are the combined interaction 
between F-T cycles and water, as well as the number of F-T cycles. For EBM, the primary features are 
the number of F-T cycles and the interaction term between water and F-T cycles. XGBoost highlights 
the importance of fine aggregate and air entrainment. SHAP identifies the number of freeze-thaw cycles 
and water as the primary features. 

It can be observed that due to the different calculation methods for feature importance in each model, 
there are variations in the ranking of feature importance. However, the top-ranked features in each set 
of experiments are generally consistent. For example, in the experiment on dynamic elastic modulus, the 
number of F-T cycles, water, and blast furnace slag are identified as important factors affecting the 
corresponding concrete performance [66]. Therefore, each model can provide reasonably accurate 
results regarding the most influential features on the prediction outcomes. The importance of ranking 
may vary based on different criteria, often relying on researchers’ personal experience. The feature 
importance ranking of the GAMI-Net model is calculated based on the contribution of each variable to 
the overall prediction. The calculation of importance ratios is based on the empirical distribution of 
explanatory variables rather than assuming that all variables are independent and uniformly distributed. 
This approach yields more reliable results. Moreover, GAMI-Net’s importance ranking demonstrates 
strong consistency with real-world concrete behavior patterns. This preference for GAMI-Net is further 
supported by its structural design. Unlike tree-based models such as XGBoost, which rely on the 
frequency of feature splits across many decision trees, GAMI-Net assigns feature importance by 
modeling both main and interaction effects using an interpretable additive framework. This allows it to 
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better capture underlying dependencies between various variables, especially in concrete performances, 
which often result from the coupling of multiple factors. The stability of GAMI-Net’s ranking is not 
only rooted in its algorithmic logic but also reflects its alignment with physical understanding, as 
observed in how it consistently highlights water content and F-T cycles as dominant features influencing 
the dynamic modulus performance of concrete. Such consistency makes it a reliable choice for feature 
importance analysis in engineering applications. Consequently, we choose to trust GAMI-Net’s feature 
importance ranking in this study. Before model training, all input variables were standardized to enable 
a consistent basis for interpreting feature importance across different models. 

  
(a) (b) 

   
(c) (d) (e) 

Figure 5. Feature importance ranking of the models. (a) GAMI-Net; (b) EBM; (c) XGBoost; 
(d) SHAP; (e) Shapash. 

Table 4. Rank of characteristic importance of elasticity dynamic modulus. 

Rank GAMI-Net EBM XGBoost SHAP/Shapash 

1 Water vs. F-T cycles F-T cycles FA F-T cycles 
2 F-T cycles Water vs. F-T cycles AEA Water 
3 BFS Cement vs. F-T cycles Water FA 
4 Fly Ash Water BFS CA 
5 Cement Cement time BFS 
6 time Fly Ash CA Cement 
7 FA Fly Ash vs. F-T cycles F-T cycles AEA 
8 Cement vs. F-T cycles AEA Cement time 
9 CA vs. F-T cycles CA Fly Ash Fly Ash 

10 CA FA SP SP 
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3.3. Global interpretation 

Furthermore, GAMI-Net produces partial dependence visualizations. Single-variable relationships in 
main effects are displayed through linear graphs, while dual-variable interaction effects are represented 
using heatmaps. As shown in Figure 6, in linear plots, vertical coordinates quantify feature contributions 
to predictions, with horizontal positions indicating feature variables. Heatmaps arrange primary 
interaction variables horizontally, with secondary variables plotted vertically to visualize combined 
influences. Heatmap color gradients directly correlate with interaction significance, where elevated 
luminosity levels denote stronger combined variable influences on prediction outcomes. In the graph, 
each main effect or pairwise interaction is arranged in descending order of importance. 

Figure 6 shows GAMI-Net’s global interpretation for predicting concrete’s dynamic elastic 
modulus. It can be observed that an increase in F-T cycles leads to a reduction in the concrete’s dynamic 
elastic modulus, aligning with established experimental findings on F-T concrete behavior [62,66,67]. 
The inclusion of a small amount of blast furnace slag slightly improves the performance of concrete, 
while excessive inclusion results in a decrease in performance [68]. With the increase of fly ash content, 
the concrete dynamic elastic modulus increases first and then decreases. Fly ash content can improve 
the workability of the concrete mixture and reduce the required mixing water, thus increasing the 
concrete dynamic elastic modulus to some extent while maintaining concrete strength. However, 
excessive addition of fly ash reduces the water-to-cement ratio and decreases the performance of 
concrete [69]. In summary, GAMI-Net’s global interpretation allows for clarification of the impact of 
main factors on the prediction results and provides insights into the correlations between various 
variables and the performance of concrete. 

