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Development of Design-Oriented Bond Strength Equations for FRP Bars 1 

Embedded in Concrete Exposed to Elevated Temperatures Using Explainable 2 

Machine Learning 3 

ABSTRACT 4 

This study develops a hybrid Whale Optimization Algorithm–Extra Trees Regression (WOA–5 

ETR) model to predict the bond strength of fiber-reinforced polymer (FRP) bars embedded in 6 

concrete under elevated temperatures. A database of 132 pull-out tests from the literature was used 7 

for model training and validation. The WOA was employed to optimize ETR hyperparameters, and 8 

model robustness was assessed through ten independent runs. Model interpretability was enhanced 9 

using SHapley Additive exPlanations (SHAP) and Partial Dependence Plot (PDP) analyses to clarify 10 

the effects of key variables. The proposed WOA–ETR model achieved high prediction accuracy, 11 

with an R² of 0.942 on the testing dataset, and outperformed benchmark machine-learning models 12 

and existing empirical equations. SHAP results showed that exposure temperature was the most 13 

influential factor, followed by surface profile, cover-to-bar diameter ratio, embedment length-to-bar 14 

diameter ratio, bar diameter, bar type, and concrete compressive strength. Guided by the 15 

interpretation results, the database was classified by embedment length and surface profile, and 16 

physically interpretable equations were derived using nonlinear least-squares regression. These 17 

equations produced nearly unbiased predictions, with mean experimental-to-predicted ratios of 1.02–18 

1.06 and R² values of 0.716–0.986. Bootstrap and leave-one-out validation confirmed their 19 

robustness and parameter stability. 20 

 21 

KEYWORDS: Machine learning; extra trees regression; whale optimization algorithm; FRP bar; 22 

bond strength; predictive model; concrete; high temperature.  23 
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INTRODUCTION 25 

Fiber-reinforced polymer (FRP) materials offer several notable advantages for use in specialized 26 

infrastructure, including low weight, high tensile strength, strong resistance to corrosion, electrical 27 

non-conductivity, favorable fatigue behavior, and convenient handling during construction and 28 

transportation [1]. Due to these beneficial characteristics, FRP has gained significant research and 29 

engineering interest in recent years. FRP reinforcing bars, which are commonly produced through 30 

the pultrusion of fibers embedded in vinyl-ester or epoxy resin matrices, can serve as a substitute for 31 

conventional carbon-steel reinforcement in concrete structures subjected to aggressive or humid 32 

environments. As a result, FRP bars present considerable potential for enhancing the durability of 33 

structural systems [2]. 34 

In fiber-reinforced polymer-reinforced concrete (FRP-RC) structures, FRP bars are commonly 35 

manufactured using inorganic fibers such as carbon (CFRP), glass (GFRP), basalt (BFRP), and 36 

aramid (AFRP), which are embedded in a polymer resin matrix [3]. Because of the differences in 37 

material composition and casting processes, the bond interaction between FRP bars and the 38 

surrounding concrete differs significantly from that observed in conventional steel-reinforced 39 

concrete. Consequently, extensive experimental and analytical studies have been conducted to better 40 

understand this behavior. Numerous bond–slip models have been developed, and the bonding 41 

performance at ambient temperature has been widely investigated and reasonably explained [4–8]. 42 

However, the matrix phase in FRP bars typically consists of organic polymers (e.g., epoxy or 43 

vinyl ester resins), with a glass transition temperature ranging from approximately 60oC to 130oC 44 

[9]. When exposed to elevated temperatures, the resin matrix gradually transitions from a rigid glassy 45 

state to a softened or viscous state, and thermal degradation may occur [10]. This transformation 46 

significantly weakens the bond between the fibers and the surrounding matrix, leading to a reduction 47 

in the shear resistance of the FRP bars and a deterioration in their mechanical interlocking with 48 

concrete. Furthermore, several parameters can influence the degradation of bond performance in 49 



3 
 

FRP-RC systems under elevated temperatures, including the type of FRP bar, bar diameter, surface 50 

configuration, anchorage length, concrete compressive strength, and thickness of concrete cover 51 

[11–14]. Despite a number of empirical relationships have been constructed from experimental 52 

observations to describe temperature-dependent bond behavior, their applicability and predictive 53 

accuracy remain limited due to experimental constraints and complex factor interactions. 54 

Recently, machine learning (ML) techniques have emerged as effective tools for modeling 55 

complex and nonlinear relationships between influential parameters and structural responses [15-56 

21]. Compared with traditional experimental approaches and empirical or semi-empirical 57 

formulations, ML methods provide a cost-efficient alternative for predictive modeling. They have 58 

been successfully applied in numerous civil engineering applications, including structural health 59 

monitoring [22, 23], damage detection [24, 25], and structural performance assessment [26, 27]. By 60 

establishing direct relationships between input variables and output responses, ML models reduce 61 

the reliance on complicated mechanical formulations while often achieving improved predictive 62 

accuracy with relatively low uncertainty [28]. Consequently, a variety of ML algorithms, such as 63 

artificial neural networks (ANNs), support vector regression (SVR), random forests (RF), Gaussian 64 

process regression (GPR), and gradient boosting techniques, have been widely adopted to predict the 65 

bond behavior and structural performance of FRP-RC systems [15, 19, 29-30]. 66 

Several previous studies have demonstrated the effectiveness of ML-based models for predicting 67 

bond behavior in FRP-reinforced concrete. For example, Li et al. [31] employed nine ML models to 68 

estimate the bond strength of FRP reinforcement using a database of 557 experimental specimens. 69 

The results indicated that ANN and RF models outperform traditional empirical formulas, achieving 70 

superior prediction accuracy. Feature importance analysis further revealed that the embedment 71 

depth-to-bar diameter ratio is the most influential factor governing bond strength. Golafshani et al. 72 

[32] further developed ANN and genetic programming (GP) models based on experimental results 73 

from 159 specimens, showing that these approaches provided higher accuracy than conventional 74 
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regression models. Parametric analysis identifies key influencing variables and highlights some 75 

inconsistencies with existing design assumptions. Similarly, Basaran et al. [33] established three 76 

experimental databases containing hinged beam, end beam, and splice specimens, and applied ANN, 77 

multivariate linear regression (MLR), support vector regression (SVR), and Gaussian process 78 

regression (GPR) to estimate FRP–concrete bond strength. Among the methods, GPR showed the 79 

highest accuracy, followed by ANN, MLR, and SVR. Compared to design codes, ACI 440.1R-15 80 

[34] provides the closest predictions but remains conservative, while other codes show limited 81 

sensitivity to test parameters.  82 

Despite these advances, studies on predicting FRP–concrete bond strength at elevated 83 

temperatures remain limited. To the authors’ knowledge, Huang et al. [35] built a backpropagation 84 

artificial neural network (BP-ANN) model based on 151 pull-out test results obtained at various 85 

temperatures. Although their model demonstrated improved predictive performance compared to 86 

existing empirical equations, further research is still needed to develop more reliable and 87 

interpretable models for FRP–concrete bond behavior at high temperatures. Using a similar database, 88 

Li et al. [36] employed multiple machine learning techniques, including backpropagation artificial 89 

neural network (BPANN), decision tree (DT), SVM, CatBoost, RF, and XGBoost, and further 90 

enhanced the dataset using a generative adversarial network (GAN). Their results showed that ML 91 

approaches can achieve high prediction accuracy, with the DT model yielding excellent performance 92 

and XGBoost demonstrating strong generalization capability. These findings highlight the potential 93 

of ML techniques while also indicating the need for further improvements in robustness and 94 

interpretability. 95 

To address the limitations of existing empirical and ML approaches, this study proposes an 96 

integrated framework for predicting the bond strength between FRP bars and concrete under 97 

elevated-temperature conditions. A hybrid Whale Optimization Algorithm–Extra Trees Regression 98 

(WOA–ETR) model is developed, in which the Whale Optimization Algorithm is employed to 99 
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optimize the hyperparameters of the Extra Trees Regression model and enhance predictive accuracy. 100 

A comprehensive database comprising 132 experimental specimens collected from the literature is 101 

assembled for model development and validation, and the robustness of the proposed ML model is 102 

verified through repeated independent runs. To improve model interpretability and provide physical 103 

insight into the governing bond mechanisms, SHapley Additive exPlanations (SHAP) and Partial 104 

Dependence Plot (PDP) analyses are employed to quantify the influence of the input variables and 105 

investigate their effects on bond strength. Based on the knowledge extracted from these explainable 106 

artificial intelligence techniques, the experimental database is systematically classified according to 107 

embedment length and surface profile, and a series of physically interpretable predictive equations 108 

is subsequently developed using nonlinear least-squares regression. The predictive performance, 109 

robustness, and parameter stability of the developed equations are further evaluated through 110 

bootstrap resampling and leave-one-out cross-validation (LOOCV) analyses. The proposed 111 

framework therefore combines the predictive capability of advanced ML techniques, the 112 

interpretability of explainable artificial intelligent (AI), and the practicality of analytical 113 

formulations, providing both accurate prediction and engineering insight into the bond behavior of 114 

