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Abstract

The incorporation of recycled concrete aggregates (RCAs) into self-compacting concrete
(SCC) represents a critical sustainable construction strategy addressing both construction
waste management and natural resource conservation. However, predicting the compres-
sive strength of recycled aggregate self-compacting concrete (RASCC) remains challenging
due to complex nonlinear interactions among mixture parameters. This study develops a
robust predictive framework using ensemble machine learning algorithms to accurately
estimate RASCC compressive strength across diverse mixture compositions. A comprehen-
sive database comprising 301 experimental specimens with 18 input variables—including
curing age, binder components, water-to-binder ratio, recycled aggregate properties, and
supplementary cementitious materials—was systematically analyzed. Four advanced
modeling approaches were evaluated: Light Gradient Boosting Machine (LightGBM), Cate-
gorical Boosting (CatBoost), Stacked Generalization with Ridge regression meta-learner,
and Voting ensemble with Non-Negative Least Squares optimization. The Stacking en-
semble model demonstrated superior predictive performance on the independent test set,
with R2 = 0.963, RMSE = 3.321 MPa, and MAE = 2.506 MPa. Rigorous residual analysis
confirmed model validity through satisfaction of normality, homoscedasticity, and indepen-
dence assumptions. SHAP interpretability analysis identified specimen age as the dominant
predictor, followed by recycled aggregate density and water-to-binder ratio, while elu-
cidating the complex nonlinear contributions of supplementary cementitious materials
including fly ash and ground granulated blast furnace slag. The developed framework
demonstrates practical applicability for predicting RASCC compressive strength across
conventional to high-performance grades, facilitating sustainable mix design optimization
while maintaining structural performance requirements, and advancing circular economy
principles through confident integration of recycled aggregates in SCC applications.

Keywords: recycled aggregate self-compacting concrete; compressive strength prediction;
ensemble machine learning; SHAP interpretability; sustainable construction; circular economy

1. Introduction

Concrete stands as the second most consumed substance on Earth after water and
remains the most extensively utilized artificial construction material in contemporary
infrastructure development [1-4]. The global construction industry’s substantial reliance
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on concrete has resulted in significant environmental challenges, particularly regarding
natural resource depletion and carbon dioxide emissions [5-7]. The cement industry
alone accounts for approximately 8% of global anthropogenic CO, emissions, having
contributed 44.9 Gt of CO, between 1928 and 2021 [8,9]. This environmental burden is
further compounded by the construction sector’s generation of substantial solid waste,
which constitutes approximately 36% of global waste production [10]. The accelerating
pace of urbanization and population growth has intensified these environmental pressures,
creating an urgent need for sustainable alternatives in concrete production.

The management of construction and demolition waste has emerged as a critical
environmental challenge in recent decades. As aging infrastructure undergoes renovation
and replacement, large volumes of concrete waste are generated, requiring substantial
financial resources for proper disposal [11]. Traditional disposal methods, such as land-
filling, not only occupy valuable land resources but also contribute to environmental
pollution through groundwater contamination and greenhouse gas emissions [12,13]. This
situation has catalyzed research into sustainable waste management strategies, with the
utilization of recycled concrete aggregate (RCA) representing a particularly promising
approach [14]. By processing construction waste into recycled aggregates, the construc-
tion industry can simultaneously address waste management challenges and reduce the
demand for natural aggregates, thereby promoting circular economy principles within the
built environment [15,16]. Beyond conventional recycled concrete aggregates, other con-
struction waste streams—such as recycled ceramic waste used as aggregate or cementitious
replacement—have been shown to maintain or improve strength while reducing embodied
carbon, especially when combined with fiber reinforcement [17].

Self-compacting concrete (SCC), recognized as one of the most significant advance-
ments in construction materials since its development in Japan during the 1980s, offers
exceptional flowability, uniformity, and stability in its fresh state while demonstrating
superior mechanical and durability properties when hardened [18,19]. The integration of
recycled aggregates into SCC production presents a synergistic opportunity to combine the
benefits of advanced concrete technology with sustainable waste utilization. However, the
inherent characteristics of RCA, particularly its higher water absorption capacity, lower
density, and irregular morphology compared to natural aggregates, significantly influence
the fresh and hardened properties of the resulting concrete [20,21]. Research has demon-
strated that RCA incorporation can affect both the rheological properties and mechanical
performance of SCC, with the water absorption of recycled aggregates playing a partic-
ularly critical role in determining the effective water-to-cement ratio and consequently
influencing the workability and strength development of the mixture [22,23].

The complex relationships between recycled aggregate properties, mixture proportions,
and concrete performance characteristics present substantial challenges for traditional empiri-
cal prediction methods. Conventional approaches, including linear regression and polynomial
models, have demonstrated limited effectiveness in capturing the nonlinear interactions
among multiple variables that influence recycled concrete strength, typically achieving coeffi-
cient of determination (R?) values of only 0.22 to 0.28 [24]. This inadequacy has motivated
researchers to explore more sophisticated computational approaches capable of modeling
the intricate relationships inherent in recycled concrete systems. Machine learning and deep
learning techniques have emerged as powerful tools for addressing these complex prediction
challenges, offering the ability to identify patterns and relationships within large datasets
without requiring explicit programming of physical relationships [25-28].

Recent advances in artificial intelligence have demonstrated considerable promise
in materials engineering applications, particularly in predicting concrete compressive
strength. Naderpour et al. developed an artificial neural network model for forecasting
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recycled aggregate concrete strength using 139 datasets, demonstrating the capability of
neural networks for precise prediction [29]. Similarly, research employing deep neural
networks, multivariate adaptive regression splines, and extreme learning machines has
validated the accuracy of advanced computational methods in predicting compressive
strength with variable compositions [30]. Researchers predicted the compressive strength of
recycled concrete by employing support vector regression (SVR), one-dimensional convolu-
tional neural networks (1ID-CNN), and a hybrid artificial intelligence model that integrates
elastic net, random forest algorithms, and light gradient boosting decision trees (LGBM),
while incorporating Gaussian noise during training to enhance the model’s generaliza-
tion capability [31]. These studies have established that machine learning approaches
can effectively capture the complex interactions between mixture components and result-
ing mechanical properties, though the optimal modeling approach remains subject to
ongoing investigation.

Despite substantial progress in applying machine learning to recycled concrete
strength prediction, several critical research gaps persist. First, existing studies have
not comprehensively examined how recycled coarse aggregate characteristics—particularly
water absorption capacity and particle morphology—affect the rheological behavior of
self-compacting concrete, limiting the development of targeted strategies to maintain ade-
quate flow properties [32]. Second, the underlying mechanisms by which aggregate quality
parameters influence both fresh-state workability and hardened-state mechanical perfor-
mance remain incompletely understood, especially regarding the relative importance of
moisture-related effects compared to geometric and surface texture considerations [33].
Third, the majority of previous research has utilized pre-saturated recycled aggregates or
implemented additional water adjustment protocols, approaches that may obscure critical
interactions between aggregate moisture state and concrete performance under realistic
production scenarios [34].

