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Abstract

The slant shear bond strength of the UHPC-NSC interface is a key parameter governing
load transfer and structural reliability in composite concrete members. However, accurate
prediction remains challenging because of strong nonlinear relationships among influenc-
ing parameters and the limited availability of experimental data. This study presents an
optimized machine learning framework for reliable bond strength prediction by integrating
Extra Trees Regressor (ETR) and CatBoost (CATB) with Grasshopper Optimization (GO)
and Northern Goshawk Optimization (NG) for hyperparameter optimization. Model per-
formance was evaluated using cross-validation and independent testing to ensure reliable
generalization. Among the developed models, the optimized CATB-NG achieved the high-
est predictive accuracy with an R2 of 0.934, RMSE of 3.081 MPa, and MAE of 2.186 MPa.
SHapley Additive exPlanations (SHAP) identified NSC surface treatment and compressive
strength as the dominant factors influencing bond strength, while Individual Conditional
Expectation (ICE) analysis revealed nonlinear feature interactions and threshold behaviors.
To facilitate practical engineering applications, the optimized model was implemented in a
graphical user interface (GUI) for real-time prediction with standardized feature encoding.
The proposed framework provides an accurate, interpretable, and user-friendly tool for
predicting UHPC-NSC interfacial bond strength and supports engineering design and
decision making.

Keywords: interfacial bond strength prediction; explainable artificial intelligence (XAI);
SHapley Additive exPlanations (SHAP); ICE (Individual Conditional Expectation); meta-
heuristic optimization; ensemble machine learning; concrete interface behavior
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1. Introduction
With the aging of infrastructure due to harsh environmental effects (such as freeze–

thaw cycles, chloride ion attack, and sustained loading), the need for effective rehabilitation
measures for existing reinforced concrete structures has increased continuously [1,2]. Here,
conventional repair materials do not offer good mechanical compatibility and durability,
and often exhibit premature failure between old and new concrete. Adequate bonding
between the existing substrate and the overlay is required to achieve sufficient strength
in repaired or strengthened members for resistance against long-term loads and safety [3].
Poor bonding can cause delamination, cracking, or even complete detachment of the repair
layer, leading to a considerable decrease in the useful life of the structure [4].

In recent years, UHPC has received considerable attention as an excellent repair and
strengthening material that possesses superior mechanical, durability, and rheological
properties when compared to NSC [5,6]. UHPC attains a compressive strength higher than
120–150 MPa, flexural strength of approximately 50 MPa, and direct tensile strength greater
than 5 MPa [7,8]. These unique properties are attributed to its high particle packing density,
optimized water-to-binder ratio (typically less than 0.2), and content of fine supplementary
cementitious materials, such as silica fume and slag [9]. Several factors, such as surface
preparation, interface moisture state, curing environment, sequence of casting, degree of
surface roughness, content of reinforcing fibers, and compressive strength of substrate,
affect bond strength [10,11]. Among them, surface texture and roughness have been well-
accepted as being critical parameters influencing bond strength [12,13]. Higher friction and
interlocking are achieved between the UHPC overlay and NSC substrate due to the rough
surfaces. Studies by Tayeh et al. [14] found that slant shear bond strength for sandblasted
and grooved surfaces increased by 105% and 60%, respectively, over smooth surfaces.
Farouk et al. [15] found that deeper grooves and higher substrate compressive strength
contributed to better resistance in UHPC–NSC columns. Similarly, Horak et al. [16] stressed
that the protrusions of interfaces were crucial to activating the shear strength. Santos
et al. [17] also demonstrated that improved roughness and surface cleanliness can play a
large role in increasing (mechanical) adhesion, although the influence of moisture content
can modulate this effect.

The bond formation mechanism is relatively sensitive to the moisture condition at
the interface [18]. Zhang et al. [19] observed that composites cured at normal temperature
showed a better interfacial quality than those cured under pressure or steam. At moderate
curing, hydration reactions induce a denser microstructure in the ITZ. Their findings show
that the tensile bond strengths between UHPC and NSC were 90 to 142% of those for NSCs.
Microstructural studies by Haber et al. [20] and Feng et al. [21] have demonstrated that
UHPC–NSC interfaces typically exhibit lower total porosity and more developed C–S–
H, resulting in improved mechanical interlocking and chemical adhesion. To assess the
mechanical behavior of the UHPC–NSC interface, different testing techniques have been
used, such as slant shear, splitting tensile, pull-off, and direct shear tests [22,23]. Of these,
the slant shear test has become the most popular and dependable method for measuring
interfacial bond strength under combined stress conditions. Lessly et al. [24] observed that
the curing process also played a vital role in the strength gain of UHPC concrete, where
steam curing was found to be superior to other normal and heat curing techniques.

Khaksefidi et al. [25] investigated the bond of UHPC to high-strength steel bars and
to ordinary strength rebar. Nevertheless, an increase in the rebar diameter resulted in a
slight decrease in the maximum bond stress. It is interesting to note that the effect of bond
length on the maximum bond stress was opposite in both materials: increasing bond length
enhanced the maximum bond stress in NSC, while it had a detrimental effect on UHPC.
Likewise, Huang et al. [26] investigated the microstructure of ITZ between lightweight
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concrete (LWC) and NSC. Due to the porous character of LWC, they noted that surface
roughness is important for developing a good bond between two concretes. A large part
of previous studies has been based on empirical or semi-empirical methods to determine
the BS. While these models accurately describe the data upon which they were developed,
their predictive precision of prediction frequently diminishes when extrapolated to new
data [27,28].

To overcome the deficiency of the empirical formula, ML methods have been applied
to predict bond strength with better reliability in recent literature. Several studies across
different domains have used advanced ML modeling and explainable artificial intelligence
for civil engineering prediction problems [29–35]. These algorithms have been shown to per-
form better in the predictive sense than classical equations, but they might not completely
capture complex nonlinear behavior. Feng Zhang et al. [36] used classical and modern
ML techniques to predict the interfacial bond strength for FRP-concrete and reported 50%
less prediction error from their XGBoost model compared to that of empirical models. Su
et al. [37] adopted several MLR, SVR, and ANN models to estimate the bond strength
between FRP and normal concrete. They achieved values amounting to their determina-
tion’s coefficient being 0.85. Hiew et al. [38] developed and applied a hybrid deep learning
neural network methodology to predict the stress–strain behavior of confined UHPC
subjected to different loadings and environments. Farouk and Jinsong [39] developed a
quantitative ML-based method to estimate the interfacial bond strength between UHPC
and NSC from experimental bond data. Their study demonstrated that the prediction
accuracy of nonlinear models was better than that of classical empirical equations, which
indicates the ability of data-driven approaches to reflect complex UHPC-NSC bond behav-
iors. Likewise, using 113 experimental samples, Lazaridis and Thomoglou [40] presented
an explainable model-ensemble machine learning framework for predicting the shear ca-
pacity of TRM-strengthened masonry walls. An optimized voting classifier of XGBoost
and CatBoost (for R2, 0.95; for MAPE, 8.03%) with SHAP analysis and web application
improved interpretability and practical applicability of the model. Gray et al. [41] proposed
an explainable machine learning framework for the prediction of shear capacity of modular
cold-formed steel beams using 105 validated finite element models. CatBoost yielded the
highest accuracy (R2 = 95.9% and MAPE = 6.49%), while SHAP analysis identified the top
influencing variables, and empirical 95% prediction intervals improved prediction reliabil-
ity. Sapkota et al. [42] adopted ensemble ML for the prediction of interfacial bond strength
of UHPC-NSC using split tensile and slant shear test data. Their findings showed that
gradient boosting and CATB achieved a high accuracy of an R2 up to 0.96, highlighting the
significance of surface treatment as an influential factor. Likewise, Liu et al. [43] developed
a quantitative ML model to predict the UHPC-NSC interfacial bond strength based on 95
slant shear test specimens. Their CATB model provided excellent predictions, with an R2

of 0.948, RMSE (root mean square error) of 1.408, and MAE (mean absolute error) of 1.028,
which respectively surpassed those obtained by neural networks, ensemble models, and
empirical design equations. The research also quantified surface treatment, joint angle, and
NSC-CS as the most significant parameters controlling the bond behavior at the interface.