FRP bars embedded in concrete under elevated-temperature conditions. 115 

 116 

PREPARATION OF DATABASE  117 

Previous studies have mainly focused on the key parameters influencing the bond behavior 118 

between FRP bars and concrete subjected to high temperatures. These parameters typically include 119 

the compressive strength of concrete, the depth of concrete cover, exposure temperature, as well as 120 

the diameter and embedment length of the reinforcement bars. Nevertheless, differences in the 121 

constituent materials and manufacturing processes of FRP bars can result in significant variations in 122 

their physical and mechanical properties. In addition, variations in surface configuration can further 123 

influence the bond mechanism between FRP bars and concrete. Therefore, in addition to the 124 
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commonly considered variables, the present study also incorporates FRP-related parameters such as 125 

bar type and surface treatment method in order to provide a more comprehensive evaluation of bond 126 

performance. 127 

The pull-out test is widely used as a conventional experimental method for assessing the bond 128 

performance between FRP bars and concrete because of its relatively simple experimental setup, 129 

short testing duration, and low cost. However, this testing approach does not fully represent the actual 130 

stress conditions experienced by reinforcement in flexural structural members. In practical structural 131 

behavior, the bond strength obtained from pull-out tests is typically higher than that observed in FRP-132 

reinforced concrete members under service or ultimate loading conditions. Despite this limitation, 133 

pull-out testing remains a common approach for comparative investigations, especially when 134 

evaluating the influence of different surface treatments and configurations of FRP bars. 135 

In contrast, beam-type test methods can more realistically simulate the stress state of tensile 136 

reinforcement in flexural reinforced concrete members. These tests allow stress redistribution along 137 

the beam length and introduce tensile forces to the reinforcement indirectly through flexural loading. 138 

Nevertheless, a review of the existing literature indicates that experimental studies employing beam-139 

type specimens to examine the bond behavior between FRP bars and concrete at elevated 140 

temperatures remain relatively scarce. To overcome this limitation, the present study assembled a 141 

comprehensive experimental database consisting of 132 pull-out specimens subjected to tensile 142 

testing either during or after exposure to high temperatures, collected from previously published 143 

research [35, 36]. A schematic representation of a typical pull-out test specimen used under high-144 

temperature conditions is shown in Fig. 1. 145 

Table 1 summarizes the compiled experimental database. The pull-out specimens included in the 146 

dataset exhibit variations in several parameters, including: (1) the concrete compressive strength; (2) 147 

the geometric and material properties of the FRP bars, such as diameter, surface treatment, and FRP 148 

type; (3) geometric characteristics, including the concrete cover-to-bar diameter ratio and the 149 
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embedment length-to-bar diameter ratio; and (4) the resulting bond performance, represented by bond 150 

strength. The bond strength (or average bond stress) is calculated as follows: 151 

u

e

P

d l





 
           (1) 152 

where u denotes the bond strength (in MPa), P indicates the applied tensile forces (in N), db is the 153 

bar diameter (in mm), and le refers to the embedded length (in mm). 154 

Based on the experimental data collected from previous studies [35, 36], several input variables 155 

were considered to evaluate the bond strength between FRP bars and concrete under high 156 

temperatures. These variables include the concrete compressive strength (f’c), FRP bar diameter (db), 157 

concrete cover-to-FRP bar diameter ratio (c/db), embedded length-to-FRP bar diameter ratio (le/db), 158 

type of FRP bar (BT), surface treatment (ST), and exposure temperature (T). The descriptive statistics 159 

and distribution patterns of the target output and the associated input parameters contained in the 160 

database are summarized in Table 2 and illustrated in Fig. 2, respectively. 161 

Figure 2 illustrates the distributions of both input and output variables using violin plot 162 

visualizations. In these plots, the width of each violin represents the relative frequency of data points 163 

within a specific range, while larger nodes indicate regions with higher data density. As shown in 164 

Fig. 2(a) and summarized in Table 2, the concrete compressive strength (f’c) shows the highest 165 

concentration of data between 33 and 47 MPa, with a pronounced peak around f’c = 47 MPa. A 166 

secondary but less significant concentration is observed near f’c = 34 MPa. In contrast, only a limited 167 

number of data points correspond to compressive strengths exceeding 50 MPa, suggesting that 168 

experimental investigations within this range remain scarce. Overall, the distribution exhibits a 169 

decreasing trend with increasing compressive strength, indicating that most specimens were tested at 170 

relatively moderate strength levels. 171 

The distribution of FRP bar diameter (db), shown in Fig. 2(b), is mainly concentrated within the 172 

range of 8–10 mm. Although this range is typical for laboratory-scale experiments, it is relatively 173 
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narrow compared with empirical databases for steel reinforcement, where bar diameters generally 174 

vary between 6 and 25 mm [37]. For the concrete cover-to-bar diameter ratio (c/db), the values range 175 

from 3.15 to 12.5, with the majority of data concentrated between 5.75 and 7.0, as illustrated in Fig. 176 

2(c). The relatively limited variation in concrete cover depth can be attributed to the fact that its 177 

influence on bond behavior has rarely been systematically investigated; consequently, many studies 178 

either keep this parameter constant or exclude it, particularly in standard center pull-out test 179 

configurations. 180 

Figure 2(d) presents the distribution of the embedment length-to-bar diameter ratio (le/db). The 181 

dataset covers a wide range from 2.5 to 130.7, although most observations fall within the interval of 182 

5.0–15.0. Regarding the exposure temperature (T), the test specimens were subjected to temperatures 183 

ranging from 20°C (room temperature) to 600°C, with the majority of data concentrated between 184 

70°C and 200°C, as shown in Fig. 2(e) and Table 2. This trend can be explained by the temperature 185 

sensitivity of FRP materials. In particular, FRP bars incorporating polymer resins may experience 186 

softening or degradation at elevated temperatures, often beginning near the glass transition 187 

temperature, which typically lies between 60°C and 130°C [9]. 188 

To enhance data clarity and ensure its suitability for subsequent analysis, several data pre-189 

processing procedures were performed, including data filtering, completion, and organization. First, 190 

the collected dataset was carefully screened, and records lacking essential parameters were removed 191 

prior to constructing the database. The input variables were then encoded to improve their 192 

interpretability and compatibility with the modeling process. The variables were categorized into two 193 

groups: continuous variables and categorical variables. Because ML models require numerical inputs, 194 

categorical variables were converted into numerical form through an encoding process. In this study, 195 

label encoding was adopted, whereby each category was assigned a unique integer value. As 196 

illustrated in Fig. 3, the two FRP bar types (BT), namely GFRP and BFRP, were represented by the 197 

labels 1 and 2, respectively. Furthermore, the surface configuration of FRP bars, which is an 198 
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important factor influencing bond performance, was also categorized and encoded. The database 199 

primarily includes five surface profiles (SP): sand-coated (SC), fiber-wound (FW), ribbed bar (RB), 200 

fiber-wound with sand coating (FW–SC), and ribbed bar with sand coating (RB–SC). These 201 

categories were encoded using numerical labels from 1 to 5 to facilitate data processing during model 202 

development. Representative examples of these surface configurations are presented in Fig. 4. 203 

Figure 5 shows the distribution of these categorical variables. As indicated in Fig. 5(a), GFRP bars 204 

constitute approximately 53.8% of the reinforcement types in the database, slightly exceeding the 205 

proportion of BFRP bars (46.2%). Meanwhile, Fig. 5(b) demonstrates that sand-coated bars and 206 

ribbed bars with sand coating represent the largest share of specimens, each accounting for 32.6% of 207 

the dataset. The remaining surface configurations, including ribbed bar, fiber-wound, and fiber-208 

wound with sand coating, together comprise approximately 34.8% of the database. Due to the 209 

significant variability in specimen geometry and material properties, the experimental bond strength 210 

(τₑₓₚ) exhibits a wide range of values, varying from 0.42 to 23.29 MPa, as summarized in Table 2 and 211 

illustrated in Fig. 2(f). 212 

Figure 6 presents the Pearson correlation matrix employed to assess the linear relationships 213 

between the inputs and the target output. The coefficient ranges from -1.0 to 1.0, where values 214 

approaching -1.0 and 1.0 indicate strong negative and positive linear relationships, respectively, 215 

while values close to zero suggest weak or negligible linear associations. As illustrated in Fig. 6, the 216 

correlations between the predictor variables and the bond strength vary from -0.46 to 0.39. Such 217 

relatively low linear correlations indicate the complexity of the dataset and the presence of nonlinear 218 

interactions among the variables, which are difficult to represent using traditional analytical 219 

formulations. Therefore, ML techniques are appropriate for capturing these hidden relationships 220 

within the data. The analysis indicates that the concrete compressive strength (f’c), surface profile, 221 

and FRP bar type exhibit positive correlations with bond strength, with coefficients of 0.39, 0.39, 222 

and 0.34, respectively. Conversely, the embedded length-to-bar diameter ratio (le/bd, Pr = -0.46) and 223 
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exposure temperature (T, Pr = -0.38) show relatively strong negative correlations with bond strength. 224 

The remaining parameters demonstrate comparatively weak correlations, suggesting a limited linear 225 

influence on the bond behavior between FRP bars and concrete after exposure to elevated 226 

temperatures. 227 

 228 

DEVELOPMENT OF WOA-ETR MODEL 229 

Machine learning (ML) approaches have shown considerable potential in solving various 230 

problems in structural engineering [15-30]. In this study, an ETR–WOA framework is proposed to 231 

predict the bond strength between FRP bars and concrete after exposue to elevated temperatures. The 232 

Extra Trees Regression (ETR) algorithm is employed as the primary learning model [38, 39]. For 233 

further improvement of the ETR’s predictive capability, the whale optimization algorithm (WOA), 234 

recognized for its strong global search performance, is utilized to optimize the model 235 

hyperparameters [40]. This section outlines the ETR algorithm adopted in the study, followed by an 236 

introduction to the WOA method.  237 

 238 

Extra trees regression (ETR) 239 

The Extra Trees Regression (ETR) model, also referred to as Extremely Randomized Trees, is an 240 

ensemble learning method that combines the predictions of multiple decision trees. Unlike 241 

conventional tree-based methods, ETR introduces additional randomness by selecting both features 242 

and split thresholds randomly, which helps reduce variance and improve generalization performance. 243 