Although the RAGN-R method proposed by Kazemi et al. [35] has achieved excellent
results in predicting the strength of PAC and FRC materials, this study differs funda-
mentally in the following aspects: (1) Research Object: This paper focuses on Recycled
Aggregate Self-Compacting Concrete (RASCC). The nonlinear complexity of this material
system stems from the diverse physical properties of recycled aggregates (density, water
absorption, particle shape), rather than fiber reinforcement effects. (2) Methodological
Innovation: We introduce a dual-base learner combination of LightGBM and CatBoost,
coupled with Non-Negative Least Squares (NNLS) weight optimization, offering an en-
semble strategy complementary to RAGN-R. (3) Interpretability: Through SHAP analysis,
we systematically quantify the contribution mechanisms of 18 mix variables to strength,
including an analysis of base model contribution weights at the meta-learner level—an
aspect not addressed in prior studies. (4) Validation Rigor: We conducted cross-domain
validation using an external UCI dataset, which n (representing sample size) = 1030,
and multi-seed stability analysis, demonstrating the domain-independent applicability of
our method.

This investigation addresses these gaps through systematic analysis of experimen-
tal observations, employing advanced ensemble machine learning approaches including
LightGBM, CatBoost, and stacked generalization to predict compressive strength across
diverse mixture compositions. SHAP (SHapley Additive exPlanations) interpretability
analysis was applied to quantify the marginal contribution of each input feature to individ-
ual model predictions. Based on cooperative game theory, SHAP assigns each feature a
Shapley value (¢;) representing the average contribution across all possible feature sub-
sets. For tree-based ensemble models, the TreeSHAP algorithm was employed, reducing
computational complexity from O(TL2M) to O(TLD?). Summary plots and dependency
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plots were generated to visualize global feature importance and feature interaction effects,
respectively, enabling transparent interpretation of the ‘black-box” ensemble models. By
integrating SHAP-based interpretability analysis, this study quantifies the relative con-
tributions of individual mixture parameters and aggregate characteristics to mechanical
performance, providing actionable insights for mix design optimization. The findings
support the advancement of sustainable construction practices by enabling more confident
utilization of recycled aggregate self-compacting concrete in infrastructure development,
thereby reducing natural resource consumption and construction waste while maintaining
structural performance requirements.

2. Data Sources and Analysis
2.1. Data Sources and Descriptive Statistics

This study utilized a publicly available dataset from Yang’s research [36] as shown
in the Table 1, comprising 301 RASCC specimens with 18 input variables. Key param-
eters include curing age (2-91 days), cement content (101-520 kg/m?), water-to-binder
ratio (0.24-0.60), recycled aggregate replacement ratio (0-100%), and supplementary ce-
mentitious materials (fly ash, GGBFS, silica fume). Detailed descriptive statistics are
provided in Table 1.

Table 1. Descriptive statistics of test database.

Parameter Missing % Min P05 P25 Median P75 P95 Average Max Std Skewness Kurtosis IOR
Age (d) 0 2 7 14 28 28 91 33.66777 112 27.14951 1308078  0.991965 14
Cementtype 0 31.25 31.25 42.5 425 425 52.5 42.96578 52.5 6233342 —0.24739  —0.0273 0
Cement (kg/m?) 0 101 130 270 340 410 455 332.1126 520 97.49968  —0.46527  —0.01399 140
FA (kg/m?) 0 0 0 100 148 259.3 270 150.7102 390 103.3366 ~ —0.14723  —0.97333 159.3
GGBFS (kg/m?®) 0 0 0 0 0 0 156 24.85326 195 55.6331 1.90989 1.97168 0
SF (kg/m?) 0 0 0 0 0 0 52 5.185714 78 16.54598  3.119407  8.545907 0
w/b 0 0.24 0.27 0.32 0.35 0.39 0.51 0.366093 0.562 0.071441 0.939124 0.63303 0.07
Water (kg/m?) 0 112 140 178 187 206.7 220 187.2111 239 24.64613  —0.94185  1.582966 28.7
Sand (kg/m?) 0 581 622 676 720 785 853 739.5728 1025 90.30659  1.055659 1.510642 109
NA (kg/m?) 0 0 0 0 404 636 875 355.2312 1150 339.0457  0.309048  —1.24992 636
RA (kg/m?) 0 0 0 184 4164 799.77 895 467.9119 1040 332.8876 ~ —0.07381  —1.42094 61577
NA—density (kg/m?) 16.28 2500 2540 2640 2670 2700 2726 2668.167 2726 51.03288 ~ —1.54814  2.641303 60
RA—density (kg/m®%) 0.66 2205 2300 2440 2515 2594 2685 2505.742 2685 98.97229  —0.48862  0.379628 154
NAabsorption (%) 28.24 0.145 0.21 0.5 0.5 12 1.4 0.808472 22 0.474631 0.949223  0.784857 0.7
RAabsoption (%) 7.64 1.77 1.8 3.89 473 49 7.39 4.662914 77 1517495  0.234289  —0.19227 1.01
RAreplace (%) 0 0 0 20 50 100 100 56.77076 100 39.97796  —0.15637  —1.54206 80
Maxsize (mm) 9.97 10 12.25 16 20 20 22 18.29151 22 3.008057  —1.19032  0.222855 4
Fineness 37.21 5.6 5.6 6.1 6.88 6.95 7.23 6.622804 7.66 0.555437  —0.56088  —0.82149 0.85
Compressive (MPa) 0 5.36 19.5 34.76 45.8 56.8 75.3 46.28332 89 16.61508  0.070976 ~ —0.24494  22.04

NOTE: Cement type refers to the strength grade of Ordinary Portland Cement (OPC) according to the Chinese
standard GB 175, with grades of 32.5, 42.5, and 52.5 MPa representing the 28-day compressive strength class.
Fineness refers to the fineness modulus of fine aggregate (sand), which is dimensionless.

To provide a more rigorous characterization of the dataset scope and coverage, the
following aspects are elaborated upon. The database comprises 301 experimentally tested
specimens compiled from Yang’s research [36], which aggregated results from multiple
independent experimental campaigns reported in the literature. These campaigns were
conducted by different research groups under varying laboratory conditions, thereby
introducing inherent diversity in testing protocols, curing environments, and material
sourcing. The specimens encompass a wide range of curing ages from 2 to 112 days,
covering early-age (2-7 days), standard-age (14-28 days), and extended-age (56-112 days)
strength development stages. This temporal coverage enables the models to learn the
nonlinear hydration kinetics governing strength evolution across different maturity levels,
as confirmed by the SHAP analysis in Section 6, which identifies specimen age as the most
influential predictor with SHAP values spanning approximately +15 MPa.
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The diversity of mixture configurations within the dataset is substantial. The
289 specimens originate from at least 10 distinct experimental series, encompassing three
cement strength grades (31.25, 42.5, and 52.5 MPa), recycled aggregate replacement ra-
tios spanning 0% to 100%, water-to-binder ratios from 0.24 to 0.562, and supplemen-
tary cementitious material combinations including binary (cement + fly ash), ternary
(cement + fly ash + GGBEFS), and quaternary (cement + fly ash + GGBFS + silica fume)
binder systems. Recycled aggregate properties vary considerably, with densities ranging
from 2205 to 2685 kg/m? and water absorption values from 1.77% to 7.7%, representing
recycled aggregates of varying quality from different demolition sources. This composi-
tional diversity ensures that the predictive models are exposed to a broad spectrum of
practically relevant RASCC formulations, spanning from conventional structural grades to
high-performance concrete applications.

