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ARTICLE INFO ABSTRACT

Keywords: Limestone calcined clay cement (LC%) offers a promising binder for reducing clinker in concrete;
3

LC however, its compressive strength is influenced by both binder chemistry and mix proportions.

Machine learning

e Although many studies have investigated LG, an integrated approach that combines machine
Greywolf optimization

learning prediction, optimization, and experimental validation for mix design is still limited. This

CatBoost e . . . .
Compressive strength study proposes a metaheuristic-assisted machine learning based framework to predict the
Sustainability compressive strength of LC concrete, and to identify an optimal mix design. The optimized mix

was then subjected to preliminary experimental validation. A literature database of 172 LC®
concrete mixtures compiled from 42 published studies was used, with 19 input variables
describing oxide compositions of Ordinary Portland cement (OPC), calcined clay (CC), and
limestone powder (LSP), together with key mix parameters. Four ensemble learners (CatBoost,
XGBoost, Random Forest, and LightGBM) were trained using an 80/20 train-test split. Five-fold
cross-validation was applied to ensure model reliability. CatBoost provided the best generaliza-
tion on the test set compared to other models studied. SHAP results revealed that the water-to-
binder ratio (W/B) was the most important factor in determining strength, followed by the
content of coarse aggregate (CA) content, sand-to-binder ratio (S/B), and LSP content. The trained
CatBoost model was coupled with a Gray Wolf Optimizer (GWO) to obtain a feasible optimal
combination. The strength was predicted to be 57.21 MPa. The average strength of 100 mm cubes
was 51.54 MPa with standard deviation of 0.21 MPa. The proposed framework has the potential
to be used for data-driven design of LC® concretes.
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1. Introduction

Urbanization and infrastructure development activities are expected to drive global demand for concrete to 6 billion tonnes by
2060 [1]. Ordinary Portland cement (OPC) is energy-intensive and produces 8% of CO2 emissions in the atmosphere as a result of its
use as a binder in concrete mixtures. Moreover, the cement and concrete sector accounts for nearly 39% of energy-related industrial
emissions [2]. These figures underscore the urgent need to decarbonize cementitious systems in alignment with international climate
mitigation targets. In OPC, it was found that the major contributor to COz emissions is clinker production. It is a result of both fuel
combustion and calcination of limestone. Hence, using alternative materials in partial replacement of clinker can be a good option for
reducing embodied carbon. LC? is a newly found alternative cement for reducing CO- emissions. It is a quaternary cement containing
clinker, calcined clay (CC), limestone powder (LSP), and gypsum (GYP) [3]. LC® composition can minimize the clinker content by up to
50%, resulting 30-40% decrease in CO2 emissions compare to conventional OPC. CC is typically produced at moderate temperatures
(700-800 °C), significantly lower than those required for clinker production, and does not involve process emissions from carbonate
decomposition [4]. Previous studies have reported that LC3-50 mixes comprise 50% clinker, 30% CC, 15% LSP and 5% GYP. These
mixes achieve comparable compressive strengths to OPC in 28-days, which supports their potential use as low-carbon binders in
structural applications [5]. In the case of LC® mortars with 65% clinker content (LC3-65), where waste brick powder was used in place
of CC. The resulting compressive strength was comparable to the reference mixture. The mixtures preserved approximately 98% of the
reference strength at 7 days and 93% at 28 days [2]. For LC3-50, the loss of strength was more apparent; nevertheless, the strength
values were still within the required limits of minimum strength. The large-scale life-cycle assessment's findings show that substitution
of 50% of the clinker content with a metakaolin-limestone blend can lead to a substantial reduction in environmental impact. This
method reduces greenhouse gas (GHG) emissions by about 30% and the production costs by 12% [6].

Nevertheless, LC® concrete's growing popularity necessitates effective tools for designing and predicting mix performance.
Compressive strength (CS) continues to be one of the prime properties for determining whether concrete mixes are suitable for
structural applications [7-9]. But laboratory testing is slow when a number of variables influence strength, including binder pro-
portions, water-to-binder ratio (W/B ratio), curing, aggregate characteristics, and chemical admixtures [10]. In LC® systems, pre-
diction is even more challenging because hydration chemistry is complex and depends strongly on clay quality and reactivity.
Conventional analytical or empirical models may not capture these interactions well, and developing LC3-specific models remains
difficult [11]. Therefore, there is growing interest in data-driven approaches that can learn these relationships from existing data.