In this approach, the final prediction is obtained by averaging the outputs of all individual trees, 244 

making it particularly suitable for regression tasks. By combining multiple weak learners, ETR 245 

enhances prediction accuracy and robustness compared to single-model approaches. 246 

As a supervised machine learning algorithm, ETR learns the relationship between input variables 247 

and target outputs from training data. Its ability to capture nonlinear relationships, handle high-248 
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dimensional data, and model complex feature interactions makes it a powerful tool for predictive 249 

modeling in various engineering applications. A schematic representation of the ETR model is 250 

presented in Fig. 7. 251 

The key distinction of ETR lies in its use of fully randomized split thresholds, which significantly 252 

reduces variance compared to traditional decision tree methods. In contrast to Random Forest (RF), 253 

ETR typically does not rely on bootstrap sampling, but instead uses the entire training dataset to grow 254 

each tree, which can further improve computational efficiency. This increased randomness often 255 

leads to better performance in complex and high-dimensional problems, although it may introduce a 256 

slight increase in bias. 257 

 258 

Whale optimization algorithm (WOA) 259 

The Whale Optimization Algorithm (WOA) as shown in Fig. 8, proposed by Mirjalili and Lewis 260 

[40], is a population-based metaheuristic inspired by the bubble-net hunting strategy of humpback 261 

whales. In WOA, each search agent represents a candidate solution, and the best solution obtained 262 

so far is considered the prey guiding the search process. 263 

The encircling behaviour of whales is modeled as 264 

   *
D C X t X t            (2) 265 

   *1X t X t A D             (3) 266 

where X*(t) is the best solution, X(t) is the current whale position, and A and C are coefficient vectors 267 

defined as: A = 2ar1 – a and C = 2r2, in which r1 and r2 are random numbers in [0, 1], and a decreases 268 

lineraly from 2 to 0 during the optimization process. 269 

The bubble-net attacking behaviour is modeled using a spiral updating mechanism: 270 

     *1 cos 2bl
X t D e l X t           (4) 271 

where    *
D X t X t   , b is a constant, and l is random number in [-1, 1]. During the search 272 
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process, the algorithm probabilistically switches between the shrinking encircling mechanism and 273 

the spiral updating strategy. 274 

To enhance exploration, whales also move toward randomly selected individuals when 1A  . 275 

Through these mechanisms, WOA balances exploration and exploitation to locate the global 276 

optimum. In this study, WOA is employed to optimize the hyperparameters of the ETR model used 277 

for predicting the bond strength between FRP bar and concrete at high temperature. 278 

  279 

Optimization of hyperparameters 280 

To enhance the predictive capability of the extra trees regression (ETR) model, the whale 281 

optimization algorithm (WOA) was employed to determine the optimal hyperparameter 282 

configuration. Hyperparameters are predefined settings that govern the learning behavior of a model 283 

and have a significant influence on its predictive accuracy. In this study, a hybrid WOA–ETR 284 

framework was developed by integrating the WOA optimization strategy with the ETR learning 285 

algorithm. Previous studies have shown that WOA can effectively enhance the performance of hybrid 286 

machine learning models. In addition, compared with many other metaheuristic optimization 287 

algorithms, WOA requires only a small number of control parameters, making it relatively simple to 288 

implement and computationally efficient. The overall workflow of the proposed WOA–ETR 289 

framework is illustrated in Fig. 9. 290 

The WOA algorithm was executed with a maximum of 50 iterations to search for the optimal 291 

hyperparameter combinations. To improve the robustness of the optimization process and reduce the 292 

risk of overfitting due to the limited dataset, a 5-fold cross-validation scheme was incorporated during 293 

the hyperparameter tuning stage. In this procedure, The dataset was partitioned into five folds, where 294 

each fold was iteratively used as the validation set and the remaining folds were used for model 295 

training. The optimization objective was defined as minimizing the cross-validation prediction error 296 

of the ETR model. 297 
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The search ranges for the ETR hyperparameters are listed in Table 3. These ranges were selected 298 

based on commonly recommended settings for the random forest algorithm. During the optimization 299 

process, WOA iteratively explored different hyperparameter combinations and progressively 300 

directed the search toward configurations that improved model performance. The hyperparameter 301 

tuning process considered the number of trees (n_estimators), tree depth limit (max_depth), 302 

minimum samples required for node splitting (min_samples_split), minimum samples at terminal 303 

nodes (min_samples_leaf), and the number of features evaluated per split (max_features). The search 304 

intervals were specified as: n_estimators between 200 and 1200, max_depth from 10 to 60, 305 

min_samples_split from 2 to 10, min_samples_leaf from 1 to 5, and max_features from 0.3 to 1.0.  306 

The proposed model was implemented in Python program using several machine learning libraries. 307 

Prior to model training, all input variables were normalized using the StandardScaler function in the 308 

Scikit-learn (v1.3.2) package to eliminate the influence of different measurement units and variable 309 

scales. This procedure transforms the input data to have a mean of zero and a standard deviation of 310 

one. Subsequently, the complete dataset was then randomly split into two subsets: 70% for training 311 

and 30% for testing. The training subset was used for model construction and hyperparameter tuning, 312 

whereas the testing subset was retained for independent performance assessment. 313 

To further assess the stability and robustness of the proposed optimization framework, the entire 314 

optimization process was repeated 10 independent times using different random seeds. For each run, 315 

WOA was employed to determine the optimal hyperparameters of the ETR model based on the cross-316 

validation error of the training dataset. The final model obtained in each run was then retrained using 317 

the training dataset and evaluated on the testing dataset. 318 

 319 

Evaluation metrics 320 

The predictive performance of the proposed ML models was estimated using several statistical 321 

indicators, including the coefficient of determination (R2), root mean square error (RMSE), mean 322 
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absolute error (MAE), and mean absolute percentage error (MAPE). A model with strong predictive 323 

capability typically exhibits an R2 value close to 1.0, while lower values of RMSE, MAE, and MAPE 324 

indicate smaller deviations between the predicted and observed results. The mathematical 325 

expressions of these evaluation metrics are presented as follows.   326 
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where e, p, e , and n represent the experimental value, predicted value, mean experimental value, 331 

and total number of samples, respectively.  332 

  333 

MODEL VERIFICATION AND DISCUSSIONS 334 

Performance of proposed WOA-ETR model 335 

Table 3 presents the ranges of the hyperparameters of the ETR model optimized by WOA for each 336 

independent run. Meanwhile, Table 4 summarizes the predictive performance metrics of the proposed 337 

WOA–ETR model, and Fig. 10 illustrates the corresponding boxplots of these metrics obtained with 338 

different random seeds. 339 

The predictive performance of the proposed WOA–ETR model on the training dataset was first 340 

evaluated to assess its learning capability. Based on the average results obtained from 10 independent 341 
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runs, the model achieved a high coefficient of determination (R2) of approximately 0.999, along with 342 

RMSE, MAE, and MAPE values of 0.091 MPa, 0.065 MPa, and 0.585%, respectively. These results 343 

indicate that the model is capable of effectively capturing the complex relationships between the 344 

input variables and the target response. As expected, the predictive performance on the training 345 

dataset is superior to that on the testing dataset. It is noted, however, that relatively higher standard 346 

deviations were observed in some training metrics, which can be attributed to the stochastic nature 347 

of the learning algorithm and variations in random data partitioning across the 10 runs. 348 

When evaluated on the independent testing dataset obtained from 10 independent runs, the 349 

proposed WOA–ETR model achieved an average R2 value of approximately 0.942, with 350 

corresponding RMSE, MAE, and MAPE values of 1.536 MPa, 1.067 MPa, and 16.812%, 351 

respectively. These results demonstrate that the model maintains strong predictive capability when 352 

applied to unseen data. Moreover, the relatively low standard deviations of the testing metrics 353 

indicate that the model exhibits stable and consistent performance across multiple runs. Although a 354 

decrease in performance from training to testing is observed, the difference remains within an 355 

acceptable range, suggesting that the proposed WOA–ETR model achieves good generalization 356 

ability without severe overfitting. 357 

To further evaluate the predictive robustness of the proposed model, a leave-one-out cross-358 

validation (LOOCV) analysis was performed using the optimized WOA–ETR model. The LOOCV 359 

yielded an R2 value of 0.941, together with RMSE, MAE, and MAPE values of 1.521 MPa, 0.984 360 

MPa, and 16.000%, respectively. These metrics are highly consistent with the average testing results 361 

obtained from the repeated train–test evaluations. In particular, the difference in R2 between the 362 

testing and LOOCV results is less than 0.1%, while the corresponding error metrics remain very 363 

similar. This close agreement confirms that the predictive performance of the proposed WOA–ETR 364 

model is not strongly dependent on a particular data partition and demonstrates its excellent 365 

robustness and generalization capability. 366 
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Figure 10 presents the distribution of the evaluation metrics obtained from 10 independent runs 367 

of the proposed WOA–ETR model for both the training and testing datasets. The boxplots provide a 368 

clear visualization of the variability and stability of the model performance. As shown in the figure, 369 

the interquartile ranges of the evaluation metrics are relatively narrow for both datasets, indicating 370 

that the predictive performance of the model remains consistent across different runs. In addition, 371 

although the training dataset generally exhibits slightly better performance than the testing dataset, 372 

the difference between their metric distributions is relatively small. This observation further confirms 373 

that the proposed WOA–ETR model demonstrates stable predictive capability and good 374 

generalization performance. 375 

Among the 10 independent runs, the best performance achieved an R2 value of 0.944, with RMSE, 376 