Regarding curing conditions and environmental exposure, the compiled dataset pri-
marily reflects standard laboratory curing conditions (approximately 20 £ 2 °C and >95%
relative humidity) as reported in the original experimental studies. The present investiga-
tion focuses exclusively on compressive strength prediction as a function of mixture design
parameters and curing age under controlled curing environments. Durability-related degra-
dation phenomena, including carbonation depth progression, chloride ion penetration, and
freeze—thaw cycling damage, are not within the scope of this study and would require
dedicated experimental datasets incorporating environmental exposure variables and long-
term monitoring protocols. This scope definition ensures that the predictive framework
maintains clear physical interpretability, with all input features directly related to mixture
proportioning and material characterization rather than service-life environmental factors.

Nevertheless, certain limitations of the dataset should be acknowledged. First, the dataset
size of 301 specimens, while adequate for ensemble machine learning approaches as demon-
strated by the robust cross-validated performance (Section 4.2.3, mean R?=0941 + 0.019),
is moderate compared to some benchmark concrete datasets. Second, the geographic and
climatic diversity of the source experiments is not explicitly documented, which may limit the
generalizability of the models to regions with significantly different raw material characteris-
tics. Third, the absence of field-cured specimens restricts the direct applicability of the current
framework to laboratory-scale strength prediction scenarios. These limitations are partially
mitigated through the external validation on the independent UCI Concrete Compressive
Strength dataset containing 1030 samples (Section 5.3), which demonstrates the framework’s
domain-agnostic applicability, and through the seed stability analysis (Section 4.2.3), which
confirms robustness to data partitioning variability.

2.2. Data Limitations

The 301-specimen database compiled in this study was drawn from 57 published
sources spanning multiple countries and decades, which inevitably introduces a degree
of heterogeneity in testing conditions. Four specific limitations are acknowledged. First,
specimen geometry and size are not uniform across the dataset; some studies report
results from standard cylinders (e.g., 150 x 300 mm or 100 x 200 mm) while others
use cubes (e.g., 150 x 150 x 150 mm). Cylindrical specimens generally yield lower f c
values than cubic specimens of comparable cross-sectional dimensions. This difference
is primarily attributable to the height-to-width ratio (h/d) effect and its interaction with
platen friction-induced confinement. During compression testing, friction between the
specimen ends and the machine platens restricts lateral expansion near the loading surfaces,
creating confined zones. According to the St. Venant principle, this restraining effect
extends to approximately 0.87 times the lateral dimension from each platen. For cubic
specimens (h/d ~ 1), the friction-induced confinement covers the entire specimen height,
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subjecting the material to an effective triaxial stress state and thereby producing higher
apparent compressive strength. For standard cylinders (h/d = 2), the mid-height region
remains largely unconfined, producing failure under conditions closer to true uniaxial
compression [37,38]. This cube-to-cylinder strength ratio decreases with increasing concrete
strength, from approximately 1.25 for normal-strength concrete to 1.12 for high-strength
concrete, as documented in the CEB-FIP Model Code 1990 [39].

The conversion factors applied to harmonize compressive strength values were deter-
mined based on established international standards and empirical relationships reported in
the literature. Specifically, the cube-to-cylinder conversion factor (K = f_c,cyl/f_c,cube) was
adopted from EN 206-1/Eurocode 2 (EN 1992-1-1:2004), which defines strength-dependent
values ranging from approximately 0.80 for normal-strength concrete (<C50/60) to 0.87
for high-strength concrete (=C90/105) [40]. The CEB-FIP Model Code 1990 further cor-
roborates this strength-dependent relationship, indicating a progressive decrease in the
cube-to-cylinder strength ratio from 1.25 to 1.12 for cylinder strengths of 40 to 80 MPa [39].
For recycled aggregate concrete specifically, Pacheco et al. [41] demonstrated that full incor-
poration of coarse recycled aggregates reduces the mean K factor to 0.77, compared to 0.81
for natural aggregate concrete. In the present study, where the original source literature ex-
plicitly reported cube strengths, a conversion factor of 0.80 was applied for normal-strength
concrete (<60 MPa cube strength) and 0.85 for higher-strength concrete (>60 MPa cube
strength), consistent with the Eurocode 2 framework. However, residual inconsistencies
may remain. Second, the effect of specimen end-surface preparation—including grinding,
sulfur capping, or neoprene pad systems—could not be systematically controlled, as this
information was not uniformly reported in the source literature. Such variability is known
to influence measured compressive strength by up to 15% and should be regarded as a
source of scatter in the dataset. Third, the dataset encompasses a wide curing age range
(2-91 days), and predictions for early-age specimens (<7 days) carry greater uncertainty
than those at the standard 28-day benchmark, particularly for mixtures incorporating
supplementary cementitious materials (SCMs) such as fly ash or slag, whose strength
contributions are more pronounced at later ages. Curing age is explicitly included as a
model input feature to partially account for this variability, though it cannot fully resolve
differences arising from distinct hydration kinetics across binder types. These limitations
are inherent to any large-scale data aggregation effort and do not invalidate the predictive
capacity of the machine learning framework; rather, they underscore the need for future
studies to adopt standardized reporting protocols when constructing training databases for
concrete strength prediction models.

Early-age data separation and analysis. Following the recommendation for distin-
guishing early-age behavior, the dataset was stratified into two subgroups: early-age
specimens with curing age < 7 days (n = 11, comprising 2-day, 3-day, and 5-day speci-
mens) and standard/extended-age specimens with curing age > 7 days (n = 290). The
early-age subset represents only 3.7% of the total dataset, with compressive strength val-
ues ranging from 18.40 to 48.30 MPa (mean: 32.57 MPa, standard deviation: 11.02 MPa).
The standard /extended-age subset exhibits a broader range of 5.36 to 89.00 MPa (mean:
46.80 MPa, standard deviation: 16.58 MPa). The descriptive statistics of both subgroups
are summarized in Table 2.

Table 2. Descriptive statistics of the early-age and standard/extended-age subsets.

Subset n Percentage (%) f_c,min (MPa) f_c,max (MPa) f _c¢,mean (MPa) f_c,std (MPa)
<7 days 11 3.7 18.4 48.3 32.57 11.02
>7 days 290 96.3 5.36 89 46.8 16.58
All data 301 100 5.36 89 46.28 16.62
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2.3. Pearson Correlation Coefficient Analysis

The Pearson correlation coefficient, which quantifies the linear relationship between
input and output variables, is defined as the quotient of the covariance between two
variables and their respective standard deviations. This coefficient ranges from —1 to 1,
providing a standardized measure of association strength and direction. The formula is
given below:

S U T [ ) o
n—14 Ox0y
where ry, is the Pearson correlation coefficient between variables x and y; 1 is the number of
observations; x; and y; are the i-th observations of variables x and y, respectively; X and j are
the sample means; and 0y and oy, are the standard deviations of x and y, respectively.
Figure 1 presents the Pearson correlation coefficient matrix examining the relationships
between concrete mixture parameters and compressive strength, with particular empha-
sis on recycled aggregate concrete performance factors. The correlation analysis reveals
several significant findings regarding compressive strength dependencies. Age demon-
strates a strong positive correlation with compressive strength (r = 0.42), consistent with
the fundamental principle of concrete strength development over time. Cement content
similarly exhibits a robust positive correlation (r = 0.51), indicating that increased cement
dosage serves as an effective mechanism for enhancing concrete strength. Notably, the
water-to-binder ratio shows a negative correlation (r = —0.25), corroborating the established
theory that lower water-to-binder ratios promote higher strength development.