   

(a) (b) (c) 

Figure 6. Global interpretation of the GAMI-Net model. (a) F-T cycles ;(b) BFS; (c) Fly Ash. 

EBM, SHAP, and Shapash can also provide global explanations for predictive results. As shown in 
Figure 7, EBM provides global explanations by selecting some of the top main effects based on their 
feature importance rankings. For each effect, the line plot above shows the feature’s contribution, where 
the gray band represents the prediction accuracy. The corresponding bar chart below represents the data 
distribution of the variable, and the trend analysis of each feature’s impact on the prediction result can 
be derived from analyzing the line plot. 

Figure 8a illustrates the global explanation using SHAP. Each row represents a feature, and the x-axis 
represents the SHAP value. Each point represents a sample, and the color indicates the feature value (red 
for high, blue for low). For example, in Figure 8a, there is a negative correlation between water and 
freeze-thaw cycles and elasticity dynamic modulus. The global explanations provided by SHAP are 
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consistent with those provided by GAMI-Net. In the interaction plot shown in Figure 8b, the diagonal 
represents the main effect of a particular feature, while the off-diagonal elements represent the pairwise 
interaction effects between the feature and other features. The focus is mainly on the diagonal, which helps 
explain the relationship between individual features and the label. In each subplot, the x-axis represents 
the SHAP value, with each point representing a sample. The number of samples is stacked vertically, and 
the color represents the feature value corresponding to the vertical line. Taking the first row as an example, 
the sum of the SHAP values across the entire row represents the SHAP value of that feature. 

  
(a) (b) 

  
(c) (d) 

Figure 7. Global interpretation of the EBM model. (a) F-T cycles; (b) Water; (c) Cement;  
(d) Fly Ash. 

 
 

(a) (d) 

Figure 8. Global interpretation of the SHAP model. (a) Global explanation; (b) Interaction plot. 

Figure 9 shows the global explanation using Shapash. Each point represents a sample, and the color 
depth of the sample point represents the magnitude of the predicted value. The x-axis represents the number 
of effects, and the y-axis represents the impact of each effect on the prediction result in the corresponding 
sample. The trend analysis of each feature’s impact on the prediction result can be derived from the 
distribution trend of the sample points. Shapash treats features such as curing time and coarse aggregate, 
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which have concentrated data distributions, as categorical variables. The distribution trend of sample points 
follows the same principle as SHAP, but compared to SHAP, where the trend can only be determined by 
color changes, the trend plot of sample points in Shapash is more intuitive and easier to analyze. 

 

  
(a) (b) 

  
(c) (d) 

Figure 9. Global interpretation of the Shapash model. (a) F-T cycles; (b) Water; (c) FA; (d) Cement. 

By comparison, the sample-based global explanations provided by SHAP and Shapash can reveal 
the relationship between each effect and the prediction result. However, when there is missing data for 
certain features, they may not provide reliable explanations. On the other hand, the one-dimensional line 
plots and two-dimensional heatmaps provided by GAMI-Net are easier to understand compared to the 
global explanations of SHAP and Shapash. They allow for a more intuitive and rapid analysis of the 
prediction results. Although EBM can provide explanations like GAMI-Net, it exhibits significant 
fluctuations when the prediction results undergo substantial changes, and it struggles to explain such 
situations. For example, in Figure 7, it is difficult to directly understand the variation trend of elasticity 
dynamic modulus with the amount of water from the line plot. In contrast, due to its smooth and 
continuous fit model, GAMI-Net does not encounter these issues. Additionally, the main effects and 
pairwise interactions selected by GAMI-Net are automatically pruned by the model, which simplifies 
the complexity of the model and further improves its interpretability. In addition to its visual 
interpretability, the algorithmic design of GAMI-Net also plays a key role in its advantage for global 
explanation in this study. Unlike models that rely only on post-hoc analysis, GAMI-Net inherently 
embeds interpretability into its architecture by modeling additive and pairwise interactions in a 
structured and continuous manner. This design ensures that feature effects are captured as smooth and 
coherent functions, making it easier to trace meaningful trends across varying input parameters. 
Particularly in concrete performance-related problems, where nonlinear behavior arises from multiple 
interdependent variables, the ability to preserve stable global patterns becomes essential. As seen in 
Figure 6, the monotonic and smooth profiles generated by GAMI-Net align well with physical 
expectations, avoiding the abrupt transitions observed in EBM or the point-based scatter of SHAP. This 
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stable trend is not simply an artifact of the modeling process, but a reflection of underlying material 
behavior. Therefore, in terms of global explanations, GAMI-Net is superior. 