Machine learning (ML) is acknowledged as a powerful approach for estimating properties of concrete because of its capacity to
capture the nonlinear relationships among a number of factors. ML models can recognize patterns, and interactions which is chal-
lenging to depict using conventional equations by training on experimental data [12]. Machine learning approaches have been used to
systems based on CC and LC? . Drawing from paste and mortar data, Han et al. (2023) developed a Random Forest model and obtained
an R? value of approximately 0.92 for predicting compressive strength, but only through prediction rather than for mixture optimi-
zation or for the validation of optimized mixtures [13]. In order to reduce cost and carbon footprint, Chen et al. (2025) created a hybrid
ML and multi-objective optimization technique for LC® concrete and used a MICE-XGBoost model integrated with NSGA-II to achieve a
R? value of 0.928. However, the optimized mixes were not tested [14]. By combining ML with metaheuristic optimization, Sapkota
et al. (2025) were able to reach R? values greater than 0.97; however, their optimization focused on model parameters rather than
particular mix designs [11]. Liu et al. (2025) investigated LC? -ECCs and reached an R? of 0.977 with optimized XGBoost models, but
their interest was in ECCs, not conventional LC? concrete, and no experimental validation of optimized mix designs was carried out
[15]. Canbek et al. (2022) determined the yield stress rather than compressive strength when predicting the rheological properties of
LC?® pastes, with an R? of 0.967 [16]. Similarly, Bansal et al. (2022) combined ML with embedded sensor monitoring in Lc? paste
system to achieve R? values close to 0.99; however, their study was restricted to paste systems and did not address the mix optimization
[17]. In general, most existing studies focus mainly on improving prediction accuracy. Only a very small number of studies attempt mix
optimization, and even in those cases the optimized mixtures are not validated through laboratory testing at the concrete level.

In addition to LG3-specific studies, recent research has also integrated machine learning and metaheuristic algorithms in con-
struction and structural engineering. For instance, Zhang et al. (2026) introduced a metaheuristic-based framework called CatBoost to
predict the mechanical properties of corroded reinforced concrete beams [18]. Model interpretation was also employed to interpret the
predictions. The use of machine learning, metaheuristic optimization and model interpretation is shown to be helpful for a complex
engineering problem. The purpose of the use of a metaheuristic algorithm, however, can be different. These can be used to fine-tune the
parameters of ML models, or to identify an optimum engineering design with a trained ML model. The present study follows the second
approach. CatBoost is used as the prediction model and GWO to find feasible LC? concrete mix proportions based on the predicted
compressive strength. The best mixture is then tested in the laboratory.

Despite the significant contributions of these studies toward the comprehension of LC? and the application of ML methods, it can be
noted that the scope and goals of these studies are vastly different from those of the current investigation. Table 1 shows the significant
differences between existing LC® ML research and the current investigation with respect to material type, modeling approach, opti-
mization method, and experimental validation.

As seen in Table 1, most current LC3-related ML studies have been limited to primarily property prediction. The application of ML to
optimization has been explored in very limited studies, and experimental validation of optimized LC® concrete mixtures is limited.
Hence, the major contribution of the current study is based on these following novel aspects: integration of multiple ML models;
interpretation using SHAP; mix design optimization utilizing GWO and laboratory validation.



Table 1

Comparison of existing LC* -ML studies with the present study.

Ref. LC3 form ML models ML application Difference from current study
[14] LC® Concrete (387 samples; MICE-XGBoost + NSGA-II Prediction of compressive strength + multi-objective No experimental validation of optimized mix
paste + mortar + concrete) optimization
[13] LC® (Paste + Mortar, 430 Random Forest Prediction of compressive strength only No mix optimization; no experimental validation
samples)
[17] LC® Paste ANN, ML regression Prediction of compressive strength only Paste only; no mix optimization
[15] LC3-ECC (156 samples) MH-XGBoost, GEP Prediction of compressive strength + hyperparameter ~ Optimization for model tuning only; no experimental validation
optimization
[16] LC® Paste ML regression Rheology prediction only Focus on yield stress; no
strength optimization
[19] LC® mortar RF, GBM, ET, XGBoost, and Compressive strength prediction only No experimental validation
CatBoost
[20] LC® Concrete RF-PO + XGB-LS Compressive strength prediction + hyperparameter No experimental validation
optimization
[21] LC® Mortar ANN, SVM Compressive strength prediction only Mortar only, and also no optimization and lab validation
[22] Low-carbon cementitious Interpretable ML models Autogenous shrinkage prediction only ML used to optimize autogenous shrinkage properties, not compressive
materials strength
Current LC® Concrete XGBoost, RF, CatBoost, LightGBM, Compressive strength prediction + Greywolf LC® concrete-specific, multiple ML models for robustness, Compressive
Study Greywolf optimization optimization for mix design, and SHAP strength prediction, Mix design optimization, preliminary experimental

validation
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2. Methodology and data description
2.1. Methodology

Fig. 1 presents the complete methodological process followed in this research. This starts with data collection, followed by data
preprocessing, and exploratory data analysis to assess quality and consistency of the data. The data is then divided into a training set
(80%) and a testing set (20%) for model development and evaluation. GridSearchCV-based hyperparameter tweaking is used to
improve the performance of several algorithms that are tested using five-fold cross-validation during model training. If the model's
performance falls short of the necessary accuracy, the tuning procedure is repeated until a suitable result is obtained. Following
training, the model is evaluated on testing set, and the performance is judged based on the determination coefficient (R? > 0.8), RMSE,
MAE, and MSE metrics. The best model is then selected and combined with GWO technique to determine the optimum LC® mix
proportions for maximum compressive strength. Finally, the optimized mix design was subjected to preliminary experimental vali-
dation through laboratory testing. This validation was used as a case study to compare the model prediction with the measured 28-day
compressive strength.