Pearson Correlation Matrix

cementtype - 022 0.14 -0.23 -0.03 -0.08 0.14 -0.09 0.36 -0.35 -0.27 -0.27 n 0.15 -0.34 032 -0.34 -0.06 -0.00
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SF (kg ) - 0.13 -0.08 =031 -0.16 1.00 =0.01 024 -0.03 0.01 0.21 0.10 -0.17 0.17 0.03 0.14 —0.05 -0.07 0.02

. -0.16 ﬂ -0.37 -0.14 -0.26

-007  -010 =032 008

-020

wh- -018 014 -021 EEXEE o001

Water (kg/m) - 008 009 -007 014 | 032
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008 | 024 042 -021

0.12 -0.16 u 035 -0.40
—

-003 | 037 | =038 -029 -0.10

Sand (kg/m®) - -0.19 0.32 -0.08 -0.41 022 -0.02 -0.42 027 -0.32
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Figure 1. Heatmap of Pearson correlation coefficient matrix for input and output variables.

Regarding mineral admixtures, silica fume demonstrates a modest positive correlation
with compressive strength (r = 0.026), suggesting a beneficial though limited contribu-
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tion. Conversely, fly ash (r = —0.22) and ground granulated blast furnace slag (r = —0.15)
exhibit negative correlations, potentially reflecting the influence of these supplementary
cementitious materials on early-age strength development within the scope of this in-
vestigation. Concerning recycled aggregate effects, the replacement ratio shows a slight
negative correlation with compressive strength (r = —0.053), suggesting a declining strength
trend with increased recycled aggregate incorporation. The recycled aggregate absorption
rate similarly correlates negatively (r = —0.11), indicating that elevated water absorption
characteristics adversely affect concrete performance. In contrast, recycled aggregate den-
sity displays a positive correlation (r = 0.36), demonstrating that higher-density recycled
aggregates facilitate superior strength development.

The matrix also reveals noteworthy inter-parameter relationships. A strong positive
correlation exists between ground granulated blast furnace slag and silica fume (r = 0.56),
while cement type exhibits a moderate negative correlation with natural aggregate content
(r = —0.34). The recycled aggregate replacement ratio demonstrates strong negative and
positive correlations with natural aggregate content (»r = —0.97) and recycled aggregate
content (r = 0.98), respectively, reflecting the inherent interdependencies among mixture
components in proportion design. Fineness modulus and maximum aggregate size both
show negative correlations with compressive strength (r = —0.18 and r = —0.17, respec-
tively), suggesting that aggregate particle size characteristics exert measurable influences
on concrete strength. Collectively, this correlation analysis provides valuable empirical
evidence for optimizing recycled concrete mixture proportions and enhancing engineering
performance characteristics.

3. Algorithms and Evaluation Metrics
3.1. Algorithm

LightGBM (v4.1.0) and CatBoost (v1.2.3) are both gradient boosting frameworks that
construct ensembles of decision trees sequentially, but they differ fundamentally in their
optimization strategies: LightGBM employs Gradient-based One-Side Sampling (GOSS)
and Exclusive Feature Bundling (EFB) to accelerate training efficiency, while CatBoost
introduces ordered boosting and symmetric tree structures to mitigate prediction shift
and reduce overfitting. In contrast, stacked generalization (Stacking) is a meta-learning
technique that does not build trees sequentially but instead trains multiple heterogeneous
base learners in parallel and combines their outputs using a secondary meta-learner (Ridge
regression in this study). This hierarchical architecture allows the meta-learner to ex-
ploit the complementary strengths of diverse base models, potentially achieving superior
generalization beyond any individual algorithm.

3.1.1. Light Gradient Boosting Machine (LightGBM)

LightGBM (v4.1.0) is a gradient boosting framework based on decision tree algorithms,
originally developed by Microsoft Research [42]. The fundamental prediction function of
LightGBM can be expressed as:

T
9i=Y_ fi(x) )
t=1

where f; represents the t-th tree in the ensemble and T denotes the total number of trees in
the model.
The optimization objective function combines the loss function with regularization terms:

n T
Obj = ;L(%r?i) +Y Q(fr) )

t=1
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where L(y;, ;) represents the loss function measuring the discrepancy between actual and
predicted values, and the regularization term is defined as:

T
O(fy) = 9T+ 1Y wf @)

j=1

with v controlling the number of leaves and A penalizing the magnitude of leaf weights.

LightGBM introduces two key algorithmic innovations. The Gradient-based One-
Side Sampling (GOSS) technique retains instances with large gradients while randomly
sampling instances with small gradients, significantly reducing computational complexity.
The Exclusive Feature Bundling (EFB) algorithm merges mutually exclusive features to
reduce dimensionality while maintaining information gain accuracy [42].

3.1.2. Category Boosting (CatBoost)

CatBoost (v1.2.3) is a gradient boosting library developed by Yandex that addresses
prediction shift through ordered boosting and handles categorical features natively [43].
The prediction function follows the standard gradient boosting framework:

T
91’ = Z tht xz ®)

where «; represents the weight of the ¢-th weak learner h;.
CatBoost employs a novel approach for encoding categorical features called Ordered
Target Statistics. For a categorical feature k and instance 7, the encoding is computed as:

32;'(_21 11[1xk—xk} yita-p ©
Z’ 1{xk—xk}+a

where 1[-] is the indicator function, p represents the prior probability of the target variable,
and a is a smoothing parameter that prevents overfitting when category counts are low.

CatBoost constructs symmetric trees (also known as oblivious decision trees), where
all nodes at the same depth share identical splitting criteria. This structure reduces model
complexity and accelerates prediction time [44].

3.1.3. Stacked Generalization (Stacking)

Stacking, originally proposed by [45] and formalized by [46], is a meta-learning
technique that combines predictions from multiple base learners through a secondary
model. The algorithm operates in two distinct layers.

In the first layer, each base learner generates predictions:

p = hy(x;), 1=1,2,...,L )
where }; represents the I-th base model and pl(i) denotes its prediction for instance i.
The second layer employs a meta-learner that takes base model predictions as input features:

A

=g, pd, . p) ®)

For linear meta-learners such as Ridge regression, the prediction function can be
expressed as:

L i
9= Bo+ Y Bip” 9)
1=1
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where {); is the predicted compressive strength for the i-th sample; Sy is the intercept
term; B; is the weight coefficient assigned to the I-th base learner; pl(i) is the prediction of
the I-th base model for sample 7; and L is the total number of base learners.

To prevent overfitting and information leakage, base learners utilize K-fold cross-
validation to generate out-of-fold predictions on the training data. This process creates a

meta-feature matrix:

L M (1)

Py T Ty
2| a
pgn) pén) pén)

Van der Laan et al. [47] provided theoretical guarantees for stacked ensembles under
the name “Super Learner”, demonstrating that the ensemble will perform asymptotically
as well as the best possible weighted combination of base learners.