Tian et al. [44] used ML for prediction the interfacial bond strength of FRP bars on
158 pull-out tests. Among 12 algorithms trained, CatBoost provided the best accuracy (an
RMSE 58.3% lower than that of the existing analytical equation proposed by Tian et al.,
which was statistically best-performing), and feature importance using a light gradient
boosting model revealed rib width to be the primary parameter influencing bond perfor-
mance. Li et al. [45] suggested a new framework for predictive modeling of the interface
bond strength between UHPC and NC based on surface damage parameters using XGBoost.
The model was highly predictive, achieving R2 values of 0.95 and 0.94 for the training
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and testing datasets, respectively. Ecemis et al. [46] used experimental tests and a hybrid
PINN-CatBoost model on the sustainable concrete with waste tire rubber and recycled
steel fibers. The optimized mixture achieved a 6% greater compressive strength compared
to control mixtures, and the hybrid framework successfully predicted strength with the
expository ability of combining physics-informed learning techniques with explainable
artificial intelligence.

Singh et al. [47] presented a ML framework developed to predict the normalized bond
strength of reinforced concrete after exposure at high temperatures using 458 experimental
data. The top predictive performance of XGBoost had an R2 testing value of 0.9417 out of
twelve regression algorithms, and the feature importance analysis identified that exposure
temperature and bond degradation were the salient governing parameters.

Taffese et al. [48] conducted a study based on a database of 170 samples in which the
model established an XGBoost ensemble for the ultimate moment capacity prediction of
UHPC-strengthened reinforced concrete members. The optimized model made predictions
with an R2 of 92.5% (training) and 81.9% (testing), exhibiting relative superiority for
tree-based ensemble models, while also identifying reinforcement ratio, the thickness of
UHPC, and height of member as the most impactful design parameters. In one study by
Mehdizadeh et al. [49], a Bayesian-optimized ML framework was proposed for predicting
bond strength in externally bonded reinforcement on groove (EBROG) systems. Out of
four models, XGBoost was the most accurate model in predicting value with an R2 = 0.987
and RMSE = 0.522 kN. SHAP analysis finally identified fracture energy as the factor that
greatly influences control variables which affect bond strength.

Zhan et al. [50] carried out an ML approach to predict the mechanical and interfacial
properties of concrete materials from experimental data. They found that ML models
were able to accurately predict the datasets that had an R2 over 0.90 and remarkably
lower error than those provided by common regression methods. The analysis showed
the superiority of data-driven models in performing nonlinear relations between material
properties and performance.

Several studies on explainable AI have been reported that capture insights on the
details of concrete using advanced modeling. For instance, Katlav and Turk et al. [51]
proposed an explainable stacked machine learning framework for predicting the bond
strength retention of FRP bar-concrete systems in marine environments using 601 experi-
mental samples. The optimized XGB-LGBM stacked model produced the highest testing
performance (R2 = 0.845 and R = 0.935), whilst SHAP and ICE analyses uncover concrete
compressive strength, conditioning duration, and conditioning temperature as the main
contributors to long-term bond durability.

By using a database of 146 samples and 16 input variables, Abid et al. [52] devel-
oped four machine learning models to predict the interlayer bond strength of 3D-printed
concrete. XGBoost achieved the best predictive performance with training and testing
R2 values of 0.999 and 0.998, respectively, while printing speed, superplasticizer/binder
ratio, water/binder ratio, thixotropic agent, and time interval were identified as the main
influencing factors by SHAP, ICE, and PDP analysis.

Zhang et al. [53] developed an explainable GA-optimized machine learning framework
to predict the bond strength between steel-FRP composite bars and concrete using 241 pull-
out specimens. The GA-SVR model achieved superior predictive accuracy with a testing
R2 of 0.963, outperforming existing empirical equations, while SHAP and 3D-PDP analyses
confirmed the underlying bond mechanisms and supported the development of a practical
GUI for engineering applications.

Al-Hamd et al. [54] developed seven machine learning models to predict the bond
strength of reinforced and fiber-reinforced concrete under ambient and elevated temper-
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atures using 394 experimental samples. Gradient Boosting, XGBoost, and Decision Tree
achieved the highest predictive performance with testing R2 values exceeding 0.95, while
SHAP analysis identified the length-to-diameter ratio and failure surface temperature as
the dominant variables governing bond behavior. Kashani et al. [55] proposed a multi-
output explainable machine learning framework to predict ultimate and relative bond
strengths of corroded reinforcing bars. XGBoost also showed a stronger predictive ability
with R2 = 0·977 for ultimate bond strength and R2 = 0·966 for relative bond strength, while
SHAP analysis indicated that variables most responsible were corrosion level, compressive
strength and yield strength.

Likewise, Khorshidi et al. [56] adopted an explainable multi-objective AI framework
for sustainable fly ash concrete design using a database of 1,062 concrete mixtures. NGBoost
demonstrated the best predictive performance (R2 = 0.92, RMSE = 4.897 and MAE = 3.492),
while uncertainty analysis and nature-inspired multi-objective optimization enabled the
generation of Pareto-optimal concrete mixtures with enhanced strength and reduced
CO2 emissions.

Nikzad et al. [57] developed an explainable transformer-based AI framework for
simultaneous prediction of concrete fracture energy and fracture toughness using 330
experimental samples. Among 25 machine learning algorithms, TabPFN achieved the
highest testing accuracy (R2 = 87.89%), while SHAP analysis revealed that tensile strength,
beam depth, and notch geometry predominantly governed the fracture properties through
nonlinear interactions.

2. Research Significance
The performance of the bond between UHPC and NSC at their interface must be

reliably predicted for the design and rehabilitation of composite structures. The slant shear
bond strength (SSBS) test is an essential parameter for indicating the interfacial quality, and
its performance prediction is still problematic due to the nonlinear interaction of parameters,
including surface roughness, heat curing regime, fiber volume fraction CS, and water-to-
binder ratio. Classical empirical or regression-based models assume a large simplification of
such interdependencies, often leading to spatially and case-specific predictions. Although
ML approaches have been developed for modeling concrete in the past, many previous
studies suffer from poor hyperparameter tuning and training, local convergence, or a lack
of explanation/interpretation, resulting in numerically accurate but unreliable models. As
such, a framework that can be used to improve predictive capability and, further, provide
insight into the impact of controlling parameters on bond strength is essential in the field of
contemporary materials science. The workflow diagram of the current study’s process is
presented in Figure 1. The novelties of the current study are:

1. A novel hybrid machine learning framework integrating Extra Trees Regressor and
CatBoost with Grasshopper Optimization (GO) and Northern Goshawk Optimization
(NG) is proposed to improve the prediction accuracy and generalization capabil-
ity of UHPC-NSC slant shear bond strength through intelligent hyperparameter
optimization. Such optimizers enhance model robustness by efficiently tuning hy-
perparameters while mitigating premature convergence to local optima, a common
limitation of metaheuristic search algorithms. By maintaining an effective balance
between global exploration and local exploitation, the optimization process is more
likely to identify near-optimal hyperparameter configurations, thereby improving
predictive accuracy and generalization performance on unseen datasets.