MAE, and MAPE values of 1.511 MPa, 1.063 MPa, and 16.069%, respectively, for testing dataset. 377 

These results were therefore selected for further analysis of the proposed WOA–ETR model. For this 378 

best run, the optimal hyperparameters were determined as follows: n_estimators = 445.9, max_depth 379 

= 14.4, min_samples_split = 2.09, min_samples_leaf = 1.0, and max_features = 1.0 (see Table 3). 380 

Fig. 11 illustrates the convergence curve of the optimization process. As observed, the WOA–ETR 381 

model reaches its optimal performance after approximately 38 iterations, indicating that the WOA 382 

algorithm can efficiently identify suitable hyperparameter configurations within a relatively small 383 

number of iterations.  384 

Figure 12 presents the relationship between the experimental bond strength (τₑₓₚ) and the predicted 385 

values (τₚᵣₑ) corresponding to the best-performing model. To facilitate the assessment of prediction 386 

accuracy, three reference lines, pre = exp, pre = 1.2exp, and pre = 0.8exp, are incorporated. The line 387 

pre = exp denotes the ideal case in which the predicted values exactly coincide with the experimental 388 

results. In general, the data points are distributed closely around this line, indicating that all models 389 

achieve a high level of predictive accuracy. For the best performance of WOA–ETR model, the 390 
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overall performance across the entire dataset yields a mean value of 0.99, a coefficient of variation 391 

(COV) of 0.08, an R2 of 0.986, and an RMSE of 0.737.  392 

 393 

Comparison with conventional ML models 394 

To evaluate the effectiveness of the proposed model, its performance was compared with several 395 

conventional ML models, including RF, BR, GB, XGBoost, and ETR, over 10 independent runs 396 

using multiple statistical metrics (Table 5 and Fig. 13). 397 

Overall, the results confirm that ensemble-based models outperform simpler approaches; however, 398 

the performance gap among advanced models is relatively narrow. RF and BR exhibit similar 399 

predictive capability, both achieving testing R2 values of 0.895, but with relatively high error levels 400 

(RMSE ≈ 2.06 MPa and MAPE ≈ 36%), indicating limited generalization ability and reduced 401 

suitability for precise prediction tasks. 402 

Boosting-based models (GB and XGBoost) show clear improvement, with testing R2 values of 403 

0.934 and 0.938, respectively, and substantially reduced errors. Nevertheless, the extremely high 404 

training performance of XGBoost (R2 = 1.000) raises concerns regarding overfitting, particularly in 405 

the absence of external validation. This suggests that the model may be capturing noise or dataset-406 

specific patterns rather than robust underlying relationships. 407 

The ETR model provides competitive performance, achieving a testing R2 of 0.936 with relatively 408 

low error metrics (RMSE = 1.605 MPa and MAPE = 17.26%). While this supports the robustness of 409 

ETR, its perfect training performance (R2 = 1.000 with zero error) is also indicative of potential 410 

overfitting, despite its inherent randomness. This behavior warrants further scrutiny, particularly 411 

regarding dataset size and complexity. 412 

The proposed WOA-ETR model achieves the highest testing R2 (0.942) and the lowest error 413 

values (RMSE = 1.536 MPa, MAE = 1.067 MPa, and MAPE = 16.81%). Although the improvement 414 
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over the standalone ETR model is relatively small (e.g., ΔR2 ≈ 0.006 and ΔRMSE ≈ 0.07 MPa), it is 415 

consistent across all evaluation metrics, indicating a reliable enhancement in predictive performance. 416 

Moreover, WOA-ETR exhibits slightly lower standard deviations compared to the standalone ETR 417 

model, suggesting improved stability and consistency across multiple runs. While the differences are 418 

modest, they demonstrate the ability of the optimization process to enhance the robustness of the base 419 

model.  420 

In terms of predictive capability, WOA-ETR consistently outperforms ETR across all evaluation 421 

metrics. This consistent improvement highlights the effectiveness of integrating WOA in refining 422 

model performance and producing more reliable predictions. In addition, both ETR and WOA-ETR 423 

achieve very high training accuracy, reflecting strong learning capability. The corresponding testing 424 

results remain stable and competitive, indicating that the models maintain good generalization 425 

performance. 426 

In summary, the WOA-ETR model provides the best overall performance among the evaluated 427 

models, offering a balanced improvement in both accuracy and stability. The results suggest that 428 

metaheuristic optimization can further refine high-performing ensemble models, even when the 429 

baseline performance is already strong. Further validation on independent datasets would help 430 

confirm the broader applicability of the proposed approach. 431 

 432 

EXISTING DESIGN METHODS 433 

Due to the complex mechanisms governing bond deterioration in FRP-concrete under elevated 434 

temperatures, most existing studies have primarily reported qualitative observations, while only a 435 

limited number of predictive mathematical models have been developed. Previous research 436 

consistently indicates that bond strength decreases as temperature increases. For instance, Lu et al. 437 

[41] observed a reduction in the bond strength between GFRP bars and concrete with rising 438 

temperature, with the degradation tending to stabilize beyond approximately 110oC. They also noted 439 
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that although higher concrete compressive strength enhances bond performance, this improvement 440 

becomes marginal when the strength exceeds 30 MPa. Similarly, Katz et al. [42], through pull-out 441 

tests conducted at various temperatures, reported a temperature-dependent decline in bond strength, 442 

with different rates of reduction across temperature ranges. The most significant degradation occurs 443 

within the glass transition temperature range (80–120oC). At around 125oC, bond strength drops to 444 

approximately 50% of its room-temperature value, and further decreases to only 10–20% when the 445 

temperature exceeds 200oC. Wang et al. [43] further investigated the degradation behavior over a 446 

wider temperature range (20–350oC), confirming the progressive reduction in bond capacity.  447 

Experimental work by El-Gamal [13] on 39 GFRP-reinforced concrete specimens subjected to 448 

high temperatures revealed that all specimens failed in shear. The results demonstrated that bond 449 

strength diminishes with both increasing temperature and exposure duration. Specifically, exposure 450 

to 100oC and 200oC for 3 hours resulted in a reduction of about 20%, while exposure to 350oC for 2 451 

hours and 3 hours led to a significant decrease of approximately 50%. Based on these findings, 452 

modified formulations derived from ACI 440.1R-06 [44] and CEB-FIP [45] guidelines were 453 

proposed to predict bond strength at elevated temperatures. In addition, Ozkal et al. [11] compared 454 

the high-temperature behavior of GFRP-reinforced and steel-reinforced concrete, showing that bond 455 

degradation in both systems follows an approximately linear trend with increasing temperature. They 456 

also proposed an empirical design equation for predicting bond strength in GFRP-concrete at elevated 457 

temperatures, which demonstrated good agreement with test results. A summary of the existing 458 

interfacial bond models for FRP-concrete at high temperatures is provided in Table 6. 459 

The calculated results obtained from the existing mathematical models, together with the test data 460 

reported in the literature [11] and [13], and the predictions generated by the WOA–ETR model, are 461 

illustrated in Fig. 14 for comparative analysis. As observed across the three experimental datasets, 462 

the WOA–ETR predictions exhibit a similar variation trend to both the analytical model outputs and 463 

the experimental measurements within each group. 464 
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A quantitative assessment of the prediction performance of the WOA–ETR model and the existing 465 

mathematical formulations, based on the ratio (τexp/τpre), is presented in Table 7. For the dataset 466 

reported by El-Gamal et al. [13], the conventional analytical models show slightly lower accuracy 467 

compared to the WOA–ETR approach. This can be attributed to the fact that these models were 468 

developed from limited experimental conditions, considering only a few influencing factors such as 469 

concrete compressive strength, exposure time, and the temperature difference between testing and 470 

ambient conditions. As indicated in Table 7, although the mean values of the predictions are similar, 471 

the WOA–ETR model achieves notable improvements in performance metrics, with reductions in 472 

COV (68.0%) and RMSE (58.9%), as well as an increase in R2 (15.2%). 473 

In contrast, the mathematical model proposed by Ozkal et al. [11] exhibits slightly better 474 

predictive accuracy, mainly because it was specifically calibrated using its corresponding 475 

experimental dataset. Nevertheless, such models generally rely on predefined input parameters and 476 

are valid only within the scope of the original experimental conditions, thereby limiting their broader 477 

applicability. On the other hand, despite a marginal reduction in precision, the WOA–ETR model 478 

provides enhanced adaptability and generalization capability. When trained on a sufficiently large 479 

and representative dataset, it can effectively predict interfacial bond strength under a wide range of 480 

conditions while still satisfying practical engineering accuracy requirements. 481 

 482 

GLOBAL INTERPRETATION OF BOND STRENGTH PREDICTION  483 

SHAP summary investigation 484 

The SHAP-based analysis of the WOA–ETR model provides a comprehensive understanding of 485 

the contribution of each input variable to the prediction of bond strength. As illustrated in Fig. 15(a), 486 

feature importance is quantified using the mean absolute SHAP values calculated from the testing 487 

dataset, revealing clear differences in the influence of the input parameters. Among all variables, the 488 

exposure temperature (T) is identified as the most significant factor, with the highest average SHAP 489 
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value of approximately 2.15. The surface profile (SP) also demonstrates a substantial contribution, 490 

with a mean SHAP value close to 2.08, indicating a comparable level of importance to temperature. 491 

The concrete cover-to-bar diameter ratio (c/db) is shown to be an important parameter, which 492 

aligns with its physical role in enhancing confinement around reinforcing bars and resisting pull-out 493 

failure. Similarly, the embedment length-to-bar diameter ratio (le/db) exhibits a notable contribution, 494 

reflecting its influence on mechanical interlocking and stress transfer along the bar–concrete interface. 495 