3.1.4. Voting with Non-Negative Least Squares (VotingNNLS)

VotingNNLS represents a weighted voting ensemble that determines optimal model
weights through non-negative least squares optimization. The ensemble prediction is
computed as a weighted linear combination [48]:

=

0= wlpl(i) (11)
=1

where w; represents the weight assigned to the l-th base model.
The weight optimization problem is formulated as a constrained least squares minimization:

in ||Y — Pwl? 12
min | wll3 (12)

subject to the non-negativity constraintw > O foralll =1,...,L, where Y = [y1,¥2, ..., Y] Tis
the vector of true labels, P = [p1, pa, . . ., pr] is the prediction matrix, and w = [wy, wy, ..., wy]
is the weight vector.

Following weight optimization, normalization is applied to ensure interpretability:

w
wlnorm = —; i (13)
Z]':1 wj

The non-negativity constraint ensures that each base model contributes positively to
the ensemble, preventing counterintuitive negative weights that can arise in unconstrained
regression. Ref. [46] demonstrated that non-negative weighting schemes typically yield
superior generalization performance compared to unconstrained linear combinations.

3.1.5. Ridge Regression with Cross-Validation (RidgeCV)

Ridge regression extends ordinary least squares by incorporating an L2 regularization
penalty, effectively addressing multicollinearity and overfitting [49]. The objective function is:

n |4 2 |4
min | <yi —Bo— ), ,Bjxij> +a) B (14)
F iz j=1 j=1

where « is the regularization parameter controlling the strength of the penalty term.
The closed-form solution for the coefficient estimates is:

B=(XTX+4al) Xty (15)
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where I represents the identity matrix.

RidgeCV automates hyperparameter selection by evaluating multiple candidate val-
ues {al,a2,...,ak} through cross-validation and selecting the parameter that minimizes
validation error. This automated tuning ensures optimal regularization strength without
manual intervention.

3.1.6. SHapley Additive exPlanations (SHAP)

SHAP provides a unified framework for interpreting machine learning model predic-
tions based on Shapley values from cooperative game theory [50]. The Shapley value for
feature j is defined as:

b= )

SCE\{j}

|5!(|F|;||!s|—1)! sutjy (sug) = fs(xs) 16)

where F represents the set of all features, S is a subset of features excluding feature j, fs de-
notes the model prediction using only features in subset S, and ¢; quantifies the contribution
of feature j to the prediction.

SHAP satisfies the additive property, ensuring that the sum of feature contributions
equals the difference between the model prediction and the expected value:

4
flx)=do+ ) b (17)
i=1

]

where ¢ represents the baseline value, typically computed as the average prediction across
the training dataset.

For tree-based models, Ref. [51] developed TreeSHAP, an efficient algorithm that
reduces computational complexity from O(TL2M) to O (TLDZ) , where T is the number of
trees, L is the maximum number of leaves, and D is the maximum depth. This optimization
enables practical application of SHAP to large-scale ensemble models.

3.2. Performance Evaluation Metrics

These four performance evaluation metrics serve as comprehensive measures to
assess the accuracy and reliability of regression models in predicting concrete compressive
strength [52]. The coefficient of determination (R?, Equation (18)) quantifies the proportion
of variance in the dependent variable explained by the model, with values closer to unity
indicating superior predictive capability. Mean Squared Error (MSE, Equation (19)) and
Root Mean Squared Error (RMSE, Equation (20)) evaluate prediction accuracy by penalizing
larger deviations more heavily, with RMSE offering the advantage of maintaining the same
units as the target variable for more intuitive interpretation [53]. Mean Absolute Error
(MAE, Equation (21)) provides a robust assessment of average prediction deviation that
exhibits greater resilience to outliers compared to squared error metrics [52]. Together,
these metrics enable comprehensive model evaluation from multiple perspectives, ensuring
that the selected ensemble approaches demonstrate both statistical validity and practical
applicability for concrete strength prediction tasks.

n _ 2
R2—1— ;:1 (vi E)2 (18)
i1 (vi — V)
1 2
MSE = EZ(}G_YQ 19)
i=1
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RMSE = EZ(Yi_?if (20)
i=1
1¢ .
MAE = 3 [yi = §il (21)
i=1

4. Dataset and Methods
4.1. Dataset Preparation and Preprocessing

The experimental dataset comprised concrete compressive strength measurements
along with various mixture composition parameters, sourced from a comprehensive mate-
rials testing database [36]. The dataset was subjected to rigorous quality control procedures
to ensure data integrity and model reliability [54]. Prior to model training, a systematic
preprocessing pipeline was implemented to address common data quality issues and
standardize feature scales.

Missing values in the numerical features were imputed using the median strategy,
which demonstrates greater robustness to outliers compared to mean imputation [55]. This
approach preserves the central tendency of each feature distribution while minimizing the
influence of extreme values that may result from measurement errors or data collection
inconsistencies. Following imputation, all numerical features underwent standardization
through z-score normalization, transforming each feature to have zero mean and unit
variance [56,57]. This standardization step ensures that features with different measurement
scales contribute equally to model training, preventing features with larger numerical
ranges from dominating the learning process [58].

The preprocessed dataset was partitioned into training and testing subsets using
stratified random sampling with an 80-20 split ratio. This partitioning strategy maintains
the statistical distribution of the target variable across both subsets while ensuring sufficient
data volume for model training [59]. A fixed random seed of 42 was employed throughout
all experiments to guarantee reproducibility of results and enable fair comparison across
different modeling approaches.

4.2. Hyperparameter Optimization and Sensitivity Analysis
4.2.1. Hyperparameter Optimization Strategy

To address concerns regarding the empirical nature of the optimization procedure,
a systematic hyperparameter optimization (HPO) framework was implemented for the
LightGBM base learner using randomized search with 5-fold cross-validation, follow-
ing the recommendations of recent literature emphasizing the importance of structured
hyperparameter tuning in machine learning for engineering applications [60].

The selection of tunable hyperparameters and their candidate ranges was guided by
both algorithmic theory and domain-specific considerations. Seven key hyperparameters
were identified based on their documented influence on gradient boosting model perfor-
mance: the number of boosting iterations (n_estimators), learning rate, maximum number
of leaves per tree (num_leaves), maximum tree depth (max_depth), minimum number
of samples per leaf node (min_child_samples), row subsampling ratio (subsample), and
column subsampling ratio (colsample_bytree). The search space for each parameter was
defined to encompass a practically meaningful range while avoiding extreme configura-
tions that could lead to overfitting or underfitting. Table 3 summarizes the HPO search
space and the selected optimal configuration.
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Table 3. HPO search space and selected optimum.

Parameter Candidates Best
n_estimators [300, 500, 700] 700
learning_rate [0.03, 0.05, 0.07] 0.05
num_leaves [20, 31, 40] 20

max_depth [—1,5, 8] -1

min_child_samples [10, 20, 30] 20

subsample [0.8, 1.0] 0.8

colsample_bytree [0.8,1.0] 0.8

The randomized search evaluated 5 candidate configurations across 5-fold cross-
validation (totaling 25 fits), with the negative root mean squared error as the scoring
metric. The optimal configuration achieved a best cross-validated RMSE of 3.676 MPa. The
objective function was chosen as RMSE rather than R? because RMSE directly penalizes
large prediction errors in the same physical units as the target variable (MPa), which is
more meaningful for engineering applications where prediction accuracy in absolute terms
is critical for structural design decisions.