2.2. Data collection

The compiled dataset, which includes 172 datapoints from 42 published research articles from 2015 to 2025 [7,23-63], which were
used to develop the ML models. To achieve the homogeneity, these studies were selected based on their suitability for LC® concrete
mixes rather than for LG mortar or paste systems. The input features were selected to represent both raw-material chemistry and
concrete mix proportions. The chemical compositions of the OPC, CC, and LSP were also included to reflect the diversity of their

Pl"ed.ICtI(.)n & Data Data Exploratory Final Dataset
(Slallil el Collection Preprocessin Data Analysis (169)
LC?® Concrete B 9 v
CatBoost
5-fold Cross Model XGBoost Model Training Set Data
Validation Training Selection (80%) Spliting
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Model Training :
Complete Model Testing
R? of CS 2 0.8

Statistical Method . Visual Method
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l
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Tuning
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Fig. 1. Methodological workflow.
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chemical properties reported in various studies. These differences may impact the hydration and strength development of LGS systems.
The other variables, such as binder content, OPC, CC, LSP, GYP, aggregate contents, S/B ratio and W/B ratio are the main proportions
of the concrete mixture. So, the selected features enable the ML models to take the material-related and mix design-related effects on
CS into consideration. Statistical analyses of the variables are presented in Table 2.

2.3. Data preprocessing

The initial dataset contained 172 observations. The dataset was checked for missing values, duplicate observations, non-numeric
entries, and formatting errors. No missing values were identified; therefore, no imputation was required. Three duplicate observations
were identified and removed, resulting in a final dataset of 169 observations. The input features were then separated from the target
variable, which was the 28-day compressive strength. No automatic statistical outlier-removal method was applied. Extreme obser-
vations were retained when they were physically plausible because the dataset was compiled from different LC? concrete studies with
wide variations in material chemistry and mix proportions. For example, the W/B ratio ranged from 0.25 to 0.60, while the 28-day
compressive strength ranged from 14.84 to 77.91 MPa. Retaining these observations preserved the experimental variability repre-
sented in the literature database. The final dataset was divided into training and testing sets using an 80/20 split. This ratio was
selected to retain most of the observations for model development while preserving an independent subset for final evaluation.
Approximately 135 observations were used for training and 34 observations were reserved for testing. A fixed random seed (ran-
dom_state = 42) was used only to ensure reproducibility of the data partition and to provide the same training and testing samples for
all four ML models. The value 42 has no specific statistical advantage. Five-fold cross-validation within GridSearchCV was applied to
the training data for model selection and hyperparameter tuning, while the independent test set remained unused until the final model
evaluation. No data augmentation or synthetic data generation was applied in the present study. All observations used for model
development and evaluation were experimentally reported LC® concrete data collected from the literature.

2.4. Correlation heatmap analysis

Fig. 2 is the heatmap correlation for the input variables and CS_28 for LC? concretes. The correlation coefficient for LC3 binder
content is 0.46, indicating a moderate relationship between both strength and binder content. OPC content (r = 0.19) and the S/B ratio
(r = 0.23) present weak-to-moderate positive relations as well, indicating that adequate binder content and well-graded aggregate
induce excellent compressive performance. On the other hand, water-to-binder ratio exhibited a weak negative correlation (-0.18), a
finding that supported the fact that higher water volume increases porosity, consequently reducing strength. The chemical constituents
showed that CaO in OPC and CaO in LSP produced small positive effects of 0.19 and 0.05, respectively, while Fe-0s in CC had a small
—0.26, likely owing to its insignificant role in hydration. Of note, SiO> and Al-0s in CC are associated with 0.65 with consistent
composition in clay sources, while CaO and Al=0s in OPC are moderately associated with 0.64 indicating associated clinker variation.
Overall, these correlations confirm that LC> concrete strength is controlled by a number of combined binder chemistry, mix pro-
portions, and water content rather than any single parameter; thus, more complex machine learning approaches are required, capable
of handling nonlinear interactions.

Table 2
Statistical analysis of the raw dataset.

Parameters count mean std min 25% 50% 75% max

CC(Si02)% 169.0 57.96 7.35 35.64 54.67 54.67 60.61 78.71
CC(AI203)% 169.0 29.31 6.85 12.37 24.95 27.69 29.72 46.96
CC(Fe203)% 169.0 3.69 2.5 0.18 1.95 4.93 4.93 15.38
CC(Ca0)% 169.0 0.52 0.81 0.01 0.06 0.09 1.08 5.69
OPC(Si02)% 169.0 20.11 1.28 15.41 19.01 20.10 21.12 23.52
OPC(AI203)% 169.0 4.59 0.65 3.51 4.17 4.40 5.10 7.16
OPC(Fe203)% 169.0 3.54 0.88 2.00 2.92 3.58 3.89 5.60
OPC(Ca0)% 169.0 63.75 1.83 55.94 63.17 63.81 64.59 69.86
LSP(Si02)% 169.0 8.58 7.94 0.10 0.57 10.07 11.25 27.01
LSP(Ca0)% 169.0 54.04 19.31 31.50 44.24 48.54 55.00 98.72
LC? binder (Kg/m®) 169.00 406.18 61.31 291.00 360.00 400.00 420.00 700.00
CC (%) 169.00 27.68 7.07 6.50 22.10 30.00 30.00 45.00
OPC(%) 169.00 56.07 12.27 30.00 50.00 55.00 70.00 90.00
GYP (%) 169.00 1.66 2.10 0.00 0.00 0.00 4.00 10.00
LSP(%) 169.00 14.59 7.86 3.30 10.00 15.00 15.00 49.00
S/B ratio 169.00 2.05 0.49 1.10 1.66 211 2.37 3.28
CA (kg/m?) 169.00 1001.87 142.78 600.00 894.00 994.10 1098.00 1540.00
FA (kg/m>) 169.00 812.62 141.68 575.00 687.00 842.40 909.50 1200.00
W/B ratio 169.00 0.41 0.069 0.25 0.40 0.40 0.46 0.60
CS_28 169.00 47.77 13.10 14.84 38.40 47.50 56.87 77.91
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Fig. 2. Correlation between input and output parameters.