2. A comprehensive comparative investigation is conducted by jointly evaluating pre-
dictive accuracy, computational efficiency, and optimization performance, providing
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a balanced assessment of the trade-off between model robustness and computational
cost for practical engineering applications.

3. An explainable artificial intelligence framework is established by combining SHAP
and Individual Conditional Expectation (ICE) analyses to quantify both the global
importance and local nonlinear influence of key material, curing, and interface pa-
rameters governing slant shear bond strength.

4. A user-oriented graphical user interface (GUI) is developed to translate the optimized
machine learning models into a practical engineering decision-support tool, enabling
rapid bond strength prediction and interactive visualization without requiring pro-
gramming expertise.

5. An integrated prediction and interpretation framework is presented that combines
metaheuristic optimization, ensemble learning, explainable artificial intelligence, and
GUI-based deployment within a single workflow, providing an accurate, transparent,
and practically applicable tool for UHPC-NSC interfacial bond strength assessment.

Figure 1. Workflow diagram of the proposed modeling process.

3. Methodology
3.1. Data Collection

The quality, diversity, and structure of the dataset for model training and validation
are the basis for any machine learning method’s performance. In the present study, an
advanced database was used for predicting the interfacial bond strength between UHPC
and NSC. These datasets are composed of 133 experimental data points taken from the
literature and used for the bond test used by Farouk and Jinsong [39] and Sapkota et al. [42].
The dataset was pre-processed and labelled for distinction between input parameters and
target output to reduce noise and enhance model interpretability. The input variables are
as follows: UHPC-Age, NSC-CS, NSC-CP, the surface treatment of the NSC (NSC-ST),
and its moisture condition (NSC-MO). The NSC surface treatment is a multilevel inde-
pendent variable, grouped into 6 categories: smooth (SM), wire brushed (WB), drilled
holes (DH), sandblasted (SB), rough surface (RS), and grooved surface (GS). The curing
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system is denoted as 1 for natural curing and 2 for steam curing, while the condition of
moisture exposure is generalized as 1 (surface dry-saturated), 2 (air-dry surface), 3 (surface
wet-saturated). This encoding scheme (which is structured) results in a way of encoding
categorical variables so that they can be well understood by ensemble learners and opti-
mization algorithms. A unified encoding strategy was adopted throughout the study to
ensure identical preprocessing across all hybrid models and enable a consistent compara-
tive evaluation of the proposed optimization frameworks. Given that the developed models
are based on tree ensemble learning, which partitions the feature space using decision
rules rather than distance metrics, the categorical encoding serves only as an identifier
for category membership. Although the compiled database consists of 133 experimental
observations, such dataset sizes are common in machine learning applications within struc-
tural and concrete engineering because experimental testing is costly and labor-intensive.
It should be emphasized that the proposed study does not require separate datasets for
each hybrid model. Instead, the same database was consistently used to develop and
comparatively evaluate four alternative optimized machine learning frameworks under
identical validation protocols. Moreover, Extra Trees Regressor and CatBoost are tree-based
ensemble algorithms that have demonstrated robust performance on structured datasets of
limited size, while the applied metaheuristic optimization algorithms only optimize model
hyperparameters without increasing the number of trainable parameters. Therefore, the
adopted modeling framework is considered appropriate for the available experimental
database. The dataset supplies a well-balanced and physically meaningful description of
the interfacial parameters influencing bond strength, thus forming a reliable platform for
resilient predictive modeling.

3.2. Data Preprocessing and Analysis

The features of the dataset are six in number, where there are input and output vari-
ables, regarding the statistically important parameters such as mean, median, standard
deviation, minimum, maximum, and a record of the range. The data preprocessing and nu-
merical computations were performed using the Pandas and NumPy libraries implemented
in Python Programming V3.14 [58–60].

The statistical details of all the input features are tabulated in Table 1. NSC-CS has a
mean of 47.16 MPa and a median value of 45 MPa among the input features, showing a
slight skew of the distribution. The standard deviation of 5.16 indicates moderate dispersion
around the mean, resulting in minimum and maximum values of 31.9 MPa and 57.4 MPa,
respectively, providing a range width of 25.5 MPa. Likewise, UHPC-AGE exhibits a large
dispersion (the mean is 22.8 days for a standard deviation of 25.43, which spans between
a minimum of 2 and a maximum of 180 days (range 178 days), highlighting significant
variations in the duration of curing. The categorical variable UHPC-CP ranges from 1 to
2 (mean = 1.56, standard deviation = 0.49), indicating that the curing process is likely a
binary classifier.

The second input feature is NSC-ST with an average value equal to 4.74 and a median
equal to 6, indicating a nonhomogeneous distribution. The 2.07 standard deviation indicates
moderate variance across data points. Similarly, NSC-MC has a mean of 1.72 and a median
of 2, with a lower standard deviation of 0.55, indicating relatively similar values of moisture
content in the database, with values limited between 1 and 3 (range width: 2). The only
output feature, BS (bond strength), has a mean of 16.03 MPa and a median of 14.69 MPa, and
it shows some skewedness. Due to a high standard deviation of 9.04 MPa, the bond strength
values spread widely in range, a minimum of 1.19 MPa and a maximum of 41.2 MPa, for a
total of 40.01 MPa. This may imply a wide range of bond strengths, not least due to the
range of input conditions in the training set.
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Table 1. Statistics of all features.

Features Category Mean Median Std. Dev. Minimum Maximum Range

NSC-CS Input 47.16 45 5.16 31.9 57.4 25.5

UHPC-AGE Input 22.8 28 25.43 2 180 178

UHPC-CP Input 1.56 2 0.49 1 2 1

NSC-ST Input 4.74 6 2.07 1 6 5

NSC-MC Input 1.72 2 0.55 1 3 2

BS Output 16.03 14.69 9.04 1.19 41.2 40.01

Figure 2 shows a visualization of the relationships between the six features -NSC-CS,
UHPC, UHPC-CP, NSC-ST, NSC-MC, and BS through a parallel coordinate graph. Having
one line for each data instance, the color differences in each line reflect different response
patterns. NSC-CS values range from 32 MPa to 57 MPa, with significant dispersion. The
values of UHPC-AGE range from 2 days to 180 days. These longer concrete ages might affect
the values of higher bond strength. The UHPC-CP variable is categorical with values that
range between 1 and 2. Also, NSC-ST varies from 1 to 6, which visually represents different
material treatments. Similarly, depending on moisture conditions, NSC-MC values range
between 1 and 3. There seems to be a heavy clustering near lower bond strength values,
when the output variable BS varies from 1.19 MPa to 41.2 MPa. An inverse relationship seems
to arise from trends between UHPC-AGE and BS, where lower values of age correspond
to a lower bond strength. Similarly, the relationships between NSC-ST and NSC-MC also
show various correlation patterns in which specific moisture content, surface fugacity, or
treatment may improve bonding performance. Overall, this visualization indicates potential
nonlinear relationships, which would require more complex statistical or machine learning
approaches to generate meaningful insights into which parameters are impacting BS.