The selection of LightGBM and CatBoost as base learners was motivated by their
complementary algorithmic characteristics: LightGBM employs leaf-wise tree growth with
Gradient-based One-Side Sampling (GOSS) and Exclusive Feature Bundling (EFB), which
excels at capturing fine-grained nonlinear patterns, while CatBoost utilizes symmetric
(oblivious) trees with ordered boosting, providing inherent regularization against predic-
tion shift. This complementarity enhances ensemble diversity, a prerequisite for effective
ensemble learning. Ridge regression was selected as the meta-learner due to its closed-
form solution, L2 regularization that manages multicollinearity between correlated base
learner predictions, and its demonstrated effectiveness in stacking frameworks for concrete
strength prediction.

4.2.2. Sensitivity Analysis

To demonstrate the stability of the optimized model with respect to hyperparam-
eter perturbations, a sensitivity analysis was conducted by varying key hyperparame-
ters by £20% from their optimal values while holding all other parameters constant.
Figure 2 presents the sensitivity analysis results for learning rate and num_leaves, the two
hyperparameters most directly controlling model complexity and convergence behavior.

Sensitivity analysis (+20% perturbation)

42F 1 ™
4.0F 1
=
-9
2
B 3.8 B
E O—
o 1
= 3.6 1
<
Q
=
b —&— leaming_rate T
num_leaves 1
1 1
0.8 1.2

Perturbation factor (relative to optimum)

Figure 2. Sensitivity analysis of LightGBM hyperparameters (+20% perturbation from optimum).
Error bars represent £1 standard deviation across 5-fold cross-validation.
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The results demonstrate remarkable stability across perturbation levels. When the
learning rate was decreased by 20% (from 0.05 to 0.04), the mean cross-validated RMSE
increased marginally from 3.676 to 3.744 MPa (a 1.9% increase), while a 20% increase (to
0.06) yielded a mean RMSE of 3.662 MPa (a 0.4% decrease). For num_leaves, both the
20% decrease (from 20 to 16) and 20% increase (to 24) produced identical mean RMSE
values of 3.676 MPa, indicating that the model performance is insensitive to moderate
variations in tree complexity within this range. The overlapping confidence intervals across
all perturbation conditions confirm that the optimized hyperparameters reside within a
stable plateau of the performance landscape, rather than at a sharp optimum that would be
sensitive to minor configuration changes.

4.2.3. Reproducibility and Seed Stability

To verify the reproducibility of the modeling results, the complete training and evalua-
tion pipeline was executed across three independent random seeds (0, 1, 2), each generating
different train-test splits with an 80-20 ratio. Figure 3 presents the distribution of perfor-
mance metrics across these random seeds.

Seed stability (boxplots across random seeds)

b
S
T
1

w
w
T

1

-
|

Metric value
[3%)
W
T
1

20F 1

n(seeds) = 37
1 1 1

R? RMSE (MPa) MAE (MPa)

Figure 3. Seed stability analysis shows the distribution of R?, RMSE, and MAE across three indepen-
dent random train-test splits. The solid orange lines represent the median values, while the dashed
dark lines indicate the mean values. The box extents represent the interquartile range (IQR), and
the whiskers show the data range. The shaded background colors are used to visually distinguish
between the different performance metrics.

The model consistently achieved R? values exceeding 0.926 across all random splits,
with a mean R? of 0.941 + 0.019 and mean RMSE of 3.698 + 0.706 MPa, as shown in Table 4.
The relatively low standard deviation in R? (0.019) confirms that the model’s predictive
capability is robust to variations in data partitioning, demonstrating that the reported
performance is not an artifact of a particular favorable train-test split. The observed
variability in RMSE is attributable to the moderate dataset size (301 samples), where
different random splits may include varying proportions of extreme mixture compositions
in the test set.

Table 4. Seed stability results across independent random splits.

Seed R? RMSE (MPa) MAE (MPa)

0 0.935 3.991 3.208

1 0.926 4.209 3.289

2 0.962 2.893 231
Mean =+ Std 0.941 £ 0.019 3.698 £+ 0.706 2.936 + 0.543
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4.3. Base Learner Configuration

Two gradient boosting algorithms were selected as base learners for the ensemble
framework due to their complementary strengths in handling complex non-linear rela-
tionships and diverse data characteristics. The selection of these specific algorithms was
motivated by their demonstrated success in materials science prediction tasks and their
ability to capture different aspects of the underlying data patterns.

4.3.1. Hyperparameter Configuration of LightGBM

The LightGBM implementation employed a leaf-wise tree growth strategy with care-
fully tuned hyperparameters to balance model complexity and generalization perfor-
mance [42]. The model was configured with 700 gradient boosting iterations, allowing
sufficient capacity to capture intricate patterns in the compressive strength relationships. A
conservative learning rate of 0.05 was selected to ensure stable convergence and prevent
overfitting through gradual parameter updates. Each decision tree was constructed with
a maximum of 20 leaves, providing adequate model expressiveness while maintaining
computational efficiency through the leaf-wise growth algorithm [42].

To enhance model robustness and retableduce variance, stochastic training strategies
were implemented through both row and column subsampling [61]. The subsample
parameter was set to 0.8, meaning that each boosting iteration utilized 80 percent of the
training instances selected through random sampling without replacement. Similarly, the
column sample ratio (colsample_bytree) was configured at 0.8, ensuring that each tree
was constructed using 80 percent of the available features. These subsampling techniques
introduce beneficial randomization that prevents individual trees from overfitting to specific
data patterns while promoting diversity among ensemble members.

4.3.2. Categorical Boosting (CatBoost)

The CatBoost regressor was configured with 700 gradient boosting iterations, rep-
resenting a slightly more conservative ensemble size compared to LightGBM [43]. This
configuration was selected based on preliminary experiments indicating that CatBoost
achieves stable performance with fewer iterations due to its symmetric tree structure and
advanced regularization techniques [62]. The learning rate was set to 0.06, slightly higher
than LightGBM to compensate for the reduced number of iterations while maintaining
training stability.

A maximum tree depth of 4 was imposed to construct relatively shallow decision
trees, which serves as an effective regularization mechanism against overfitting. Shal-
low trees with limited depth are less prone to memorizing noise in the training data and
tend to capture more generalizable patterns. This depth limitation, combined with Cat-
Boost’s built-in ordered boosting algorithm, provides strong protection against overfitting
while maintaining predictive accuracy [43]. The random seed was consistently set to 42
across all experiments to ensure reproducibility and enable direct comparison with other
modeling approaches.