2.5. Density distribution

Fig. 3 density distribution plots show how the normalized values of CS (28 days) vary with the individual mix parameters,
providing insight into the role of each feature in strength development. Indeed, mixes with higher LC® binder content are associated
with increased strength, since their density peaks fall at the upper range of CS (28 days), confirming that adequate binder dosage is
conducive to developing a dense and cohesive microstructure. In return, the W/B ratio follows an opposite trend; higher the W/B
value, lower the strength density, emphasizing the negative impact of excess water on matrix porosity and thereby strength reduction.
The distribution of OPC and CC contents overlaps but are balanced, indicating that the moderate clinker substitution with CC
maintains strength when combined with optimal proportions of LSP and binder. The distribution of the CaO- and Al:Os-rich raw
materials exhibit wider distributions, indicating involvement in the hydration reaction and formation of C-S-H and carboaluminates. A
moderate peak is observed at the mean value of S/B ratio distribution, indicating that well-graded FA contributes to increased packing
density and internal load transfer inside a composite. These distributions collectively illustrate that LC3 concrete performance is
determined from the joint adjustment of various interacting parameters, such as binder chemistry, aggregate proportion, and water
control, therefore multivariate modeling and optimization approaches plays important role in predicting the mechanical performance
of the concrete.

2.6. Preliminary experimental validation program

An experimental program was conducted to provide preliminary validation of the optimized mixture of LC3 concrete obtained using
the machine learning and GWO method. OPC, CC, LSP, and Gyp were used as binder materials. Natural fine aggregates (FA) and coarse
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Fig. 3. Relationship between compressive strength and other features.

aggregates (CA) were used as the granular skeleton. Fig. 4 depicts the materials used in the experimental work.

The XRF method was used to determine the chemical composition of OPC, CC, and LSP. The oxide composition of the materials is
shown in Table 3. Oxide compositions are SiOj, Aly03, Fe303, CaO, MgO, SOs, P05 and K20, along with traces. To make sure the raw
elements were appropriate for making LC? concrete, this test was carried out.

The chemical compositions confirm the suitability of the raw materials for LC? production. The experiment employed a mixture
that was designed in accordance with the proportions that were optimized by the GWO algorithm. The optimized concrete mixture was
prepared using a mixer. Initially, dry components including binder, FA, and CA, were mixed for 1 min to achieve a uniform distri-
bution. Water was then added, and mixing was continued for 3 min. Finally, the mixture was mixed at a higher speed for an additional
1 min to improve its homogeneity. The total mixing time was 5 min. The fresh concrete was cast into 100 x 100 x 100 mm cube
molds. After casting, the specimens were covered with a plastic sheet to minimize moisture loss and were demoulded after 24 h. The
specimens were then immersed in water at 25 + 2 °C until the designated testing age. As the specimens were fully immersed in water,
relative humidity was not used as a curing parameter. For the preliminary validation, three cube specimens were tested at 28 days
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Fig. 4. Raw materials used in the study.

Table 3

Chemical composition of raw materials (wt%).
Composition OPC, % CC, % LSP, %
SiOy 16.02 59.45 14.40
Al,O3 3.63 28.65 -
Fe,03 3.41 6.86 0.33
CaO 66.34 0.64 77.80
MgO - 0.21 7.44
SO; 3.73 - -
K20 0.68 0.36
TiO, 0.29 3.83
P,0s 0.29

using a hydraulic compression testing machine. The compressive load was applied continuously at a constant rate of 1 kN/s until
failure. The average compressive strength of the three specimens was used for comparison with the strength predicted by the Cat-
Boost-GWO framework. The mixture's details are provided in Section 6.4.

3. Soft computing techniques

In this study, four ML algorithms, namely CatBoost, XGBoost, LightGBM, and Random Forest (RF), were used to model and predict
28-day CS of LC? concrete. The best algorithm were then combined with GWO algorithm to find optimum concrete mix.

CatBoost is a gradient-boosting decision tree algorithm developed by Yandex, which is distinguished by its ability to handle both
categorical and numerical features with minimal preprocessing. Ordered boosting and symmetric tree techniques are used to prevent
overfitting and it improves the predictive performance. In this study, CatBoost was chosen for its ability to identify complex non-linear
relationships between LC® concrete mix parameters and strength properties [64,65].