Figure 2. Parallel plots of input and output features.
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3.3. Machine Learning Models and Optimization Techniques
3.3.1. Extra Tree Regressor

Extra Trees Regressor (ETR) is a tree-based ensemble learner. It builds many unpruned
decision trees and averages their predictions [61]. Technically, ETR differs from Random
Forest Regressor in the way randomness is incorporated during tree construction. While
Random Forest is based on bagged samples and searches for the best split among the
randomly selected features, ETR applies all the training data in each tree and chooses to pick
up thresholds from different random values to obtain a new root candidate feature. The best
split is selected amongst those generated thresholds, using a criterion of variance reduction.
This frees us from the burden of searching for the best split points and simplifies the tree-
growing procedure. The aggressive randomization scheme of ETR results in strong variance
reduction over the ensemble, leading to an improved generalization performance [62]. But
such randomness leads to model bias since some useful cut points, or weakly influential
features, might be ignored. Nevertheless, the bigger trade-off in our senses is inevitable,
and yet across all examples, ETR trains faster than Random Forest, and it induces less
overfitting. Technically, ETR is especially efficient to model highly nonlinear systems with
complex feature interactions, as increasing diversity among trees improves robustness and
stability of predictions while being computationally cost-effective.

3.3.2. Catboost Regressor (CATB)

CatBoost Regressor (CATB) is an ensemble model based on gradient boosting, which
builds an additive function consisting of many weak learners, namely symmetric decision
trees, also called oblivious trees [63]. In this arrangement, every tree applies the same split-
ting function and threshold at each level, leading to a balanced and regular tree structure.
This model leads to lower variance and better generalization properties as compared to
the conventional decision tree; it also improves upon the stability of a learning process
by combining it with a strong learner that reacts to less important features (especially
for tabular data with mixed feature scales and compositional or nonlinear interactions),
like concrete mix composition and age. CatB trains the models one-by-one: each new
tree is trained to eliminate the error of the current ensemble by means of gradient opti-
mization with a prescribed loss function (usually mean squared error when considering
regression). A crucial technical strength of CatB is its ordered boosting, which prevents
target leakage in training via the constraints on the predictions for each sample that are
made with the models fitted on earlier samples according to a prespecified order [64]. This
method considerably decreases the influence of overfitting for small to moderate datasets
that are encountered in civil engineering practice. CatB implicitly grasps high-order fea-
ture interactions without relying on hand-crafted feature engineering, and it supports
precise, consistent feature attribution out-of-the-box with its native SHAP value support
for tree ensembles. Consequently, CatB is a powerful high-capacity nonlinear regressor
capable of accurately approximating complex input–output mappings combined with
strong generalization capability and interpretability.

3.3.3. Grasshopper Optimization (GO)

The life cycle of a grasshopper can be divided into three stages: egg, nymph, and adult.
Both nymphs and adults show swarm behavior [65]. In the larval phase, the grasshoppers
jump and move like rolling cylinders. The swarm in this stage moves slowly, and the steps
are small. In the adult phase, grasshoppers form a swarm in the air. The swarm in this stage
moves abruptly and in large steps. Grasshoppers also display food source and target seeking.

The mathematical model to simulate the swarming behavior of grasshoppers is as
follows:
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Xi = r1Si + r2Gi + r3 Ai (1)

Here, Xi = position of ith grasshopper; Si = social interaction; Gi = gravity force on the
ith grasshopper; Ai = wind advection; r1, r2, r3 = random numbers between 0 and 1.

Si =
N
∑

j=1,j ̸=i
S
(
dij
)
·d̂ij

dij =
∣∣xj − xi

∣∣
S(r) = f e

−r
l − e−r

d̂ij =
xj − xi

dij

f = 1.5
l = 0.5

(2)

Here, dij = distance between ith and jth grasshoppers mapped in the interval [1,4];
S(r) = function to define strength of social forces; d̂ij = unit vector from ith to jth grasshop-
pers; f = intensity of attraction; l = attractive length scale; N = number of grasshoppers.

Gi = −gêg (3)

Here, g = gravitational constant, êg = unit vector towards the center of the Earth.

Ai = uêw (4)

Here, u = constant drift, êw = unit vector in the direction of wind. Substituting the
values of Si, Gi, and Ai in Equation (1), we get:

Xd
i =

N

∑
j=1

S
(∣∣xj − xi

∣∣) xj − xi

dij
− gêg + uêw (5)

The above equation is modified so that the model converges to a specific point.

Xd
i = C

(
N
∑

j=1,j ̸=i
C

ubd − lbd
2

S
(∣∣∣xd

j − xd
i

∣∣∣) xj − xi

dij

)
+ T̂d

C = cmax − l
cmax − cmin

L

(6)

Here, cmax = maximum value = 1; cmin = minimum value = 0.00001; l = current
iteration; L = maximum iteration; C = decreasing coefficient to shrink the comfort zone,
attraction zone, and repulsion zone; ubd = upper bound in the dth dimension; lbd = lower
bound in the dth dimension; T̂d = value of the dth dimension in the target (best solu-
tion found).

3.3.4. Northern Goshawk Optimization (NG)

The northern goshawk, a medium-large hunter in the family Accipitridae with an
intelligent process in hunting and catching prey, is used for a mathematical model. Its hunt-
ing technique is divided into two stages. Firstly, it identifies the prey and moves towards it
at a high speed, and secondly, it hunts the prey in a short-tail chase process [66]. The main
inspiration in designing the proposed NGO algorithm is its mathematical modeling of the
mentioned strategy.
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

x1,1 . . . x1,d . . . x1,m
...

. . .
... y

...
xi,1 . . . xi,d . . . xi,m

... y
...

. . .
...

xN,1 . . . xN,d . . . xN,m


N×m

, (7)

The matrix X represents the population of northern goshawks, where Xi denotes the
ith proposed solution. Each element xi,j corresponds to the value of the jth variable in the
ith solution. The matrix has the dimensions N × m with N being the number of population
members and m being the number of problem variables.

F(X) =



F1 = F(X1)
...

Fi = F(Xi)
...

FN = F(XN)


N×1

(8)

The vector F represents the objective function values for the northern goshawk popu-
lation, where Fi is the objective function value for the ith proposed solution.

Pi = Xk, i = 1, 2, . . . , N, k = 1, 2, . . . , i − 1, i + 1, . . . , N,

xnew ,P1
i,j =

xi,j + r
(

pi,j − Ixi,j
)
, FPi < Fi,

xi,j + r
(

xi,j − pi,j
)
, FPi ≥ Fi,

Xi =

Xnew,P1
i , Fnew,P1

i < Fi,

Xi, Fnew,P1
i ≥ Fi,

(9)

where k is a random natural number in the interval [1, N], Pi is the location of the prey
for the ith northern goshawk, and Fp is the value of its objective function. r is a random
number in the interval [0, 1], I is a random number that can be 1 or 2, xi new P1 is the new
status for the ith suggested solution, xi,j new P1 is its jth dimension, and Fi new P1 is its
objective function value based on the first phase of NGO.

Xnew ,P2
i,j = Xi,j + R(2r − 1)Xi,j,

R = 0.02
(
1 − t

T
)
,

Xi =

Xnew ,P2
i , Fnew ,P2

i < Fi,

Xi, Fnew ,P2
i ≥ Fi.

(10)

where T is the maximum number of iterations and t is the iteration counter. Fi nex P2 is its
objective function, xi new P2 is the new status for the ith suggested solution, and xi,j new
P2 is its jth dimension value based on the NGO’s second phase.

4. Model Development and Performance Metrics
The base ensemble learners in this work were ETR and CATB. Extra Trees Regressor

was implemented using the Scikit-learn machine learning library [67], whereas the CatBoost
model was developed using the CatBoost framework [68]. The predictive ability of these
machine learning techniques was improved when tied to GOA and NGOA metaheuristic
optimization algorithms. This hybridization resulted in four final models, ETR–GO, ETR–
NG, CATB–GO, and CATB–NG. The hybridization of ensemble and metaheuristics models
is depicted in Figure 3.
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Figure 3. Hybridization of ensemble and metaheuristics models.