In contrast, bar diameter (db), bar type (BT), and concrete compressive strength (f’c) present relatively 496 

low SHAP values, suggesting a limited impact on the model predictions. This observation is 497 

somewhat different from findings in previous studies, where concrtee compressive strength has often 498 

been considered a key parameter [34, 45]. 499 

Figure 15(b) presents the SHAP summary plot, which offers further insight into the effects of 500 

individual variables on the model output. In this plot, the horizontal axis represents SHAP values, 501 

while the input variables are arranged vertically in descending order of importance. Each data point 502 

corresponds to an individual sample, and its color (ranging from blue to red) indicates the relative 503 

magnitude of the feature value. The spread of points along the horizontal axis reflects the extent and 504 

direction of each variable’s influence on the predicted bond strength. For example, data points 505 

associated with higher exposure temperatures (T) are predominantly located on the negative SHAP 506 

side, indicating that increasing temperature generally leads to a reduction in the predicted bond 507 

strength of FRP bar–concrete systems after thermal exposure, with an approximate decrease of up to 508 

10 units. In addition to identifying the relative importance of variables, the SHAP summary plot also 509 

reveals their directional effects. Higher values of surface profile (SP), concrete cover ratio (c/db), bar 510 

type (BT), and compressive strength (f’c) tend to contribute positively to bond strength. Conversely, 511 

larger values of bar diameter (db) and embedment length ratio (le/db) are generally associated with 512 

negative SHAP values, suggesting a reduction in bonding capacity. 513 

Overall, these findings provide a detailed and physically meaningful interpretation of the factors 514 
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influencing FRP bar–concrete bond behavior under elevated temperature conditions, while also 515 

highlighting the key variables governing the predictive performance of the WOA–ETR model. 516 

 517 

Partial dependence plots (PDPs) investigation 518 

To further investigate the influence of individual variables on bond strength, partial dependence 519 

plots (PDPs) were generated for all input parameters. The PDPs reveal the average marginal effect 520 

of each variable while accounting for the influence of the remaining predictors. As shown in Fig. 521 

16(a), temperature exhibits a pronounced nonlinear influence on bond strength. A rapid reduction is 522 

observed between ambient temperature and approximately 350oC, indicating progressive 523 

deterioration of the FRP–concrete bond system. This degradation can be attributed to resin softening 524 

and decomposition, thermal incompatibility between the FRP bar and surrounding concrete, and the 525 

gradual deterioration of concrete mechanical properties under elevated temperatures. Beyond 526 

approximately 350oC, the PDP curve approaches a plateau, suggesting that the majority of bond 527 

degradation has already occurred and further temperature increases have only a limited influence on 528 

the residual bond strength. 529 

The PDP of bar diameter, shown in Fig. 16(d), reveals a relatively weak influence on bond strength 530 

compared with temperature and embedment ratio. A gradual reduction in bond strength is observed 531 

as the diameter increases from 6 to approximately 10 mm, which can be attributed to less uniform 532 

stress transfer and increased radial stresses at the FRP–concrete interface. Beyond this range, the 533 

influence of diameter becomes negligible, indicating that bond performance is increasingly governed 534 

by temperature and surface characteristics rather than bar diameter itself. 535 

The PDP analysis further reveals a nonlinear influence of embedment ratio on bond strength, as 536 

illustrated in Fig. 16(e). A relatively stable response is observed at low embedment ratios, followed 537 

by a region of significant reduction and finally a plateau at large embedment ratios. These distinct 538 

response regions suggest that a single global equation may not adequately represent the bond 539 



23 
 

behavior over the entire embedment-length range. Therefore, separate predictive equations were 540 

subsequently developed for short-, intermediate-, and long-embedment regimes to better capture the 541 

underlying bond mechanisms and reduce prediction uncertainty. 542 

Meanwhile, Fig. 16(b) indicates that GFRP and BFRP bars exhibit comparable bond-strength 543 

responses under elevated temperatures, suggesting that bar type exerts a relatively limited influence 544 

compared with temperature and surface characteristics. In contrast, surface profile (SP), shown in 545 

Fig. 16(c), exhibits a more pronounced effect on bond performance. The results indicate that 546 

mechanically interlocked surfaces generally provide superior bond resistance compared with solely 547 

coated surfaces. Based on the PDP results, the effectiveness of the investigated surface profiles in 548 

enhancing bond strength can be ranked as follows: sand-coated (SC), ribbed (RB), fiber wound and 549 

sand coated (SC-FW), and sand-coated and ribbed (RB-SC). 550 

Concrete compressive strength, illustrated in Fig. 16(f), also exhibits a positive influence on bond 551 

strength. The PDP remains relatively flat for concrete strengths below approximately 40 MPa and 552 

increases progressively thereafter, indicating that the beneficial contribution of concrete strength 553 

becomes more pronounced at higher strength levels. This behavior is consistent with the enhanced 554 

confinement and improved mechanical properties provided by higher-strength concrete. Similarly, 555 

the concrete cover-to-bar diameter ratio (c/db) shown in Fig. 16(g) exhibits a positive influence on 556 

bond strength. Increasing concrete cover enhances confinement around the embedded FRP bar and 557 

delays splitting-related failures. However, the relatively small slope of the PDP curve indicates that 558 

the influence of (c/db) is less significant than those of temperature and embedment ratio. 559 

Overall, the PDP analysis demonstrates that temperature is the dominant factor governing bond 560 

degradation of FRP bars embedded in concrete under elevated temperatures, followed by embedment 561 

ratio and surface profile. In contrast, bar diameter, concrete cover ratio, and bar type exhibit 562 

comparatively weaker influences. Furthermore, the nonlinear response observed for the embedment 563 

ratio provides strong evidence that different bond mechanisms govern short-, intermediate-, and long-564 
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embedment specimens, thereby supporting the development of separate predictive equations for the 565 

three embedment-length regimes. 566 

 567 

DEVELOPMENT OF PREDICTIVE EQUATIONS 568 

Although the global interpretation and PDP analyses provided valuable insights into the factors 569 

governing the bond strength of FRP-concrete exposed to elevated temperatures, the development of 570 

a single unified design equation remained challenging due to the heterogeneous nature of the 571 

experimental database. To identify the governing parameters, a WOA-ETR model was first 572 

developed using the entire database, and SHAP analysis was subsequently employed to quantify the 573 

relative importance of the input variables. The results indicated that temperature, surface profile, bar 574 

type, and embedment ratio (le/db) were among the most influential parameters affecting bond strength. 575 

Although the embedment ratio was not identified as the dominant predictor, both the experimental 576 

observations [4, 35] and PDP analysis revealed that specimens with different embedment ratios 577 

exhibited substantially different bond-strength responses. In particular, the relationship between bond 578 

strength and embedment ratio was characterized by three distinct response regions, consisting of an 579 

initial stable region at low embedment ratios, a transition region associated with a significant 580 

reduction in bond strength, and a plateau region at large embedment ratios. These observations 581 

suggest that different bond-transfer mechanisms govern the behavior of short-, intermediate-, and 582 

long-embedment specimens and that a single global equation may not adequately represent the entire 583 

database. 584 

To account for the observed differences in bond behavior while maintaining physical 585 

interpretability, a hierarchical modeling framework was adopted. The database was first classified 586 

according to the embedment ratio, which governs the stress-transfer mechanism between the FRP bar 587 

and the surrounding concrete. Subsequently, additional classifications based on surface profile and 588 

bar type were considered for the short-embedment specimens, where the highest variability in bond 589 
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strength was observed. The collected data for each case are presented in detail in Table 8. Separate 590 

predictive equations were then developed for each subgroup using nonlinear regression analysis. The 591 

proposed framework aims to improve prediction accuracy while preserving the simplicity required 592 

for practical engineering applications. 593 

 594 

Rationale for database classification 595 

Although the WOA-ETR model demonstrated excellent predictive performance, its black-box 596 

nature limits direct application in engineering design. Therefore, a set of simplified predictive 597 

equations was developed based on the insights obtained from the SHAP and PDP analyses. The 598 

SHAP results identified temperature, surface profile, and embedment ratio as important parameters 599 

governing the bond strength of FRP bars exposed to elevated temperatures. Furthermore, the PDP 600 

analysis revealed a nonlinear influence of the embedment ratio (le/db), characterized by three distinct 601 

response regions corresponding to short-, intermediate-, and long-embedment conditions. These 602 

observations suggest that different bond-transfer mechanisms govern the bond behavior within 603 

different embedment-length ranges. 604 

To improve prediction accuracy while maintaining physical interpretability, the experimental 605 

database was classified into three embedment-length regimes based on the trends identified from the 606 

PDP analysis, as illustrated in Fig. 17:  607 

Case 1: le/db ≤ 20;  608 

Case 2: 20 < le/db ≤ 80; and  609 

Case 3: le/db > 80.  610 

These ranges correspond to short-, intermediate-, and long-embedment conditions, respectively. 611 

Accordingly, 106, 15, and 11 specimens were included in the short-, intermediate-, and long-612 

embedment groups, respectively. The proposed classification is also consistent with the mechanics 613 

of bond stress transfer. For short embedment lengths, bond stresses are distributed relatively 614 
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uniformly along the bonded region, and failure is primarily governed by local interfacial mechanisms. 615 