Extreme Gradient Boosting (XGBoost) is a fast and efficient ML algorithm based on the gradient boosting method. XGBoost is an
enhancement of the traditional gradient boosting method, where second-order information is used to prevent overfitting and achieve
high prediction accuracy. Considering the success of this method in regression problems in various engineering and data science fields,
XGBoost method was used to evaluate the boosting-based strength prediction in the LC® dataset [66].

RF is an ensemble learning algorithm that creates many decision trees from randomly selected samples of data. The model also
selects a random subset of features at each split. The final prediction is achieved by averaging the results of all trees to reduce
overfitting and improve generalization [67].

LightGBM is a fast gradient boosting tree approach developed around 2017. It uses histogram-based splits, along with leaf-wise
growth with depth limits, for efficient training without compromising accuracy [68].

Since the present study was dealing with structured tabular data, tree-based ensemble models were selected as they are most
suitable for such data and can also capture the nonlinear relationship between concrete mix parameters. Their successful applications
to predicting concrete properties further justify their use on the present LC® dataset. However, emerging lightweight neural-network
architectures provide alternative approaches for engineering prediction problems. For instance, a lightweight Kolmogorov-Arnold
Network (KAN) based dual-objective optimization was used to predict the axial capacity of concrete-filled steel tube columns recently
[69]. Such methods may provide a useful balance between prediction accuracy and computational efficiency. The present study did not
include the development and/or application of KAN-based models; however, their comparison with ensemble models may be
considered for future LC3 research, especially given the availability of larger datasets.

GWO, a population-based metaheuristic algorithm inspired by the hierarchical leadership characteristic of gray wolves and their
cooperative hunting behavior. It was first introduced by Mirjalili et al. (2014) and has since become a widely used optimization
method in engineering and computational design [70]. The algorithm framework is based on social hierarchy of wolves in the pack,
defined by alpha (), beta (f3), delta (8), and omega (®). The top three wolves - a, B, and 5 - represent the best solution set and lead the
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rest of the pack in the searching process. The GWO algorithm is based on the wolves behavior when they hunt their prey; the wolves
surround the prey, hunt, and then attack the prey through mathematical computation based on the location of the prey (solution set).
The exploration and exploitation mechanisms of GWO can reduce the risk of premature convergence, although global optimality
cannot be guaranteed. GWO was selected in this study because it has a simple structure, requires relatively few algorithm-specific
parameters, and can be applied to bounded nonlinear optimization problems [71-74]. These characteristics make it suitable for
searching the LC® mix-design space, where several mixture variables interact with each other. In this study, GWO was integrated with a
CatBoost prediction model to carry out single-objective optimization, whose goal was to maximize the predicted strength of the LC?
concrete. The GWO algorithm was used to vary the binder content, OPC %, CC%, LSP %, GYP% and W/B ratio to identify the optimal
combination that would result in the maximum strength. The inclusion of GWO in this study helped to provide a data-driven method of
concrete mix design optimization. It reduced the dependency on traditional trial-and-error laboratory methods while ensuring that the
optimized LC® concrete mixes achieve both high performance and sustainability. Other metaheuristic algorithms have also been
applied to ML-assisted engineering optimization, e.g., genetic algorithms (GA), particle swarm optimization (PSO), and differential
evolution. The optimization algorithm's performance has been recently reported to be problem-dependent and to rely upon the type of
ML model used and the nature of the concrete drying problem [75]. Therefore, the present study does not assume that GWO is superior
to all other optimizers. GWO was selected as a simple and suitable search method for the present LC® mix-design problem. Future
research should involve making a direct comparison between GWO and other optimization algorithms.

4. Hyperparameter optimization

Table 4 presents the optimized hyperparameters for all four ensemble algorithms through GridSearchCV with five-fold cross-
validation. Each model's settings were optimized with a balance of prediction accuracy and generalization. XGBoost prefers deep
ensembles with small learning rates and high regularization. On the other hand, CatBoost aims at efficiency through moderate depth
and fast learning. A relatively deep structure with 85 estimators helped to maximize the reduction in variance in the Random Forest
model. The LightGBM converged fast by using a high learning rate coupled with tree depth compactness so as not to compromise its
computation efficiency at the cost of accuracy. Overall, the tuned parameters determined the base for valid estimations of compressive
strength in LG concrete.

5. Model evaluation matrices

Four significant parameters have been used to assess and evaluate the performance of the machine learning model. These include
Root Mean Squared Error (RMSE), Mean Squared Error (MSE), Mean Absolute Error (MAE), and the Determination Coefficient (R?).
The coefficient of determination, denoted by R?, measures the proportion of variation of the dependent variable that can be explained
by the machine learning model. MAE measures the average magnitude of absolute errors between predicted and actual values, and

Table 4
Optimized hyperparameters of ML models.