The metaheuristic algorithms were utilized to optimize the main hyperparameters
of the base models for better accuracy and stability. For computational efficiency and
methodological coherence, a restricted optimization was performed using the top three
most impactful hyperparameters for each base model: number of estimators, learning
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rate, maximum depth for CATB; and number of estimators, minimum samples split, and
number of features for ETR. These parameters have the strongest effect on generalization
and learning behavior of models without excessively widening the search space.

In the present study, the K-fold cross-validation method is used to validate the model
and address the overfitting issues and bias estimation of the performance of predictive
models [69]. In this k-divide approach, we partition the dataset into k-sets of approximately
equal size and independently use one set for training and the remaining sets for validation.
This is repeated k times until every data subset can be used for validation, and the model’s
performance is averaged out among all folds. This sort of procedure is a much stronger
and more unbiased estimate of model generalization than a single train–test split, greatly
reducing the risk of overfitting and the associated scenario where one builds a model
that works well on the training data but terribly on new data. For the current study, the
dataset was first split into 80% for training and 20% for testing. The test split was strictly
maintained and only used for final evaluation to give a fair performance estimate of the
developed models.

The process of two-way-fold cross-validation was carried out to maintain compu-
tational efficiency and methodological stability. During the optimization process, each
candidate solution generated by GO or NGO was validated using a 3-fold cross-validation
on the training set. This initial verification allowed for the relative comparison of competi-
tive configurations and reduced the calculation overhead required to perform optimization.
When the metaheuristic algorithm converged towards an optimal architecture, a more
comprehensive 5-fold cross-validation was then utilized for the tuned model to achieve
a reliable estimation of its predictive performance. Finally, the model was retrained with
tuned hyperparameters on the entire training set and tested against an unseen 20% test set
to determine its ability to generalize.

For ETR-GO and ETR-NG, the min_samples_split (with a value between 1 and 10) is
the minimum number of samples required to split an internal node; as its value decreases,
it results in finer splits and thus higher complexity. Ideally, ETR-GO has three; ETR-NG
has two, revealing somewhat more aggressive splitting in the GO-optimized model. The
max_depth controls the depth of the decision trees between 1 and 10, which avoids extreme
overfitting. The best depths are seven (ETR-GO) and seven (ETR-NG), meaning deeper
trees perform better, but it gets trickier to balance. The n_estimators (ranging from 10 to
100) corresponds to the number of trees in the ensemble, which affects the accuracy and
also the time needed to compute the model. The maximum value of ETR-GO is 85, and
for ETR-NG, it reaches 66, which indicates the genetic-optimized model requires a higher
number of estimators than the other models. Likewise, the learning_rate ranges from 0.1
to 1), in addition to the hyperparameters mentioned above. Smaller values cause slower
but more stable learning that mitigates divergence. In GO, CATB-GO yields and selects
0.17 optimally, and 0.11 in CATB-NG, indicating a faster learning rate imposed on GO. We
can observe that max_depth (1 to 10) follows the same pattern as in ETR, with three vs.
six for CATB-GO and CATB-NG, with the GO-optimized model favoring more shallow
trees. For CATB-GO, n_estimators (10 to 100) is found to be 97, while CATB-NG converges
on 89, suggesting the GO preference for more trees. The metaheuristic algorithm (MHA)
parameters of n_pop = 20, max_iter = 100, and dim = 3 suggest that this optimization was
performed with a population size of 20, 100 iterations, and three as the search dimension,
ensuring good exploration of the hyperparameter space. All the details of hyperparameters
are presented in Table 2.
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Table 2. Hyperparameters details of input and output features.

Model Names Hyperparameters MHA Parameter Optimal Value

ETR-GO
max_samples_split (1 to 10)

n_pop = 20; max_iter = 100; dim = 3
3

max_depth (1 to 10) 8

n_estimators (10 to 100) 85

ETR-NG
max_samples_split (1 to 10)

n_pop = 20; max_iter = 100; dim = 3
2

max_depth (1 to 10) 7

n_estimators (10 to 100) 66

CATB-GO
learning_rate (0.1 to 1)

n_pop = 20; max_iter = 100; dim = 3
0.17

max_depth (1 to 10) 3

n_estimators (10 to 100) 97

CATB-NG
learning_rate (0.1 to 1)

n_pop = 20; max_iter = 100; dim = 3
0.11

max_depth (1 to 10) 6

n_estimators (10 to 100) 89

Hyperparameter tuning plays a vital role in optimizing the base algorithm and its
associated performance [70,71]. The performance of the base and optimized models is
distinguished based on the statistical indices. The metrics help to validate the model
for generalizability and prediction ability. The statistical metrics used in the study are
Coefficient of Determination (R2), Root Mean Squared Error (RMSE), Mean Absolute Error
(MAE), Willmott’s Index of Agreement (WI), and Ratio of the Root Mean Square Error to
the Standard Deviation Ratio (RSR), and are presented in Equations (11)–(15).

R2 =
∑n

i=1 (Yi−Ym)2 − ∑n
i=1
(
Yi − Y′

i
)2

∑n
i=1(Yi−Ym)2 (11)

RMSE =
2

√
1
n∑ n

i=1
(
Yi − Y′

i
)2 (12)

MAE =
1
n∑ n

i=1
∣∣(Y′

i − Yi
)∣∣ (13)

WI = 1 − ∑n
i=1
(
Yi − Y′

i
)2

∑n
i=1
{∣∣Y′

i − Ym
∣∣+ ∣∣Y′

i − Ym
∣∣}2 (14)

RSR =
RMSE

2
√

1
n ∑n

i=1(Yi − Ym)2
(15)

Yi is the actual ith value, Y′
i is the predicted ith value, n is number of data samples in

a dataset, and Ym is the mean of actual values.

5. Results and Discussion
5.1. Comparison of Predictions of Different ML Models

The quantitative performances of four hybrid models with ensemble tree regressors
and two optimization strategies are listed in Table 3. All graphical representations were
generated using the Matplotlib V3.11 visualization library [72]. The explained variance was
quantified by the parameter R2. Values near one imply more powerful predictability. On the
training set, CATB NG has a maximum R2 = 0.999, and CATB-GO yields an R2 of 0.996. This
indicates near-perfect fitting. Certainly, error-based metrics concur with this trend. RMSE
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and MAE are used to measure the absolute and average differences between predicted and
observed bond strengths. The CATB-NG has the lowest RMSE value of 0.2183 MPa and
MAE value of 0.164 MPa, indicating little residual error. The WI tests the match between
prediction and measurements. The values tend to unity for all models and are approximately
one for the CATB-based ones. RSR (RMSE/standard deviation of observations) is used to
assess model performance. Lower values indicate better performance. The best-performing
CATB-NG is once again the one with an RSR of 0.025. In the testing set, performance tends
to degrade as expected, but the position is maintained with consistency. CATB-NG still has
the best generalization ability with an R2 of 0.934 and the smallest RMSE of 3.081 MPa.

Table 3. Performance indices for different models on bond strength.