As the embedment length increases, bond stresses become progressively more non-uniform, resulting 616 

in a reduction in the average bond strength and a transition toward different stress-transfer 617 

mechanisms [4, 47]. The effectiveness of the proposed classification was evidenced by the reduced 618 

prediction scatter observed for the intermediate- and long-embedment groups. 619 

The short-embedment database (le/db ≤ 20) exhibited substantially larger prediction scatter than 620 

the remaining datasets, indicating that additional factors influenced the bond response within this 621 

regime. The SHAP analysis revealed that surface profile was among the most influential variables 622 

for Case 1 specimens. Moreover, different surface configurations mobilize distinct bond-transfer 623 

mechanisms, including frictional resistance, mechanical interlocking, and bearing action [47-49]. 624 

Therefore, an additional classification based on surface profile was introduced for the short-625 

embedment database to further reduce prediction variability and facilitate the development of 626 

physically interpretable predictive equations. 627 

 628 

Development of predictive equations 629 

The SHAP and PDP analyses revealed that the governing mechanisms of bond strength vary 630 

considerably with embedment length and surface configuration. Consequently, the development of a 631 

single unified predictive equation was found to be inadequate for accurately representing the entire 632 

experimental database. To address this limitation, a hierarchical framework was adopted in which 633 

the database was first classified according to embedment ratio and subsequently subdivided 634 

according to surface profile for short-embedment specimens. Separate predictive equations were then 635 

established using nonlinear regression analysis for each subgroup. This approach enables the 636 

derivation of physically interpretable design equations while preserving an acceptable level of 637 

prediction accuracy. 638 
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To facilitate practical implementation, a unified mathematical framework was adopted for all 639 

predictive equations. The bond strength was expressed as a multiplicative function of the governing 640 

parameters, including c/db, le/db, f’c, db, and T, identified through the SHAP and PDP analyses: 641 
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       (12) 642 

where , , , , , and  are regression coefficients determined separately for each subgroup. 643 

Depending on the embedment-length regime and surface configuration (i.e., Case 1), some variables 644 

were excluded when their influence was found to be insignificant.  645 

 646 

Predictive equations for short-embedment lengths (le/db ≤ 20) 647 

As discussed previously, an additional classification based on surface profile was introduced to 648 

further reduce prediction variability and facilitate the development of physically interpretable 649 

predictive equations. Accordingly, the database corresponding to Case 1 was subdivided into four 650 

groups according to the FRP bar surface profile: (i) sand-coated bars (SP = 1), (ii) fiber-wound bars 651 

(SP = 2), (iii) ribbed bars (SP = 3), and (iv) ribbed bars with sand coating (SP = 5). The resulting 652 

subdatasets contained 34, 9, 20, and 43 specimens, respectively. The fiber-wound FRP bars with sand 653 

coating (SP = 4) category contained only one specimen. Therefore, the available data were 654 

insufficient for regression analysis, and no predictive equation was developed for this surface profile. 655 

To derive the predictive equations, a nonlinear least-squares regression approach was employed 656 

to determine the optimal values of the model coefficients, namely α, β, γ, ε, δ, and θ. The objective 657 

of this procedure was to minimize the discrepancy between the predicted bond strengths and the 658 

corresponding experimental measurements. Preliminary regression analyses indicated that the 659 

optimal values of α, β, γ, ε, δ, and θ differed substantially among the surface-profile groups, 660 

suggesting distinct bond-transfer mechanisms. Therefore, separate predictive equations were 661 

established for each surface profile.  662 
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For sand-coated FRP bars (SP = 1): Since the variables le/db and f’c remained constant within this 663 

subdataset, their effects were excluded from the regression analysis. The resulting predictive equation 664 

is expressed as follows: 665 
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        (13) 666 

For fiber-wound bars (SP = 2): Since all variables except temperature remained constant within 667 

this subdataset, temperature was identified as the sole governing parameter influencing bond strength. 668 

Consequently, the predictive equation was formulated exclusively as a function of temperature. The 669 

resulting predictive equation is expressed as follows: 670 
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For ribbed bar (SP = 3): Since the variables db remained constant within this subdataset, its effect 672 

was excluded from the regression analysis. The resulting predictive equation is expressed as follows: 673 
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For ribbed bars with sand coating (SP = 5): The resulting predictive equation is expressed as 675 

follows:   676 
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 678 

Predictive equations for intermediate-embedment lengths (20 < le/db ≤ 80) 679 

For the intermediate-embedment regime (20 < le/db ≤ 80), the database was analyzed as a single 680 

group because further subdivision did not provide sufficient data for reliable regression. The resulting 681 

predictive equation is given by: 682 
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 684 

Predictive equations for long-embedment lengths (le/db > 80) 685 

For the long-embedment regime (le/db > 80), regression analysis showed that db and c/db remained 686 

constant throughout the dataset. Consequently, these variables were excluded from the predictive 687 

model. The resulting equation is expressed as follows: 688 
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 690 

Verification of the proposed predictive equations 691 

The predictive performance of the proposed equations was assessed by comparing the predicted 692 

bond strengths with the corresponding experimental measurements. Fig. 18 presents the relationship 693 

between the predicted and experimental values, whereas Table 9 summarizes the statistical indicators 694 

of the developed equations for the various embedment-length regimes and surface profiles. Overall, 695 

the equations demonstrated satisfactory predictive capability, with the mean values of u,exp/u,pre 696 

ranging from 1.02 to 1.06. Since all mean values are close to unity, the developed equations can be 697 

considered essentially unbiased and capable of providing reliable estimates of bond strength. The 698 

slightly greater-than-one values indicate a minor tendency toward conservative predictions, whereby 699 

the predicted bond strengths are marginally lower than the corresponding experimental values. 700 

For the short-embedment regime (le/db ≤ 20), the prediction accuracy varied depending on the 701 

surface profile of the FRP bars. The equation developed for sand-coated FRP bars (SP = 1) achieved 702 

an R2 value of 0.851, indicating a strong correlation between predicted and measured bond strengths 703 

(Fig. 18(a)). However, the corresponding COV of 0.320 was the highest among all developed 704 

equations, suggesting relatively large variability in the prediction errors. This observation implies 705 

that although the proposed equation successfully captured the general trend of the experimental data, 706 

additional factors influencing bond behavior may not have been fully represented by the simplified 707 
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model. For fiber-wound FRP bars (SP = 2, Fig. 18(b)), the predictive equation yielded an R2 value of 708 

0.861 and a substantially lower COV of 0.196, demonstrating improved consistency of prediction. 709 

The ribbed FRP bars (SP = 3, Fig. 18(c)) exhibited a slightly lower coefficient of determination (R2 710 

= 0.768) and a COV of 0.203, indicating moderate predictive accuracy. Meanwhile, the equation 711 

developed for ribbed FRP bars with sand coating (SP = 5, Fig. 18(d)) produced the lowest scatter 712 

among the short-embedment groups, with a COV of 0.118, although the corresponding R2 value was 713 

0.716. The reduced scatter suggests that the dominant bond mechanisms associated with this surface 714 

configuration were effectively captured by the proposed formulation. 715 

The equations developed for the intermediate-embedment (20 < le/db ≤ 80, Fig. 18(e)) and long-716 

embedment (le/db > 80, Fig. 18(f)) regimes exhibited substantially improved predictive performance. 717 

Equation (17), corresponding to the intermediate-embedment regime, achieved an R2 value of 0.986 718 

and a COV of only 0.064, indicating excellent agreement with the experimental observations and 719 

very limited prediction variability. Similarly, Eq. (18) for the long-embedment regime produced an 720 

R2 value of 0.969 and the lowest COV among all cases (0.032), demonstrating highly consistent 721 

predictive performance. These results suggest that the governing bond mechanisms become more 722 

stable and predictable as the embedment length increases, allowing the simplified equations to more 723 

effectively represent the bond-strength behavior. 724 

To further evaluate the reliability of the developed equations, bootstrap resampling and leave-725 

one-out cross-validation (LOOCV) analyses were conducted. Table 10 summarizes the predictive 726 

robustness and parameter stability results. Overall, the LOOCV results remained reasonably 727 

consistent with the calibration performance, confirming the generalization capability of the proposed 728 

equations. The strongest robustness was observed for the intermediate- and long-embedment regimes, 729 

where the reductions in R² were limited to only 0.005 (from 0.993 to 0.988) and 0.014 (from 0.974 730 

to 0.960), respectively. Similarly, the equation developed for ribbed FRP bars with sand coating (SP 731 

= 5) maintained satisfactory predictive performance, with the R² value decreasing from 0.842 to 0.777 732 
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under LOOCV validation. In contrast, larger reductions in predictive accuracy were observed for SP 733 

= 1 (ΔR² = 0.047), SP = 2 (ΔR² = 0.137), and SP = 3 (ΔR² = 0.094), indicating greater sensitivity to 734 

the exclusion of individual specimens and reflecting the influence of the limited sample sizes and 735 

inherent variability within these sub-databases. 736 

The bootstrap and LOOCV analyses also provided valuable insights into the stability of the fitted 737 

coefficients. The equations developed for SP = 2 and the long-embedment regime exhibited excellent 738 

parameter stability, with the maximum coefficient of variation (CV) among the fitted parameters 739 

remaining below approximately 10%. Likewise, most coefficients in the SP = 5 and intermediate-740 

embedment equations were found to be highly stable, with the exception of one parameter exhibiting 741 

moderate variability (CV ≈ 33% and 37%, respectively). Conversely, the SP = 1 and SP = 3 equations 742 

showed substantially larger parameter uncertainty, with maximum parameter CV values exceeding 743 

50% and several bootstrap confidence intervals crossing zero. These findings suggest that certain 744 

parameter effects in these equations are not uniquely identified by the available experimental data. 745 

Nevertheless, the corresponding equations still achieved acceptable predictive performance, with 746 

calibration R² values of 0.862 and 0.811 and LOOCV R² values of 0.815 and 0.717 for SP = 1 and 747 