4.4. Ensemble Learning Architectures

Two distinct ensemble learning strategies were implemented to investigate different
approaches for combining base learner predictions. These strategies represent fundamen-
tally different philosophies in ensemble construction: mathematical optimization of linear
combinations versus hierarchical learning of meta-patterns [63,64].
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4.4.1. Voting Ensemble with Non-Negative Least Squares (VotingNNLS)

The VotingNNLS ensemble implements a mathematically rigorous approach to opti-
mal weight determination through constrained least squares optimization [46]. Following
independent training of the LightGBM and CatBoost base learners on the preprocessed
training data, both models generate prediction vectors for the training set. These predic-
tion vectors are concatenated column-wise to form a prediction matrix P of dimensions
n X 2, where n represents the number of training samples and each column corresponds to
predictions from one base learner.

The optimal ensemble weights are determined by solving a constrained optimization
problem that minimizes the squared residual between the weighted combination of base
predictions and the true target values. Formally, this optimization seeks weight vector
w that minimizes the objective function | IPw — y| |52, subject to the non-negativity
constraint w > 0 [48]. This constraint ensures that all base learners contribute positively to
the final prediction, preventing negative weights that could lead to counterintuitive model
behavior and reduced interpretability.

The optimization problem is solved using the Non-Negative Least Squares (NNLS)
algorithm implemented through the scipy.optimize module, which employs an active
set method to efficiently identify the optimal weight configuration [48,65]. Upon con-
vergence, the algorithm produces a weight vector that may assign zero weight to un-
derperforming models, effectively implementing automatic model selection within the
ensemble framework. The resulting weights are normalized to sum to unity, creating a
convex combination that maintains the prediction scale while optimally balancing the
contributions of each base learner according to their performance on the training data.

The final ensemble prediction for any input instance is computed as a weighted
linear combination of the base learner predictions, expressed mathematically as
y_final = w1-9_LGBM + w,-y_CatBoost, Where the weight vector wx = [w;, ;] rep-
resents the optimal weights determined through Non-Negative Least Squares (NNLS)
optimization. These weights minimize the squared error | Pw — y ||? under the con-
straint w > 0, ensuring that each base model contributes positively to the final prediction.
This approach offers computational efficiency since no additional model training is re-
quired beyond solving a single convex optimization problem, while still achieving
optimal linear aggregation of base learner outputs, as shown in Figure 4.

Data Preprocessing
Median Imputation
StandardScaler

LightGBM CatBoost
nestimators=1000 iterations=700
leamingrate=0.05 leaming rate=0.06

num leaves=31 depth=4
subsample=0.8 random seed=42
¥

Predictionsy Predictionsy

$1(LGBM) $2(CatBoost)
/ Prediction \

Matrix
P = [9,19,]

I

NNLS Weight Optimization
[Pw - yl||-,subject to: w >0
Optimal weights: w*= [w |, w,]T

AN | )

{
¥

Final Prediction
Ffinal=w, 9, + w9,
(Weighted Linear Combination)

(&

Figure 4. VotingNNLS Ensemble Flowchart.
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4.4.2. Stacked Generalization

The stacked generalization framework implements a hierarchical two-layer archi-
tecture that enables learning of complex non-linear relationships between base model
predictions and target values [45,66]. This approach treats the base learner predictions as
derived features for a higher-level meta-learning process, potentially capturing synergistic
interactions that simple weighted averaging cannot represent [67].

In the base layer (Layer 0), the LightGBM and CatBoost models are trained indepen-
dently on the preprocessed training data using their respective configurations as previously
described. Unlike the VotingNNLS approach, the predictions from these base learners are
conceptualized as meta-features rather than final predictions requiring combination [68].
Each base learner generates prediction vectors for all training instances, and these vec-
tors are concatenated to form a meta-dataset where each original training instance is now
represented by a two-dimensional feature vector comprising the predictions from both
base models.

The meta-learning layer (Layer 1) employs Ridge regression as the meta-learner,
selected for its ability to learn smooth combinations of base predictions while providing
robustness against multicollinearity through L2 regularization [49]. The Ridge regression
model was implemented using cross-validated hyperparameter selection (RidgeCV) to
automatically determine the optimal regularization strength from a predefined set of
candidate alpha values: 0.1, 1.0, and 10.0 [69]. This cross-validation procedure evaluates
each alpha value using internal cross-validation folds on the training data, selecting the
configuration that minimizes prediction error on held-out validation sets.

The meta-learner is trained on the meta-dataset where the input features are the
base learner predictions and the target remains the original compressive strength values.
This training process enables the Ridge regression to learn an optimal blending function
that may assign different importance to base learners depending on input characteristics,
effectively implementing context-dependent model weighting. The learned function can
capture non-linear decision boundaries in the meta-feature space through the linear model’s
coefficients, which may vary significantly from simple averaging or even the optimal linear
weights found by VotingNNLS.

During inference on the test set, the stacked generalization pipeline first generates
predictions from both base learners for each test instance. These predictions are then fed as
input features to the trained meta-learner, which produces the final ensemble prediction.
This two-stage prediction process maintains the hierarchical structure and ensures that
the meta-learner’s learned blending strategy is consistently applied to new data. The
stacking approach offers greater modeling flexibility compared to VotingNNLS, as the
meta-learner can potentially identify and exploit patterns in how base learner prediction
errors vary across different regions of the input space, though this increased flexibility
requires additional computational resources for meta-learner training and cross-validation,
as shown in Figure 5.
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Figure 5. Stacked Generalization Flowchart.

4.5. Model Evaluation and Performance Metrics

Model performance was assessed using a comprehensive suite of regression metrics
computed on both training and testing datasets to evaluate both fit quality and generaliza-
tion capability. The primary evaluation metric was the coefficient of determination (R?),
which quantifies the proportion of variance in compressive strength explained by model
predictions. Additional metrics included Mean Squared Error (MSE), Root Mean Squared
Error (RMSE), and Mean Absolute Error (MAE), providing complementary perspectives on
prediction accuracy at different scales and with varying sensitivity to outliers.

For each modeling approach, predictions were generated for all instances in both
training and testing sets. These predictions were systematically recorded and exported as
comma-separated value files containing paired actual and predicted values, facilitating
detailed error analysis and visualization. All computational experiments were conducted
using Python 3.x with the scikit-learn, LightGBM, and CatBoost libraries, and results were
archived in timestamped directories to maintain a complete experimental record and enable
result reproduction.

5. Results and Discussion
5.1. Model Performance Comparison and Selection

Based on the comparative analysis of the four machine learning methodologies, the
performance metrics reveal distinct characteristics across different modeling approaches,
as shown in Table 5. The Stacking ensemble method demonstrated superior generalization
capability, achieving the lowest testing RMSE of 3.321 and the highest testing R? of 0.963,
along with the minimal testing MAE of 2.506. This performance superiority comes at a
computational cost, requiring 2.168 s for model training, which represents approximately
seventeen times the execution time of the LGBM baseline. The VotingNNLS approach
exhibited competitive performance with a testing RMSE of 3.553 and R2 of 0.957, while
maintaining reasonable computational efficiency at 0.559 s. Among the individual learners,
CatBoost showed marginally better training fit with an R2 of 0.990, though its testing
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performance (RMSE: 3.749, R?: 0.953) lagged the ensemble methods. The LGBM model
presented the most favorable balance between predictive accuracy and computational
efficiency, achieving a testing RMSE of 3.386 with merely 0.124 s of training time. No-
tably, all models maintained testing R? values above 0.95, indicating robust predictive
capability. The relatively modest gap between training and testing metrics across all ap-
proaches suggests appropriate model complexity without severe overfitting. Considering
the trade-off between predictive precision and computational demand, the Stacking en-
semble emerges as the optimal choice for applications prioritizing accuracy, while LGBM
represents a pragmatic alternative for scenarios requiring rapid model deployment or
real-time predictions.