Dataset Indices Ideal Range ETR-GO ETR-NG CATB-GO CATB-NG

Training
Set

R2 1 0.964 0.985 0.996 0.999

RMSE 0 1.613 1.043 0.538 0.2183

MAE 0 1.238 0.774 0.402 0.164

WI 1 0.991 0.996 0.999 0.999

RSR 0 0.187 0.121 0.06 0.025

Testing
Set

R2 1 0.813 0.870 0.908 0.934

RMSE 0 5.203 4.330 3.654 3.081

MAE 0 4.282 3.457 3.034 2.186

WI 1 0.940 0.960 0.972 0.981

RSR 0 0.431 0.359 0.303 0.255

In Figure 4, the actual bond strength is plotted against the predicted one for the
training data. Each subfigure is associated with one model. The black diagonal reference
line indicates a perfect one-to-one relationship between predicted and measured values.
The dashed line represents the best linear regression fit according to the model prediction.
The two dashed lines indicate the acceptable deviation strip around the ideal rule line,
usually interpreted as a confidence or tolerance interval. For CATB-GO and CATB-NG,
the data points uniformly and closely form an ideal line regarding all strength values, also
representing high learning accuracy and low bias. The solid line is barely distinguishable
from the dashed line, indicating the absence of any systematic discrepancy. ETR-GO and
ETR-NG instead exhibit slightly wider scatter at higher bond strengths, which suggests
that it has increased spread and local prediction error. Still, the global linear relationship is
strong, and all models manage to learn this underlying nonlinear map successfully. The
generalization of the model is illustrated by Figure 5, which shows testing data predicted
versus measured bond strengths. The same reference elements apply. The thick diagonal
line denotes the perfect prediction, the dashed line represents the fitted predicted trend,
and the bound means the allowed deviation. Compared to the training, for all models,
point scatter increases as expected under unseen data. CATB-NG has the smallest spread
and is the most closely aligned between fitted and ideal lines, reflecting its better predictive
stability. CATB-GO is next with a little more scatter, but also still linearity. It can be seen
that ETR-based models predict significantly higher deviations (particularly at high bond
strengths), with underprediction apparent as points fall below the ideal line. This behavior
accounts for the higher RMSE and MAE. Figure 6 demonstrates that CATB-NG is the most
stable and reliable in generating bond strength predictions under experimental conditions,
ratifying its applicability for applied usage.
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Figure 4. Actual versus predicted bond strength on training set.

Figure 5. Actual versus predicted bond strength on testing set.
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Figure 6. Regression error characteristic curve: (a) in training set (b) in testing set.

5.2. Performance Comparison of the Models

The performance of all the models across different metrics is not enough. So, other
performance metrics are crucially needed to understand the error distribution and the
computational time. The regression error characteristic (REC) curve is a statistical method
for performance evaluation of regression models [73]. The REC curve plots accuracy (the
fraction of predictions within some acceptable error of the actual value) against absolute
deviation (the absolute impact of the prediction and actual values). For the REC, the Area
Under the Curve (AUC) assesses how well our model identifies the right elements. It is
expected that the AUC score will increase in the case of a more reliable and stable model
with fewer errors in predictions. Also, this metric is very helpful in evaluating how well
models generalize because it graphically shows the distribution of the errors at different
tolerance levels.

From a training perspective, as shown in Figure 6a, CATB-NG (AUC = 0.9270) shows
the highest accuracy among all the error tolerance intervals and the best learning capacity
with the lowest error margin on this dataset. The comparatively less predictive accuracy
of the CATB model is reflected in the use of genetic variation in the form of the CATB-
GO model, which achieved an AUC of 0.8322. Although CATB-GO has a high degree
of predictive accuracy, it still performs slightly worse than the non-genetic-based model.
Within the ETR solution, ETR-NG (AUC = 0.6828) significantly outperforms ETR-GO
(AUC = 0.5089), indicating that the non-genetic optimization method reduces the error
effectively during training of the ETR model. The low performance of ETR-GO (~0.51) also
indicates that there is a problem in either hyperparameter tuning or overfitting, as most
predictions from the training phase show a high deviation. The trend of the REC curve
shows agreement with previously observed behavior of the training sets, confirming that
CATB-NG has the best accuracy and the smallest absolute deviations, as shown in Figure 6b.
All AUC values decline when testing the models when applied to new (unseen) data. This
will reduce the estimates of generalization ability. However, CATB-NG (AUC = 0.7520),
which is the most accurate model, continues to exhibit robust predictive power with a
reduced error rate. Although the CATB-GO (AUC = 0.610) model is ranked in second place,
its generalization is not as good as training. Among the ETR, ETR-NG (AUC = 0.5748)
comes out on top compared to ETR-GO (AUC = 0.4859), further reinforcing the idea
that the model without genetic information is better equipped to minimize error on test
data. Despite the decline in AUC values for all models, there is an increase in the error
distribution on unseen data. This is not always sufficient, but still, CatB models always
outperform ETR, confirming their robustness. The analysis based on AUC demonstrates
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that CATB-NG is the most robust, as it achieves the best balance between accuracy and
minimizing deviations in both training and test samples.

Likewise, Figure 7 is a technical summary of all models, taking both computational
overhead and prediction quality into account and evaluating them using runtime, R2,
RMSE, and MAE concurrently. The runtime is an indication of the time required to train
and optimize the models, thus addressing algorithmic complexity. Predictive performance
is also expressed in R2, the proportion of variance explained, along with RMSE and MAE for
absolute and average prediction errors in MPa. Smaller RMSE and MAE reflect narrower
error distributions, whereas a larger R2 reflects higher predictive consistency. The visual
trends clearly indicate a hierarchy from base to optimized hybrids in improving accuracy,
which progresses systematically at the cost of computational efforts.

Figure 7. Model comparisons across different metrics.

The reference performance levels are set using the base models. ETR (Base) exhibits
the smallest runtime (23 s) but also the poorest prediction performance (R2 = 0.695,
RMSE = 6.602 MPa, and MAE = 4.621 MPa). These results suggest a low capture of variance
and high prediction-error dispersion. CATB Base performance enhancement takes place,
with R2 increasing from 0.533 to 0.764 and error decreasing to an RMSE of 5.828 MPa
and MAE of 4.079 MPa, accompanied by a small runtime increase to approximately 37 s.
This also supports the stronger learning ability of gradient boosting over ensemble tree
regression without external optimization. However, the base models are hindered by poor
parameter tuning, which narrows their generalization accuracy.

The performance improvements of the optimized models are significant and quan-
tifiable. For ETR, with GO, the R2 of 0.695 is improved to an R2 of 0.813 by optimization
and further to an R2 of 0.870 by NG. Likewise, RMSE decreases from 6.602 to 5.203 and
then to 4.330 MPa while MAE decreases from 4.621 to 4.282 and then to 3.457 MPa as well.
These are obtained with an average increase in running time to 138 s and 154 s. The hybrids
based on CATB are the most enhanced. The CATB GO can increase R2 from 0.902 to 0.908
and decrease RMSE/MAE down to 3.654 MPa/3.034 MPa, respectively. CATB NG attains
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the best predictive performance with an R2 of 0.934 and RMSE and MAE of 3.081 MPa
and 2.186 MPa in terms of accuracy with a running time of 338 s. From a research point
of view, when prioritizing prediction reliability and error minimization, CATB NG shows
an optimal trade-off; otherwise, ETR NG is a good alternative solution with reasonable
computational cost.

5.3. SHAP and ICE-Based Model Explainability

SHapley Additive exPlanations (SHAP) is an advanced model interpretability tech-
nique rooted in cooperative game theory that is used to quantify each feature’s contribution
to a model’s predictions [74–76]. SHAP values quantify the contribution of each feature by
calculating the change in the model’s prediction when that feature is added or removed.
SHAP values can be positive (i.e., they have added value to the predicted output) or neg-
ative (i.e., this particular feature reduces the predicted output), meaning that SHAP can
be used for both regression and classification. SHAP is especially beneficial for complex
machine learning models like gradient boosting and ensemble methods, which do not offer
directly interpretable parameters the way linear models’ coefficients do.