SP = 3, respectively. Therefore, these equations may still be considered suitable empirical predictive 748 

tools within the investigated parameter ranges, although their coefficients should be interpreted with 749 

greater caution than those of the more robust formulations. 750 

In general, the proposed classification framework based on embedment length and surface profile 751 

successfully reduced the variability within the experimental database and enabled the development 752 

of physically interpretable predictive equations. The consistently high R² values, mean prediction 753 

ratios close to unity, and generally satisfactory LOOCV performance confirm the effectiveness of 754 

the proposed methodology. The additional bootstrap and LOOCV analyses further demonstrated that 755 

the reliability of the developed equations depends on both the sample size and the complexity of the 756 

underlying bond mechanisms. The equations developed for the intermediate- and long-embedment 757 
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regimes, as well as for SP = 5, exhibited excellent predictive robustness and parameter stability, 758 

whereas the equations for SP = 1 and SP = 3 showed greater parameter uncertainty despite 759 

maintaining acceptable prediction accuracy. Nevertheless, it should be noted that the intermediate- 760 

and long-embedment datasets contained only 15 and 11 specimens, respectively. Additional 761 

experimental data would therefore be beneficial to further confirm the long-term robustness and 762 

general applicability of the proposed equations over a wider range of conditions. 763 

  764 

CONCLUSIONS 765 

This study investigated the bond strength between FRP bars and concrete at elevated temperatures 766 

using both machine-learning and analytical approaches. A hybrid WOA–ETR model was developed 767 

to predict bond strength, and physically interpretable predictive equations were subsequently derived 768 

based on insights obtained from the machine-learning analyses. The main findings of this study are 769 

summarized as follows: 770 

- The proposed WOA–ETR model demonstrated stable and reliable performance across ten 771 

independent runs, achieving an R2 of 0.942, along with RMSE, MAE, and MAPE values of 1.536 772 

MPa, 1.067 MPa, and 16.812%, respectively, on the testing dataset. 773 

- In comparison with other machine learning approaches, including RF, BR, GB, XGBoost, and 774 

the conventional ETR model, the WOA–ETR consistently yielded superior predictive accuracy. This 775 

improvement highlights the effectiveness of the whale optimization algorithm in fine-tuning ETR 776 

hyperparameters.  777 

- When benchmarked against existing empirical formulations derived from experimental studies 778 

reported in the literature, the proposed model incorporates a broader range of influencing variables 779 

and demonstrates greater adaptability to diverse datasets. Consequently, it offers enhanced predictive 780 

accuracy and generalization capability compared to traditional approaches. 781 
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- SHAP and PDP analyses identified exposure temperature (T) as the most influential parameter 782 

affecting bond strength, followed by surface profile (SP), concrete cover-to-bar diameter ratio (c/db), 783 

embedment length-to-bar diameter ratio (le/db), bar diameter (db), bar type (BT), and concrete 784 

compressive strength (f’c). Furthermore, the interpretation analyses revealed that the governing bond 785 

mechanisms vary significantly with embedment length and surface profile, highlighting the complex 786 

interactions among the influencing variables. 787 

- Based on the insights obtained from the machine-learning interpretation analyses, the 788 

experimental database was classified according to embedment length and surface profile, and a series 789 

of physically interpretable predictive equations was developed using nonlinear least-squares 790 

regression. The proposed equations provided nearly unbiased predictions, with mean values of 791 

τu,exp/τu,pre ranging from 1.02 to 1.06. The equations also exhibited satisfactory predictive performance, 792 

with R2 values ranging from 0.716 to 0.986 and coefficients of variation between 0.032 and 0.320. 793 

- While the WOA–ETR model functions as a black-box predictor, the proposed equations provide 794 

a transparent and computationally efficient alternative for engineering applications. The integration 795 

of ML interpretation techniques with simplified analytical formulations offers both high predictive 796 

accuracy and practical applicability for estimating the bond strength of FRP bars embedded in 797 

concrete at elevated temperatures. 798 

- Bootstrap and leave-one-out cross-validation (LOOCV) analyses confirmed the predictive 799 

robustness and stability of the SHAP/PDP-guided equations. The most reliable formulations were 800 

obtained for the intermediate- and long-embedment regimes, as well as for ribbed FRP bars with sand 801 

coating, where both predictive accuracy and parameter stability were consistently maintained. The 802 

robustness assessment further revealed that the reliability of the fitted coefficients depends on the 803 

size and variability of the corresponding sub-database, highlighting the importance of uncertainty 804 

quantification when developing empirical bond-strength equations from limited experimental 805 

datasets. Overall, the robustness analyses provide additional confidence that the proposed equations 806 
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can serve as practical design-oriented tools while retaining a clear physical interpretation of the 807 

governing bond mechanisms. 808 

Although the proposed equations demonstrated satisfactory to excellent predictive performance, 809 

the available database remains limited for certain embedment-length regimes and surface-profile 810 

categories. Therefore, additional experimental data are recommended to further validate and refine 811 

the developed formulations and to extend their applicability to a broader range of conditions. 812 

 813 
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Table 1. Database of pullout test specimens under high temperature. 

Reference No. of specimens 
T 

(oC) 
BT* SP** 

db 

(mm) 
le/db c/db 

f’c 

(MPa) 

exp 

(MPa) 

Wang et al. [43] 34 20-300 1-2 1 9.5-12.7 5.0 3.15-7.37 33.7 1.5-21.5 

Lu et al. [41] 18 70-230 1 4 6.0 21.0-130.7 12.5 36.3-50. 7 1.86-15.67 

El-Gamal [13] 13 25-350 1 3 8.0 5.0 12.0 52.31-62.94 9.15-19.04 

Ozkal et al. [11] 9 23-600 1 1 9.0 50.0 10.56 40.0 3.38-9.94 

Hamad et al. [50] 8 23-375 1-2 1-2 10.0 10.0 7.0 40.0 0.42-8.34 

Wang [51] 50 20-350 1-2 3-5 6.0-10.0 2.5-20.0 4.60-8.88 32.0-58.9 2.02-23.29 

Note:  
f’c  = concrete compressive strength; db = FRP bar diameter; c/db  = concrete cover to FRP bar diameter; le/db = bonded length to FRP bar diameter; 
SP = surface profile; BT = type of FRP bar; exp = average bond strength (or bond strength) obtained from experimental results. 
* 1 = glass FRP, and 2 = basalt FRP 
** 1 = sand-coated (SC), 2 = fiber-wound (FW), 3 = ribbed bar (RB), 4 = fiber-wound with sand coating (FW-SC), and 5 = ribbed bar with sand coating (RB-SC). 
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Table 2. Descriptive statistics of the compiled database used in this study. 

Parameters Description Unit Min. Q0.25 Q0.5 Q0.75 Max. Mean SD Type 

f’c Concrete compressive strength MPa 32.0 33.7 46.9 46.9 62.9 43.33 8.06 Input 

db Bar diameter mm 6.0 8.0 8.0 9.5 12.7 8.62 1.73 Input 

c/db 
Concrete cover-to-bar diameter 
ratio 

- 3.15 5.75 7.0 10.56 12.5 7.15 2.89 Input 

le/db 
Embeded length-to-bar diameter 
ratio 

- 2.5 5.0 5.0 15 133.7 19.64 30.59 Input 

SP Surface profile - 1 - - - 5 - - Input 

BT Bar type - 1 - - - 2 - - Input 

T Temperature oC 20 70 150 220 600 158.4 109.2 Input 

exp Bond strength MPa 0.42 3.24 10.5 15.53 23.29 10.0 6.31 Output 

Note: Min. = Minimum; Max. = Maximum; SD = Standard deviation; Q0.25 = 0.25 quantile (or 25 percentile); Q0.5 = 0.5 quantile (or 50 percentile); Q0.75 
= 0.75 quantile (or 75 percentile) 
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Table 3. Optimal hyperparameter configurations of the ETR model used in this study. 

ML models Hyperparameters Ranges of values 
Optimal values* 

Default 

values 
1 2 3 4 5 6 7 8 9 10 

Extra trees 
regression 

(ETR) 

n_estimators [200,…,1200] 230.2 734.6 445.9 200 262.3 908.4 210.1 806.1 1087.0 229.4 100 

max_depth [10,…,60] 11.5 13.8 14.4 10.0 11.4 12.5 12.3 11.8 11.7 10.5 None 

min_samples_split [2,…,10] 2.46 2.81 2.09 2.0 2.46 2.49 2.03 2.44 2.34 2.10 2 

min_samples_leaf [1,…,5] 1.15 1.50 1.0 1.0 1.14 1.40 1.01 1.36 1.17 1.05 1 

max_features [0.3,…,1.0] 1.0 1.0 1.0 1.0 1.0 0.96 1.0 0.99 0.89 1.0 1.0 

* Using WOA technique 
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Table 4. Performance of the WOA–ETR model over 10 independent runs. 

Run 

Training Testing 

R2 

RMSE 

(MPa) 

MAE 

(MPa) 

MAPE 

(%) 
R2 

RMSE 

(MPa) 

MAE 

(MPa) 

MAPE 

(%) 

1 0.999 0.027 0.01 0.089 0.941 1.542 1.081 16.167 

2 0.995 0.420 0.290 3.406 0.939 1.576 1.08 17.680 

3 0.999 0.003 0.001 0.00 0.944 1.511 1.063 16.069 

4 0.999 0.143 0.079 0.801 0.942 1.533 1.059 16.095 

5 0.999 0.068 0.033 0.313 0.943 1.527 1.062 16.127 

6 0.999 0.028 0.013 0.122 0.942 1.529 1.057 17.863 

7 0.999 0.026 0.01 0.089 0.942 1.54 1.076 16.134 

8 0.999 0.027 0.126 0.119 0.943 1.521 1.053 17.863 

9 0.999 0.029 0.013 0.123 0.941 1.544 1.069 18.036 

10 0.999 0.141 0.077 0.792 0.941 1.541 1.067 16.090 

Mean 0.999 0.091 0.065 0.585 0.942 1.536 1.067 16.812 

SD 0.001 0.119 0.084 0.980 0.001 0.017 0.009 0.860 
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Table 5. Model performance averaged across 10 independent executions. 