ML Model Hyperparameter Value

CatBoost (CAT) depth 5
iterations 50
12 leaf reg 3
learning_rate 0.3
random_seed 2
subsample 0.9

XGBoost (XGB) colsample_bytree 0.8
gamma 0.1
learning rate 0.02
max_depth 5
min_child weight 3
n_estimators 1000
reg_alpha 0.1
reg_lambda 1
subsample 1.0

RF max_depth 30
max_features None
min_samples_leaf 1
min_samples_split 5
n_estimators 85
random state 2

LightGBM learning_rate 0.5
max_depth 5
n_estimators 25
random_state 42
reg_lambda 5
subsample 0.4
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MSE measures the squared errors average. RMSE, which is a square root of MSE, focuses more on large errors during the prediction
process. The mathematical representation of these evaluation metrics is given by Eqs. (1)-(4).

n o\2
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where (y ) is the mean of the actual values.
6. Results and discussions
6.1. Performance comparison of ML models

Predictive modeling was done by employing four ensemble-based ML algorithms: CatBoost, XGBoost, RF, and LightGBM. Table 5
summarizes the model's results. CatBoost algorithm outperformed the other three models, with a R? of 0.872, RMSE of 4.55 MPa, and
MAE of 3.46 MPa on the test set. The best performance of CatBoost can be attributed to its ordered boosting method, that helps to
reduce overfitting and effectively handles both numerical and categorical input variables.

Both XGBoost and Random Forest models presented R? values of approximately 0.84, indicating reliable generalization capability.
Accuracy was slightly worse for LightGBM, with substantial underprediction in the higher strength levels. These results across the
models indicate that boosting-based algorithms, especially CatBoost, perform better in detecting non-linear relationships between
multiple mix parameters than bagging-based algorithms.

6.2. Actual vs predicted strength analysis

Fig. 5 demonstrated real vs. predicted scatter plots for the models, which illustrate the real vs. predicted values for the models. The
points in the graphs should ideally lie along the 45-degree line. In the case of the CatBoost model, it is clear that the points are closely
aligned with the 45-degree line, indicating that the model has the highest level of consistency in its predictions. Although the XGBoost
model and the RF model also showed a high level of consistency in their predictions, the points did not lie as closely along the equality
line as in the case of the CatBoost model. The LightGBM model showed a high level of dispersion in the points, which is in accordance
with the slightly lower level of accuracy indicated in Table 5. The strong correlation and close alignment of the actual and projected
data for CatBoost show the model's robustness in capturing the complex interplay of LC3 mix parameters such as CC, LSP, and W/B
ratio.

6.3. Taylor diagram analysis

Fig. 6 (Taylor diagram) compares models based on standard deviation (SD), correlation coefficient, and centered root-mean-square
difference. CatBoost is the closest to the reference point, with the highest correlation (about 0.95) and the lowest centered RMS error;
XGBoost and RF all perform well (correlation over 0.90), although LightGBM deviates more, indicating more error variance. Overall,
the diagram supports the numerical results and highlights the advantage of gradient boosting methods for modeling complex nonlinear
LC? concrete behavior.

6.4. Optimization by CatBoost-GWO

A hybrid GWO-CatBoost framework was used to maximize the compressive strength, where CatBoost predicted compressive

Table 5

Performance comparison of ML models.
Model RMSE MSE MAE R?
CATBoost 4.5472 20.6769 3.4638 0.8721
XGBoost 5.0558 25.5609 3.7021 0.8419
Random Forest 5.0535 25.5380 3.7970 0.8421
LightGBM 5.1235 26.2500 4.1035 0.8377
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Fig. 5. Actual and predicted values of all ML models for the testing dataset.

strength and GWO searched for the best mix proportions. The optimization targeted only the practical variables that could be
controlled in the laboratory: CC, OPC, GYP, and LSP contents (%, by binder), S/B ratio, CA, FA, and W/B ratio as shown in Table 6. The
oxide compositions were not optimized because the available raw materials had fixed chemical compositions. It would be difficult in
practice to obtain new materials with oxide compositions suggested by the optimizer. Therefore, the oxide-related inputs and other
non-optimized features were fixed at the median values of the training dataset. This provided representative conditions for the
optimization. GWO then performed a search of those variables that can be easily controlled when designing a concrete mix. This
method also eliminated unrealistic changes in the material chemistry and minimized the number of optimization variables. However,
the resulting optimum is conditional on the fixed chemistry and should not be considered universally optimal for all LC® raw-material
sources. Furthermore, the model for CatBoost was trained with mixtures of different oxide compositions. The trained model will still be
influenced by these variables if they are not fixed during GWO. Rather, optimization is done conditionally at a single representative
chemistry with controllable mix variables varying. So, the optimized solution is the model solution for the chosen chemical conditions.
Different fixed oxide compositions may lead to different optimal mix proportions and should therefore be examined in future studies.
Lower-upper bounds were applied to all decision variables to ensure feasibility, and the binder fractions were renormalized so that
OPC + CC + GYP + LSP added to 100% while remaining within individual limits. The objective (fitness) value was calculated as the
CatBoost-predicted compressive strength minus a scaled boundary penalty:

Objective = CS_pred — 0.05 x Penalty

The penalty was applied to stop infeasible solutions, yet for maintaining the main optimization goal as compressive strength.
Quadratic penalties were applied for solutions outside the bounds, linear penalties for solutions within 2% of the bounds. Further, the
binder fractions were re-normalized to make them add up to 100%. This defined a direct binder composition limit. The number of
wolves and iterations in GWO were slowly ramped up from 50 and 800-120 and 2200, respectively. The final setting was chosen since
any further increase of the value did not significantly improve the objective value and only slightly change the optimized mix
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Table 6
Optimized mix design details for LC® concrete.
Mix Details
Wolves & Iteration Run: wolves= 120, iterations= 2200
CC(%) 34.680824
OPC(%) 54.750643
GYP(%) 0.087618
LSP(%) 10.480915
S/B ratio 2.389383
CA (kg/m%) 996.20088
FA (kg/m®) 821.591247
W/B ratio 0.390588
Predicted CS (MPa) 57.2055
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Fig. 7. Global feature importance based on mean absolute SHAP values for optimized LC® mix parameters.
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proportions. No systematic sensitivity analysis of the penalty weight and various constraint-handling techniques was carried out,
however. Thus, the reported optimum is the one achieved with the particular GWO parameters and constraint formulation.

6.5. Explainable machine learning analysis

From the SHAP analysis, Fig. 7 illustrates the global feature effects, while Table 7 reports the MeanAbsSHAP (overall importance)
together with Corr(Value, SHAP) (directionality). The SHAP “Corr(Value, SHAP)” correlates feature values against that feature’s SHAP
contribution. A negative correlation means higher feature values generally reduce the predicted compressive strength (CS), while a
positive correlation means higher values generally increase CS.

The most influential feature in the SHAP analysis is the W/B ratio, with a MeanAbsSHAP value of 4.77 compared to the second, CA,
at value of 1.02. It also has a high negative direction (Corr(Value, SHAP) = —0.953). This outcome is physically sensible as it relates
directly to the amount of water available against the binder, and has a big impact on capillary porosity and compressive strength.
Additionally, mechanical properties of previous LC3 systems have been reported to be strongly dependent on the W/B ratio [6].

However, the large difference between the SHAP importance of W/B and the other features should be interpreted with caution.
SHAP importance reflects the behavior of the model learned from the set of data that is available, and is not a general material law. The
literature-derived database comprises of mixtures from several material sources and experimental programs, with some material
properties, like curing details and reactivity properties of calcined-clay, not fully represented by the model inputs. Hence, the high W/B
importance could be due to its actual effect on the compressive strength as well as the design of the dataset used. Bias in the data sets
and/or the unevenness in the representation of the data sets in the input cannot be ruled out. Additional testing with larger and more
well-balanced LC3 datasets is required to ascertain if the same degree of W/B dominance is retained. The following most influential
variables have predominantly positive contributions. CA exhibits moderate positive directionality (MeanAbsSHAP = 1.02; Corr =
+0.495), showing that higher CA generally increases CS. The S/B ratio is linked with CS (MeanAbsSHAP = 0.77; Corr = +0.681),
representing that higher S/B tends to enhance the strength. The sand-to-binder ratio (S/B) affects packing density, interfacial transition
zone quality, and stress distribution in concrete. An ideal S/B ratio improves particle packing while reducing internal voids. Improved
packing reduces porosity and improves load transfer efficiency between paste and aggregates, leading to increased compressive
strength. FA has a significant positive reliance (MeanAbsSHAP = 0.71; Corr = +0.786), which means that raising FA generally pushes
CS upward depending on the other mix variables. LSP (%) is the main negative factor after W/B ratio (MeanAbsSHAP = 0.713; Corr =
—0.735), suggesting that larger LSP content reduces projected CS. In LC® systems, limestone reacts with alumina present in CC to
produce carbo-aluminate phases that help in refining the microstructure. However, this is only possible within an optimum proportion
range. When there are more limestone and insufficient alumina, there is limited formation of additional strength and even increased
porosity. Thus, increasing LSP percentages beyond the optimum range may result in decreased compressive strength due to binder
dilution effects and decreased formation of strength-increasing hydrates. Overall, the explainability results indicate that the model
primarily learns a strong strength sensitivity to W/B ratio (negative), with secondary strength gains linked to aggregate and
proportioning variables (CA, S/B, FA), while higher LSP tends to penalize CS.

The SHAP beeswarm plot provides a view of SHAP distribution values for each and every feature across all data samples presented
in Fig. 8. Each point on the graph represents a sample of a mix. The colors represent the magnitude of each feature value, where red
indicates a high feature value and blue indicates a low feature value. With regard to W/B ratio, we see that all the red points are on the
negative SHAP side, meaning that a high value for W/B results in lower strength. With regard to CA, S/B, and FA, we see that all the red
points are on the positive SHAP side, meaning that a high value results in increased strength. With regard to LSP, we see that a high
value results in a negative SHAP value. The SHAP beeswarm plot is a graphical representation of the results that we also found
numerically in the Table 7.