The feature importance plot explains variables based on their mean absolute SHAP
values, describing their overall contribution to model predictions as presented in Figure 8.
According to this plot, the NSC-ST has the highest mean SHAP value (3.32), reflecting its
crucial role in bond strength predictive capabilities. Also, NSC-CS follows a mean SHAP
value of 2.76, which further confirms its strong contribution. In the meantime, UHPC-AGE
(0.89) and NSC-MC (0.61) act as relatively moderate contributors, whereas UHPC-CP (0.20)
has the least impact on model predictions. The drastic difference between NSC-ST and other
parameters is the indication that surface treatment is a prominent feature in predicting the
bond strength, whereas curing is found to have a lesser impact (UHPC-CP). That indicates
that surface treatment should receive more focus in model optimization.

Figure 8. Feature importance plots of all input features.

The summary plot shows SHAP values for all data points in a single figure, providing
a sense of the impact and distribution of each feature as presented in Figure 9. In the plot,
the x-axis represents SHAP values, which reflect each feature’s influence on model output,
whereas feature magnitude is shown in a color gradient with blue representing the lower
values and red representing the higher values. The widespread use of SHAP values for
NSC-ST highlights that it has the most dominant effect on predictions. A high-density
of points is observed around the positive SHAP values. This suggests that a higher level
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of surface treatment contributes positively to bond strength. NSC-CS, in contrast, has a
large spread, indicating that the SHAP values are relatively evenly distributed between the
positive and negative. This implies that NSC-CS has a different importance for different
samples. On the other hand, UHPC-CP is very confined in terms of SHAP values, which
further confirms its low predictive importance. The heatmap shows that high values of
NSC-ST and NSC-CS tend to raise predictions, as expected, while low values negatively
affect predictions.

Figure 9. SHAP summary plots of input features.

The SHAP decision plot gives an in-depth view of the contributions of the features
cumulatively to the prediction of the model presented in Figure 10. Each line indicates a
single prediction, demonstrating how SHAP values adjust the output of the model. This
again shows NSC-ST as the largest discrepancy, significantly influencing the bond strength
prediction. The line split accordingly at a number of features, indicating more of an impact
on some samples than on others. A similar rough pattern is observed with NSC-CS, but
with lower variance. The bond strength increases with increasing SHAP values for NSC-ST,
while the results decrease with a lower SHAP value. UHPC-CP shows low variability,
which means that predictions are not very dependent on curing process settings. The
color gradient in the top bar is a visual indication of bond strength, with a darker color
representing higher predictions of bond strength. This also shows that the predictions of
the model are predominantly driven by NSC-ST and NSC-CS, while other features have
much less of an impact.

Figure 10. SHAP decision plot of all input features.

The SHAP dependence plot shows how each feature influences the predictions of
the model (SHAP values) and interaction effects with secondary features presented in
Figure 11. In each subplot, the x-axis represents a specific feature, while the y-axis represents
its respective SHAP values, showing its contribution to the model’s output (BS). It also
serves as an interacting feature, which is represented by the color gradient, to give an
idea of how the two features (weight and height) are dependent on each other. In other
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words, NSC-ST (surface treatment) shows the strongest impact, while its SHAP values vary
from nearly −4 to +6, indicating a direct relationship between elevated NSC-ST values
and augmented bond strength. The dependence plot for NSC-CS (compressive strength)
shows a similarly large spread (−4 to +6 SHAP values), which demonstrates that a higher
compressive strength results in a significant positive effect on the bond strength. As shown
by the color gradient, interaction effects show that NSC-ST also strengthens the effect
of NSC-CS. The SHAP values in the UHPC-AGE plot show a more concentrated range
(−6 to +4), indicating that age has a moderate but very variable impact, with higher values
predominantly increasing bond strength. The NSC-MC plot shows that lower moisture
content results in a minuscule negative effect on NSC-MC predictions with a SHAP value
of −3 and a high moisture content of 3.0, which shows a neutral or slightly positive
effect, but still no visible impact. Lastly, UHPC-CP (curing process) also exhibited the
best behavior and a small range of SHAP values (−3 to +2), further confirming its lesser
influence in model predictions. The analysis of interaction shows that NSC-ST and NSC-CS
dominate the model’s decision-making process, followed by UHPC-AGE, NSC-MC, and
UHPC-CP. The detailed analysis shows that the surface treatment and compressive strength
play the most important role, and their interaction significantly determines the predicted
bond strength.

Figure 11. SHAP interaction plots of input features.

An Individual Conditional Expectation plot (ICE plot) is a graphical display that
allows one to observe how a model’s predictions would vary when individual feature
values are modified, while taking the variance over many observations into account [77,78].
The ICE plot result is presented in Figure 12. The light blue lines represent a unique data
instance, demonstrating the independent effect that the feature value has on predicted
bond strength. The average between all partial dependencies is shown by the dashed
orange line that summarizes the overall trend. The ICE plots for NSC-ST and NSC-CS
also show a strong and nonlinear dependence of these descriptors on bond strength. For
NSC-ST, as the surface treatment value continues to increase, the predictions increase
proportionately, but it is generally seen that the effects have the strongest influence above a
value of 3. This trend remains consistent across all data points, solidifying NSC-ST as the
most predictive one. The trend of NSC-CS appears to be nonlinear: between 40 and 46 MPa,
the bond strength decreases significantly, only to increase beyond this point, indicating
that it potentially interacts with other variables. However, for UHPC-AGE, a positive
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correlation was determined, with some sharper increases in bond strength for the first
values (0–20 days), while later (beyond 40 days), no changes can be found. This indicates
that longer curing times cause greater strength, but eventually that would plateau. NSC-
MC has a weak linear relationship with slightly nonlinear behavior around a lower limit
between 1.5 and 2.5, with a higher potential impact, peaking at a certain point, and then
declining below 2.5. The ICE curves show variability in these observations, indicating some
interaction with other factors. In contrast, UHPC-CP showed a less pronounced and linear
effect on bond strength. The instances have very low variability, thus further confirming
that UHPC-CP does not significantly influence the model’s predictions. These ICE plots
affirm that NSC-ST and NSC-CS dominate, while there is a secondary influence, specifically
from both UHPC-AGE and NSC-MC, leaving little to no effect from UHPC-CP.

Figure 12. Individual Conditional Expectation plot of all input features.

5.4. Discussion and Graphical User Interface

The evaluation of predictive performance is demonstrated in Table 4, comparing the
proposed framework with previous machine learning studies utilizing the same slant shear
bond strength dataset. The comparison illustrates a very clear improvement in prediction
accuracy obtained by the present work relative to previous approaches. Faroukh and Jin-
song [39] used a Random Search-tuned SVM, which resulted in a testing R2 of 0.792 with
an RMSE of 3.465 MPa. Despite the model capturing reasonable predictive power, the
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performance of this classic machine learning algorithm was limited by its inability to han-
dle the strongly nonlinear relationships among governing material, mixture and interface
parameters. Subsequently, Sapkota et al. [42] achieved an additional extension for the pre-
dictive framework by implementing the CatBoost algorithm with Bayesian hyperparameter
optimization, completed with SHAP and ICE analyses for better model interpretability. Gra-
dient boosting and explainable artificial intelligence (XAI) demonstrated their benefits by
providing a better understanding of the influential variables. This approach also improved
the testing performance, achieving an R2 of 0.8274 and an RMSE of 3.1375 MPa.

Table 4. Performance comparison with earlier studies in slant shear datasets.