Models 

Training Testing 

R2 SD 

RMSE 

(MPa) 

SD MAE (MPa) SD MAPE (%) SD R2 SD 

RMSE 

(MPa) 

SD MAE (MPa) SD MAPE (%) SD 

RF 0.971 0.002 1.056 0.038 0.669 0.015 15.07 0.89 0.895 0.005 2.060 0.052 1.555 0.051 36.04 2.69 

BR 0.971 0.002 1.058 0.036 0.669 0.019 15.08 0.86 0.895 0.006 2.062 0.055 1.565 0.044 36.16 2.66 

GB 0.997 0.000 0.356 0.014 0.286 0.012 4.96 0.27 0.934 0.010 1.634 0.123 1.177 0.096 21.56 1.82 

XGBoost 1.000 0.000 0.024 0.006 0.016 0.004 0.26 0.06 0.938 0.011 1.583 0.147 1.164 0.113 22.79 3.77 

ETR 1.000 0.000 0.000 0.000 0.000 0.000 0.0 0.00 0.936 0.005 1.605 0.063 1.119 0.046 17.26 0.56 

WOA-ETR 0.999 0.001 0.091 0.119 0.065 0.084 0.585 0.98 0.942 0.001 1.536 0.017 1.067 0.009 16.812 0.86 
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Table 6. Overview of bond strength formulations for FRP-reinforced concrete under high 

temperatures. 

References Formulas 

El-Gamal et al. [13] 

, 20.23 0.015c

re ACI

b

f
T t

d



    

, 2.5 0.015
re FIP c

f T t     

re = bond strength at any temperature, f’c = concrete compressive strength, db = FRP 
bar diameter,  = difference between test and room temperatures, and t = exposure 
duration of specimens at high temperature. 

Ozkal et al. [11] 

 ,m T m m
f T    with 23oC  T  600oC 

,23

,23

g

g

s





 , 

1473

1450g

T



 ,   ,230.981 1

1450s

T
f T     

 
 

g,23 and s,23 = peak bond stresses of GFRP and ordinary steel reinforcements at 
23oC, γg = bond strength coefficient of GFRP, ηg = thermal brittlenness coefficient 
of GFRP bar, f(T) = thermal behavior function.   

 

 

Table 7. Comparison of predictive accuracy of different models. 

Data Models 

exp/pre 

Mean COV R2 

RMSE 

(MPa) 

El-Gamal’s 
study 

ACI 440.1R-06 0.99 0.09 0.834 1.246 

CEB-FIP 1.01 0.09 0.833 1.238 

WOA-ETR  0.99 0.03 0.960 0.511 

Ozkal et al.’s 
study 

Ozkal et al. 1.01 0.04 0.979 0.282 

WOA-ETR  1.00 0.08 0.900 0.883 
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Table 8. Detailed experimental database for each case. 

Data classification No. of specimens 
T 

(oC) 
BT SP 

db 

(mm) 
le/db c/db 

f’c 

(MPa) 

exp 

(MPa) 

le/db  20 

SP = 1 34 20-300 1-2 1 9.5-12.7 5 3.15-7.37 33.7 1.5-21.5 

SP = 2 9 23-325 1-2 2 10 10 7 40 0.42-2.63 

SP = 3 20 20-350 1 3 8 5 5.75-12 46.9-62.93 2.65-19.04 

SP = 5 43 20-270 2 5 6-10 2.5-20 4.6-8.88 32-58.9 9.12-23.29 

20 < le/db  80 15 23-600 1 1-4 6-9 50-79.7 10.56-12.5 40-50.67 3.24-9.94 

le/db > 80 11 110-230 1 4 6 85-130.7 12.5 36.27-50.67 1.86-2.95 



46 
 

 

Table 9. Predictive performance of proposed equations. 

Data 
No. of 

specimens 
Equations 

u,exp/u,pre 

Mean COV R2 

le/db  20  

SP = 1 34 Eq. (13) 1.05 0.320 0.851 

SP = 2 9 Eq. (14) 1.02 0.196 0.861 

SP = 3 20 Eq. (15) 1.02 0.203 0.768 

SP = 5 43 Eq. (16) 1.05 0.118 0.716 

20 < le/db  80 15 Eq. (17) 1.02 0.064 0.986 

le/db > 80 11 Eq. (18)  1.06 0.032 0.969 

 

 

Table 10. Robustness assessment of the proposed equations using LOOCV and parameter 

stability analysis. 

Data 
No. of 

specimens 

Calibration 

R2
 

LOOCV 

R2
 

ΔR2
 

Maximum 

parameter 

COV (%) 

Assessment 

le/db  20  

SP = 1 34 0.862 0.815 0.047 54.8 Moderate 

SP = 2 9 0.873 0.736 0.137 7.1 Good 

SP = 3 20 0.811 0.717 0.094 52.1 Moderate 

SP = 5 43 0.842 0.777 0.065 32.7 Good 

20 < le/db  80 15 0.993 0.988 0.005 36.8 Excellent 

le/db > 80 11 0.974 0.960 0.014 10.2 Excellent 
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Fig. 1. Schematical configuration of a typical pull-out test specimen exposed to high 

temperature. 
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Fig. 2. Statistical distributions of the study’s input and output variables. 
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Fig. 3. Two main types of FRP bars used in this study. 

 

Fig. 4. Details of surface profile configurations of FRP bars. 
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Fig. 5. Distribution of categorical variables. 
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Fig. 6. Correlation between input and output variables. 
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Fig. 7. Flowchart of extra trees regression (ETR) algorithm. 

 

 

 

 

 

 

Fig. 8. Schematic representation of the bubble-net hunting mechanism in the whale 

optimization algorithm (WOA). 
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Fig. 9. Model framework used in this study. 

 

 

 

 

 

 

 

Data
processing

Training dataset Testing dataset

It
er

at
io

ns
Extra Trees 
Regression 

(ETR)

Cross-validation 
RMSE

Best cost

Optimized 
hyperparameters

Data 
collection

N

Y

f’c , db, c/db, le/db, SP, BT, T

Hyperparameter 
tuning using WOA

132 specimens

Input variables

70% 30%

WOA-ETR model

Model Evaluation

(R2, RMSE, 

MAE, MAPE)



55 
 

 

 

Fig. 10. Boxplots of the evaluation metrics obtained from ten independent runs of the proposed 

WOA–ETR model for the training and testing datasets. 

 

 

Fig. 11. Convergence curve of the WOA optimization process corresponding to the best-

performing WOA–ETR model. 
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Fig. 12. Predictions by the best WOA-ETR model in comparison with experimental results. 

 

 

 

 

Fig. 13. Comparison of predictive performance of different ML models. 
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Fig. 14. Comparison of bond strength predicted by WOA-ETR and mathematical models with 

experimental results. 
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Fig. 15. Global interpretation of bond strength predictions using the best-performing WOA–

ETR model. 
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(b) SHAP summary plot
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Fig. 16. Partial dependence plots of bond strength predictions using the best-performing 

WOA–ETR model. 
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Fig. 17. Classification of the experimental database according to embedment length based on 

PDP analysis. 
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Fig. 18. Comparison of the proposed equation predictions with experimental results. 

0

5

10

15

20

25

0 5 10 15 20 25
0

5

10

15

20

25

0 5 10 15 20 25

0

5

10

15

20

25

0 5 10 15 20 25
0

5

10

15

20

25

0 5 10 15 20 25

0

5

10

15

20

25

0 5 10 15 20 25
0

5

10

15

20

25

0 5 10 15 20 25

Experimental bond strength (u,exp, MPa)

P
re

di
ct

ed
 b

on
d 

st
re

ng
th

 (
 u

,p
re

, M
P

a)

Experimental bond strength (u,exp, MPa)

P
re

di
ct

ed
 b

on
d 

st
re

ng
th

 (
 u

,p
re

, M
P

a)

Experimental bond strength (u,exp, MPa)

P
re

di
ct

ed
 b

on
d 

st
re

ng
th

 (
 u

,p
re

, M
P

a)

Experimental bond strength (u,exp, MPa)

P
re

di
ct

ed
 b

on
d 

st
re

ng
th

 (
 u

,p
re

, M
P

a)

Experimental bond strength (u,exp, MPa)

P
re

di
ct

ed
 b

on
d 

st
re

ng
th

 (
 u

,p
re

, M
P

a)

Experimental bond strength (u,exp, MPa)

P
re

di
ct

ed
 b

on
d 

st
re

ng
th

 (
 u

,p
re
, M

P
a)

(a) Short-embedment (SP = 1) (b) Short-embedment (SP = 2)

(c) Short-embedment (SP = 3) (d) Short-embedment (SP = 5)

(e) Intermediate-embedment (d) Long-embedment

Mean: 1.05 
COV: 0.320
R2: 0.851

Mean: 1.02 
COV: 0.196
R2: 0.861

Mean: 1.02 
COV: 0.203
R2: 0.768

Mean: 1.05 
COV: 0.118
R2: 0.716

Mean: 1.02 
COV: 0.064
R2: 0.986

Mean: 1.06 
COV: 0.032
R2: 0.969


	Abstract