3.4. Local interpretation 

GAMI-Net does provide local explanations for predictions by offering detailed contributions of 
individual variables to a single prediction. For a given sample, based on the input values of the features, 
the model can generate the final decision and directly provide the values of each additive component, 
including main effects or pairwise interactions, ranked by importance. This allows for a specific 
understanding of the input’s contribution to the decision. 

Figure 10 illustrates the local interpretation for a test dataset sample point. In the figure, “Intercept” 
represents the intercept of the null model, which is the average value of the outcomes for all samples. 
All model inputs underwent standardization. High-impact features exert substantial influence on 
predictions, displaying the influence of individual features on the predicted values. In Figure 10, the 
actual normalized dynamic elastic modulus value is 0.9374, while the predicted value is 0.9342, 
demonstrating close alignment between computational outputs and empirical observations. 

Figures 11 to 14 provide local explanations provided by several other explainable models, which 
can also explain the decision process of a specific sample point. Figure 11 shows the local explanation 
provided by EBM (Explainable Boosting Machine). The Intercept represents the average value of the 
sample’s outcome. Similar to GAMI-Net, the features are sorted by the absolute value of their impact, 
showing each feature’s influence on the predicted outcome. Figure 12 presents the local explanation 
provided by LIME (Local Interpretable Model-Agnostic Explanations). The left part of Figure 12 
provides the range of predicted values and the predicted value with the highest possibility. The middle 
part shows the impact of each feature on the predicted outcome based on the average value, sorted by 
the absolute value of its impact. The right part displays the magnitude of each feature value. Figure 13 
displays the local explanation provided by SHAP (SHapley Additive exPlanations). The color and 
direction of the arrows represent the direction of the effect, and the length represents the magnitude of 
the effect. The features are sorted by the absolute value of their impact. The explanation starts from the 
bottom and follows the direction of the arrows to reach the predicted value. E[f(x)] represents the average 
predicted value of all samples, while f(x) represents the predicted value of the specific sample. As 
illustrated in Figure 14, Shapash visualizes the local explanations of feature contributions to the prediction 
of a specific sample. The features are sorted in descending order based on their impact magnitude. The 
zero point on the horizontal axis represents the average baseline value of all samples, and the length and 
direction of the feature bars extending from this zero axis quantitatively reflect the degree of each feature’s 
influence on the current sample’s prediction. These explainable models offer different ways to understand 
the decision process and influencing factors of the model for a specific sample. They help us gain better 
insights into the model’s predictions and provide corresponding explanations. 

In the elasticity dynamic modulus test, GAMI-Net, SHAP, LIME, and Shapash all provide local 
explanations for this sample. Analysis revealed that water and cement concentrations consistently 
exerted substantial positive contributions to the predicted modulus values across methodologies. 
Additionally, F-T cycles emerged as the most detrimental factor with pronounced negative influence 
magnitudes. This agreement reinforces the credibility of the local interpretations. Cross-comparative 
analysis indicates that the local explanations are based on the average predicted outcome and the impact 
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of each feature on the prediction, sorted accordingly. While the key influencing factors are generally 
consistent across models, some differences in magnitude and ranking arise. These discrepancies mainly 
stem from the underlying mechanisms of each model. For instance, SHAP and Shapash use additive 
attribution methods based on a model based on small input variations that reveal how each feature 
influences the prediction, whereas GAMI-Net derives local explanations directly from the learned main 
and interaction effects. This allows GAMI-Net to preserve the local contributions of features within its 
interpretable architecture, potentially yielding more stable and physically aligned results. 

The major influencing effects are similar across these models, with only a few differences. These 
differences arise due to variations in the calculation methods of different explainable models and the 
criteria for determining positive or negative impacts of the same input variables in different models. 
However, all these explainable models show similar effects in providing local explanations for a specific 
sample. LIME offers more aesthetically pleasing result visualizations, while Shapash is more user-friendly 
in terms of usability. The local explanations for all test samples in Shapash can be obtained by clicking 
on the sample points in the global explanation chart. In comparison, GAMI-Net’s advantage lies in its 
ability to link local prediction behavior with the model’s structured representation of main and pairwise 
effects. This not only improves transparency, but also supports domain interpretation, especially when 
applied to concrete materials whose responses depend on coupling parameters. 

 

Figure 10. Local interpretation of the GAMI-Net model. 