Reference Dataset Best Model Used Optimization Explainability Test R2 Test RMSE

Faroukh and Jinsong [39] 133 SVM Random Search No Analysis 0.792 3.465

Sapkota et al. [42] 133 CATB Bayesian SHAP 0.8274 3.1375

Present Study 133 CATB-NG GO, NG SHAP, ICE, GUI 0.934 2.186

Based on these advancements, the current study presents an ensemble–metaheuristic
framework combining CatBoost with GO and NG. Contradicting previous findings, the
proposed framework not only minimizes the hyperparameter search problem using bio-
inspired optimization algorithms but presents a systematic comparison of four hybrid
models to select the most robust predictive structure across different datasets. The optimal
CATB-NG model obtained a testing R2 of 0.934 and RMSE of 2.186 MPa, which corresponds
to an approximately 17.9% improvement in accuracy compared to the SVM model, and
also an approximately 13.0% enhancement compared to the Bayesian-optimized CatB
model. Likewise, it made considerable improvements with RMSE reducing by 36.9%
and 30.3%. The better predictive performance comes from the GO and NG algorithms
having preferable exploration and exploitation ability compared to those in traditional
optimization methods, allowing for less intensive but more effective hyperparameter tuning.
In addition, combining SHAP and ICE provided global and local interpretability of the
built models, while building a GUI improves the pragmatic applicability of the proposed
framework in engineering practice. This combination of improvements shows that the
proposed framework not only has much better accuracy in predication but is also more
transparent and practical to use, making it a series-step advance over existing machine
learning methods for UHPC-NSC slant shear bond strength prediction.

This graphical user interface (GUI) was developed using the Tkinter framework avail-
able within the Python standard library [79]. It is effective for the prediction of slant shear
bond strength (BS) at the UHPC-NSC interface employing an explainable hybridized ma-
chine learning model as shown in Figure 13. It combines important factors’ influences to
accurately determine bond strength, including those of NSC-CS, UHPC-AGE, NSC-CP,
NSC-ST, and NSC-MC. Users can thus enter these variables into the system to be able to take
advantage of an optimized predictive model trained on a large dataset covering different
curing, treatment, and aging conditions. This considers the surface preparation techniques
and curing environments, all of which can influence interfacial bond performance. After
entering the input parameters, once the user retrieves the BS in megapascals (MPa), the
GUI will help researchers and engineers in assessing UHPC-NSC bond performance, signif-
icantly improving the efficiency in the process of analysis and experimentation. Moreover,
this tool is useful for mix optimization and the assessment of structural retrofitting solu-
tions, as well as performance-based design of composite UHPC-NSC structures, serving as
a rapid and efficient procedure to predict the interface bond strength experienced under
distinct preparation and curing conditions.
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Figure 13. Graphical user interface (GUI) using optimized CATB-NG model.

Although the developed hybridized approach is more accurate in predicting interfacial
bond strength between UHPC and NSC, some limitations should be considered. The primary
limitation is the small size of the dataset (there were fewer than 150 data samples). Small
sample sizes lead to statistical weakness of models and poor generalization properties in
unseen or extreme conditions. It can also be observed, however, that the relationship among
physical factors, including surface treatment type, curing method/moisture state, UHPC
age, etc., is inherently nonlinear and very sensitive to local boundary conditions. Even
small experimental or environmental perturbations (temperature, humidity, and perhaps
casting sequence) introduce large variations in the measured bond strength that current
models do not adequately describe. Moreover, although the use of bio-inspired optimizers
such as GO and NG improves parameter tuning considerably, these techniques are still
expensive to compute. They may be trapped in suboptimal solutions if perturbed by noise in
objective function evaluations or by high-dimensional spaces. The lack of information about
real-time or probabilistic uncertainty quantification also hinders the model from expressing
confidence in its own forecast, a necessity for high-stakes structural design use cases.

In future work, developing data fusion from multiple sources/laboratories/simulations,
or applying data augmentation at the laboratory scale, could significantly enhance model
stability and coverage. Such a consideration can be effectively incorporated into data-driven
models via PIML frameworks to avoid the discrepancy with known material behavior. In
addition, uncertainty-aware models and active learners, including Bayesian ensembles,
conformal regressors, and epistemic–aleatoric hybrid learners, can be used to self-assess
reliability and decide which data points to query from the most uncertain regions. More-
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over, domain adaptation and transfer learning can be added to generalize predictions to
new materials, geometries, or curing regimes. In terms of computation, it is interesting
to investigate multi-objective optimization considering accuracy, interpretability, and run-
time efficiency. Also, the creation of interactive and cloud-embedded analytics platforms
would enable researchers and practitioners to visualize model outputs, interpret sensitivity
analysis under SHAP and ICE framework conditions, as well as apply trained models to
practical decisions at a design level. Together, these extensions will be to the benefit of the
scientific and engineering community in terms of the relevance of machine learning tools
in interfacial bond characterization.

6. Conclusions
This paper describes a robust and application-driven machine learning framework

for the prediction of slant shear bond strength at the UHPC-NSC interface that overcomes
the deficiencies of traditional empirical and data-driven ways to capture nonlinear and
interaction-based responses. The system consolidates ensemble learning, bio-inspired
optimization, and explainable artificial intelligence to gain enhanced predictive power at
a consistent physical understanding level. The incorporation of computational efficiency
evaluation and GUI-based implementation further evidences the balance between accuracy
and practical utilities, which allows informed decision making in UHPC NSC composite
design and retrofitting.

1. The hybrid models, when optimized, demonstrate a clear increase in predictive power
over the base learners. The test set R2 value rises gradually from 0.695 and 0.764
in ETR Base and CATB Base to 0.870 and 0.934 in ETR NG and CATB NG, respec-
tively. Meanwhile, RMSE decreases from 6.602 MPa and 5.828 MPa to 4.330 MPa and
3.081 MPa, while MAE reduces from 4.621 MPa and 4.079 MPa to 3.457 MPa and
2.186 MPa. These gains support strong generalization and a compact error bound for
the optimized model.

2. Base models offer the fastest runtime, with 23 s in the case of ETR and 37 s for CATB,
but weak prediction accuracy. In the case where hybridization with GO and NG is used,
the runtime increases in the range of 138 s to 338 s, but these lead to large improvements
in performances. ETR-NG enhances R2 by approximately 25% (at the cost of up to
6.7 times the runtime). Furthermore, CATB-NG enhances R2 by approximately 22%, at
the cost of an approximately 9.1-fold increase in runtime. This is an explicit accuracy
computation trade-off.

3. The NSC surface treatment is shown to be the dominant factor over bond strength,
according to the SHAP results. It reveals that the UHPC age and moisture condition
have a medium-scale effect, and the curing manner is of little importance. These trends
are consistent with a bond transfer mechanism that is controlled by the mechanical
interlocking and coercer integrity.

4. Trends of SHAP dependence show that NSC with a rough or mechanically treated
surface is associated with higher bond strength. Enhanced NSCs appear to improve
bond performance up to a saturation level, after which further benefits diminish. The
age of the UHPC has a threshold effect and is significant in that it develops rapidly at
its early ages, then reaches stability.

5. The SHAP dependence plot shows that typically the roughed or mechanically treated
NSCs are the highest positive SHAP values, indicating they make good candidates for
bond improvement. The CS of NSC contributes positively to an optimal mid-to-high
strength range, past which the marginal increase in bond strength becomes smaller.
There exists a threshold effect in the bond properties of UHPC with a substantial
increase at early to mid-age, followed by stabilization. SHAP contributions are
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always higher under lower moisture conditions, and this may reflect greater interfacial
adhesion at these reduced levels of surface moisture.

6. The ICE plots indicate strong nonlinear and interaction effects, especially between
surface treatment and NSC strength. Only when both parameters are favorably aligned
does the bond strength increase steeply, which accounts for the range of applicability
of linear or weak sequence-dependent models.

7. A GUI of the user interface is developed by using Tkinter with an implemented
optimized CATB-NG model for live prediction. The framework maintains stable
feature representation, stationary inference, and fast bond strength evaluation in
the face of uncertainties, enabling practical engineering decision making without
requiring expertise in machine learning.
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