6.6. Preliminary experimental validation

The optimized LC® concrete mix proposed by the CatBoost-Gray Wolf framework was subjected to preliminary experimental
validation using the procedure described in Section 2.6. Three 100 mm cube specimens (n = 3) were tested at 28 days. The model
predicted 28-day CS of 57.21 MPa, while the average measured strength from the three cubes was 51.54 MPa with a standard devi-
ation of 0.21 MPa, as presented in Fig. 9. This gives a difference of 5.67 MPa, meaning the test result is 9.9% lower than the predicted

Table 7

SHAP-based feature importance and directionality analysis using MeanAbsSHAP and Corr(Value, SHAP).
Rank Feature MeanAbsSHAP Corr(Value, SHAP)
1 W/B ratio 4.77 -0.95
2 CA (kg/m?) 1.02 + 0.495
3 S/B ratio 0.77 + 0.681
4 FA (kg/m®) 0.71 + 0.786
5 LSP (%) 0.713 -0.735
6 LC® binder (kg/m®) 0.623 +0.218
7 OPC (%) 0.582 + 0.651
8 GYP (%) 0.477 +0.12
9 CC (%) 0.269 -0.388
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value.

The discrepancy in strength between the predicted and experimental values of 9.9% could be attributable to some degree of
heterogeneity in the database and some material variability. Table 2 was compared with the optimized controllable mix variables, and
it was observed that the variables are within the range of each and every variable in the compiled dataset. For instance, the optimum
W/B value was 0.391 whereas the range of W/B in the database was 0.25-0.60. The optimized values of CC, OPC, LSP, S/B, CA, FA
were also in their corresponding minimum and maximum range. Thus, the optimized values did not exceed the individual ranges
represented in the database. However, this univariate comparison does not establish that the complete optimized combination lies
within the multivariate training domain.

The prediction model was developed from different published studies and the experimental validation was carried out with one set
of local materials and experimental conditions. CC reactivity, lime stone properties, cement chemistry, particle characteristics, mixing,
compaction and curing conditions may influence the strength of LC3. The model inputs do not fully reflect some of these factors. Some
of these differences could be part of the reason there is a difference between the predicted strength and the actual one. This study did
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not include a detailed multivariate applicability-domain analysis, which may be necessary when implementing future studies. For new
material sources, local calibration is recommended as well. Despite the observed difference, the measured strength of 51.54 MPa
shows that the optimized mixture achieved a high 28-day compressive strength under the investigated laboratory conditions.

7. Limitations and future research

The proposed framework showed good predictive performance and was subjected to preliminary validated experimentally, but
there are some limitations. These restrictions offer some directions for future research:

1. Dataset size: The final dataset contained 169 LC® concrete mixtures with 19 input features. The models might not be generalizable
due to the smaller size of the dataset, variations in material properties, and experimental setup. The dataset should be extended
with more experimental results in future studies. Alternatively, synthetic data augmentation methods (SDAMs) such as CTGAN can
be explored if the synthetic data meets the physical and compositional requirements of LC3 concrete [76].

2. Generalization to new materials: the experimental data were tested against one set of local materials, whereas the data in the model
were collected from various literature sources. Additional testing with other raw materials is required. A smaller experimental data
set could be used to adapt a literature-trained model to local materials, by means of transfer learning [77]. For new material
systems, a formal applicability-domain assessment should be conducted before application of the model.

3. Optimization scope: Optimizing to obtain the maximum compressive strength of 28 days. The solution optimization with regards to
sensitivity against the penalty weight and a variety of constraint-handling strategies were not explored systematically. Further
research is needed to assess the robustness of the optimization process and to expand the framework to include the incorporation of
multiple objectives such as workability, durability, cost and embodied CO5.

4. Practical implementation: The following framework is not yet implemented in a practical software tool. The prediction, inter-
pretation of SHAP and optimization procedures could be combined in an interactive platform for future work [78]. This would
enable the ability to set material properties and design constraints, and provide feasible LC> mix recommendations with predicted
performance.

8. Conclusions

This study established a data-driven approach for LC3 concrete mix design by combining ML prediction, metaheuristic optimiza-
tion, and experimental validation. The method was trained using a literature-derived LC® concrete database and then used to identify a
high-strength optimum mix using GWO. The optimized design was subsequently subjected to preliminary experimental validation
using 28-day compressive strength testing.

1. A compiled dataset of LC3 concrete mixes was used to train ML models for predicting CS of 28-days. In terms of accuracy and
generalization, CatBoost outperformed other models.

2. CatBoost was combined with a single-objective metaheuristic optimizer (GWO) to find an optimum mix and a predicted 28-day
strength of 57.21 MPa.

3. SHAP interpretability analysis indicates that compressive strength is primarily determined by the W/B ratio, aggregate proportions
and binder composition. This behavior is consistent with established physical understanding of concrete strength development and
supports the interpretability of the model.

4. Preliminary experimental validation was performed by testing three 100 mm cubes under standard water curing. The average
compressive strength after 28 days was 51.54 MPa, which had a 9.9% difference from the predicted value. The observed difference
may partly result from variations between the literature-derived training data and the local materials used for experimental testing.

5. The prediction-test difference shows the susceptibility of LC> systems to CC reactivity, LSP fineness/purity, additive compatibility,
and curing condition. It is recommended to include a small local calibration set when deploying the framework with new material
sources; future transfer-learning approaches may provide an efficient way to perform such local adaptation.
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