 

Figure 11. Local interpretation of the EBM model. 
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Figure 12. Local interpretation of the LIME model. 

 

 

 

Figure 13. Local interpretation of the 
SHAP model. 

Figure 14. Local interpretation of the 
Shapash model. 

3.5. Dependence interpretation  

Some explainable ML models can also provide feature dependency graphs based prediction results. 
Figure 15 shows the dependency graph generated by GAMI-Net, which illustrates the joint effects of 
feature interactions on predictions. The interaction between F-T cycles and water indicates that increases 
in both variables lead to a decrease in the dynamic elastic modulus of concrete. Figure 16 presents the 
dependency graph generated by EBM, which exhibits similar effects to those of GAMI-Net. For these 
interaction terms, the x- and y-axes represent the values of the respective features, while the color depth 
reflects the impact of their interactions on prediction outcomes. 

SHAP can also generate feature dependency plots. As shown in Figure 17a, the dependency between 
“Water” and “F-T cycles” is illustrated. Each point represents a sample, with the x-axis showing the 
feature values of “Water” and the y-axis showing the SHAP values of “Water,” while the color scale 
represents the values of “F-T cycles.” It can be observed that when the values of “F-T cycles” are lower 
(blue color), the influence of “Water” is weaker, as reflected by smaller SHAP values. This plot can be 
interpreted together with the global explanation plots by selecting the same axes for a consistent data 
representation. Figure 17b presents the dependency between “Cement” and “F-T cycles.” Unlike the 
paired-effect analysis in GAMI-Net and EBM, SHAP’s dependency plots focus on the marginal 
influence of one feature conditioned on another. These differences stem from the underlying model 
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mechanisms. GAMI-Net employs interpretable additive components with regularized smooth functions, 
ensuring continuity in variable interactions. By contrast, SHAP relies on sampled local approximations. 
In applications such as concrete performance prediction, where feature relationships often evolve 
smoothly with physical parameters, the heatmaps from GAMI-Net and EBM offer clearer 
representations of multivariate dependencies. Such visualizations are particularly valuable for 
identifying nonlinear effects or thresholds critical to structural degradation. 

Through the comparison of feature importance rankings, global explanations, local explanations, 
and dependence explanations provided by different models, it is evident that GAMI-Net, which 
incorporates interpretability constraints such as sparsity, heredity, and marginal clarity, offers superior 
interpretability. These constraints not only guide the identification of critical predictive features but also 
ensure smooth and physically consistent representations at both global and local levels. As a result, 
GAMI-Net provides more reliable feature importance rankings, clearer global explanations, and refined 
local interpretations, thereby enhancing transparency in decision-making. 

  
(a) (b) 

Figure 15. The feature dependency graph provided by the GAMI-Net model. (a) Water 
vs. F-T cycles; (b) Cement vs. F-T cycles. 

 

  
(a) (b) 

Figure 16. The feature dependency graph provided by the EBM model. (a) Water vs. F-T cycles; 
(b) Cement vs. F-T cycles. 
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(a) (b) 

Figure 17. The feature dependency graph provided by the SHAP model. (a) Water vs. F-T 
cycles; (b) Cement vs. F-T cycles. 

The research has further evaluated model performance across both predictive accuracy and 
interpretability metrics. A summary of the basic functionalities of the employed models is presented in 
Table 5. Overall, the comparative analysis of GAMI-Net, EBM, and XGBoost (with SHAP, LIME, and 
Shapash) shows that while all models can achieve comparable predictive accuracy, their interpretability 
differs substantially. GAMI-Net consistently provided the clearest multilevel explanations (feature 
ranking, global, local, and dependence), with constraints such as sparsity and heredity ensuring stable 
and physically meaningful interpretations. EBM also offered reliable interpretability but exhibited 
fluctuations in highly nonlinear regions. SHAP supplemented XGBoost with valuable insights, though 
its local sampling occasionally obscured smooth physical relationships. These findings underscore the 
importance of balancing predictive accuracy with interpretability in civil engineering applications. 

Table 5. Introduction to Explainable ML Models. 

Models Type Predictive 
capability 

Explainable capability 
Feature 

importance 
ranking 

Global 
interpretation 

Local 
interpretation 

Dependence 
interpretation 

GAMI-Net 
Generalized 

Additive Neural 
Network Model 

     

EBM 
Linear Enhanced 

Learning Tree 
Model 

     

XGBoost 
Gradient Boosting 

Decision Tree 
Model 

  -- -- -- 

LIME 
Local Interpretable 

Model-Agnostic 
Explanations 

--  --  -- 

SHAP SHapley Additive 
exPlanations --     

Shapash 
Python library for 

model 
interpretation 

--    -- 
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4. Conclusion 

In this study, three machine learning models, GAMI-Net, EBM, and XGBoost, were evaluated for their 
ability to predict the elastic dynamic modulus of concrete under freeze–thaw conditions. To enhance 
interpretability, three post-hoc explanation tools, SHAP, LIME, and Shapash, were applied to the 
XGBoost model. A dataset comprising 347 sets of concrete freeze–thaw test records was used, with 
input features including cement, BFS, fly ash, water, AEA, SP, FA, CA, curing time, and the number of 
freeze–thaw cycles. The interpretability of GAMI-Net and EBM, as inherently explainable models, was 
compared with that of the XGBoost model supplemented by SHAP, LIME, and Shapash. The 
conclusions are as follows: 

(1) GAMI-Net achieved superior predictive accuracy in terms of RMSE (0.04), outperforming EBM 
(RMSE = 3.36) and XGBoost (RMSE = 3.99), while maintaining a high R² value of 0.95. EBM achieved 
a slightly higher R² value of 0.97 but with a much higher RMSE. GAMI-Net’s structured training process 
and built-in constraints enabled the model to maintain high accuracy while offering smooth, transparent 
interpretations. Compared to SHAP and Shapash, which struggled under data sparsity or abrupt 
prediction transitions, GAMI-Net’s explanations remained stable and physically aligned. EBM also 
provided robust explanations but exhibited noticeable fluctuations in highly nonlinear regions. 

(2) Freeze–thaw cycles and water content are the most influential factors affecting the elastic 
dynamic modulus of concrete. Especially, the interaction between these features, especially under 
different cement and fly ash content, plays a critical role in predicting degradation. This aligns well with 
established physical behavior and highlights the models’ ability to uncover meaningful material-
performance relationships. 

(3) The two-dimensional heatmaps generated by GAMI-Net and EBM provided more intuitive 
insights into feature interactions compared to SHAP-based scatter plots. These visualizations clarified 
how combined variables, such as water content and supplementary cementitious materials, nonlinearly 
influenced performance outcomes, thus enabling more informed engineering decisions. 

The study offers both theoretical and practical contributions as follows. Theoretically, it 
demonstrates how intrinsically interpretable models can preserve physical realism in complex 
multivariable settings, bridging the gap between statistical learning and material science. Practically, it 
highlights GAMI-Net as a reliable decision-support tool for performance forecasting and mixing 
optimization in cold regions. This supports the development of robust, frost-resistant concrete 
formulations and enhances trust in ML-driven durability assessments in infrastructure design and 
maintenance. This supports the development of robust, frost-resistant concrete formulations and 
enhances trust in ML-driven durability assessments in infrastructure design and maintenance. This study 
highlights the inherent trade-off between predictive accuracy and interpretability. While black-box 
models with post-hoc explanations can achieve strong performance, intrinsically interpretable models 
such as GAMI-Net and EBM provide explanations that more closely align with physical mechanisms. 
Bridging this trade-off is essential for ensuring that machine learning predictions in civil engineering are 
not only statistically robust but also scientifically meaningful. Despite its strengths, the study has 
limitations. First, the dataset size may limit the generalizability of the findings across broader material 
systems or more diverse environmental exposures. Second, while GAMI-Net handles interactions 
effectively, the selection of interaction terms is still driven by empirical thresholds that may not capture 
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all nonlinearities. Additionally, the post-hoc methods applied to XGBoost are model-agnostic and may 
introduce inconsistencies when feature interdependencies are complex. Future work should expand the 
dataset by integrating multi-source experimental results and incorporating more robust uncertainty 
quantification methods. Furthermore, incorporating temporal freeze–thaw degradation dynamics and 
damage progression modeling could offer deeper insights into long-term durability under fluctuating 
environmental conditions. Furthermore, from a practical perspective, the deployment of interpretable 
ML models in civil engineering requires careful consideration of data availability, computational cost, 
and integration with existing engineering standards. For instance, real-world projects often involve 
incomplete or noisy monitoring data, which may limit the applicability of models trained on controlled 
laboratory datasets. In addition, the scalability of the proposed methods remains an open challenge. While 
this study demonstrates feasibility on a moderately sized dataset, extending these approaches to large-scale 
infrastructure networks or multi-modal sensing data will require more efficient algorithms and 
parallelizable training strategies. Addressing these challenges in future work is essential to ensure that 
interpretable ML frameworks can transition from experimental validation to reliable tools for large-scale 
engineering practice. 
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