Table 5. Comparison of the performance of the models.

Research RMSE MSE R? MAE Time Consumption
Methodology Training Testing Training Testing Training Testing Training Testing (Seconds)
LGBM 1.889 3.386 3.567 11.466 0.987 0.961 1.264 2.589 0.124
CatBoost 1.624 3.749 2.638 14.053 0.990 0.953 1.167 2.613 0.433
Stacking 1.693 3.321 2.867 11.028 0.989 0.963 1.205 2.506 2.168
VotingNNLS 1.603 3.553 2.569 12.622 0.990 0.957 1.137 2.488 0.559

5.2. Enhanced Model Performance Comparison and Validation Analysis

The correlation between predicted and actual compressive strength values provides
comprehensive validation of model performance across the four machine learning ap-
proaches, as illustrated in Figure 6. The LGBM model (Figure 6a) exhibited the strongest
linear relationship with an R? of 0.9841, demonstrating exceptional predictive fidelity with
minimal deviation from the ideal prediction line across the entire strength spectrum from
5.36 to 89 MPa. This superior correlation validates the model’s capability to capture the
complex nonlinear relationships between mix design parameters and mechanical prop-
erties in recycled aggregate concrete. The residual distribution in the LGBM predictions
demonstrates remarkable consistency, with the majority of data points falling within a
narrow band around the theoretical prediction line, suggesting that the model maintains
uniform accuracy without exhibiting systematic bias toward either underestimation or
overestimation across different strength ranges. The homoscedastic nature of the residuals,
evidenced by the consistent scatter width along the entire prediction range, further confirms
the model’s robustness and reliability for practical applications in mix design optimization.

The CatBoost model (Figure 6b) achieved an R? of 0.9529, displaying slightly increased
scatter around the regression line, particularly at higher strength values exceeding 70 MPa,
though maintaining strong overall predictive accuracy. The increased deviation in the
upper strength range suggests potential limitations in the model’s capacity to extrapolate
beyond the most densely represented training data regions, which typically occur in the
moderate strength range of 30-60 MPa where conventional recycled aggregate concrete
formulations are most common. Despite this marginal increase in prediction variance, the
CatBoost model demonstrates commendable performance with more than 95 percent of
the variance in compressive strength explained by the model predictions. The distribution
pattern indicates that the model’s predictive uncertainty increases proportionally with
compressive strength magnitude, a characteristic that practitioners should consider when
applying the model to high-performance recycled aggregate concrete formulations.
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Figure 6. Correlation analysis between predicted and actual compressive strength values across four
machine learning models. Scatter plots demonstrate the predictive accuracy of (a) Light Gradient
Boosting Machine (LGBM, RZ =0.9841), (b) Categorical Boosting (CatBoost, RZ =0.9529), (c) Stacking
ensemble model (R? = 0.9429), and (d) Voting Non-Negative Least Squares (VotingNNLS, RZ =0.9257).

The Stacking ensemble approach (Figure 6¢) yielded an R? of 0.9429, demonstrating
that while this method achieved the lowest testing RMSE of 3.321 MPa as shown in Table 2,
the correlation coefficient indicates marginally higher variance in individual predictions
compared to LGBM. This apparent discrepancy between RMSE performance and corre-
lation strength can be attributed to the Stacking model’s superior handling of extreme
outliers and its ability to minimize large prediction errors through the ensemble weight-
ing mechanism. The scatter plot reveals a balanced distribution of residuals across the
strength spectrum, with no evident clustering of mispredictions in any particular range,
suggesting that the model’s reduced R? value stems from a more uniform distribution of
small to moderate prediction errors rather than from systematic bias or heteroscedastic vari-
ance. This characteristic makes the Stacking approach particularly valuable in applications
where minimizing maximum prediction error is prioritized over achieving the tightest
overall correlation.

The VotingNNLS model (Figure 6d) produced an R? of 0.9257, representing the lowest
correlation among the four approaches yet still maintaining robust predictive capability ex-
ceeding 92 percent. The increased scatter observed in this model’s predictions, particularly
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evident in the mid-range strength values between 40-60 MPa, reflects the inherent trade-off
between model complexity and generalization capability in ensemble learning approaches.
The non-negative least squares constraint imposed during the voting weight optimization
process, while providing theoretical guarantees regarding prediction bounds, appears
to limit the model’s flexibility in capturing certain nonlinear interaction effects between
input features. Nevertheless, the consistent performance across the full range of observed
compressive strength values indicates that the VotingNNLS approach remains a viable
option for practical applications, particularly in scenarios where computational efficiency
and interpretability are valued over marginal improvements in prediction accuracy.

All models exhibited consistent performance across the range of observed compressive
strength values, with data points clustering tightly around the diagonal reference line,
particularly in the moderate strength range of 30-60 MPa where the majority of recycled
aggregate concrete formulations occurred. This concentration of data in the intermediate
strength range reflects the practical reality of recycled aggregate concrete applications,
where most commercial and research formulations target conventional structural strength
requirements. The uniform distribution of residuals within this region across all four models
confirms their reliability for the most common use cases in sustainable construction practice.
The visual analysis corroborates the quantitative metrics presented in Table 4, confirming
that LGBM demonstrates superior balance between correlation strength and computational
efficiency, while the Stacking approach achieves optimal accuracy metrics at the cost of
increased computational demand. The marginal performance differences between the four
models, with R? values spanning only 5.84 percentage points, underscore the maturity and
effectiveness of modern gradient boosting and ensemble learning techniques for predicting
concrete mechanical properties. For practical implementation, the selection among these
models should be guided by specific project requirements, balancing prediction accuracy,
computational resources, interpretability needs, and the tolerance for prediction variance
in different strength ranges. Promote the application of recycled aggregate self-compacting
concrete to achieve carbon reduction and reach the goal of sustainable development.

5.3. Generalizability Validation on the UCI Concrete Compressive Strength Dataset

The curing age in the database spans from 2 to 112 days (mean: 33.7 days, stan-
dard deviation: 27.1 days), covering three stages: early age (2-7 days), standard age
(14-28 days), and extended age (56-112 days). SHAP analysis indicates that curing age
is the most influential variable affecting prediction results, with SHAP values ranging
approximately +15 MPa. This reflects the nonlinear characteristics of cement hydration
kinetics: strength gains rapidly during the early age (consistent with the Powers hydration
model) and gradually plateaus in later stages. Variations in curing conditions exist among
experimental samples from different sources (standard laboratory conditions: 20 £ 2 °C,
relative humidity > 95%). These discrepancies constitute an inherent challenge to the
model’s cross-dataset generalization capability and serve as one of the motivations for the
external validation design presented in this paper (UCI dataset, 1030 samples). To further
address concerns regarding the generalizability of the proposed ensemble framework, the
four models (LGBM, CatBoost, Stacking, and VotingNNLS) were re-evaluated on an inde-
pendent, publicly available benchmark dataset: the UCI Concrete Compressive Strength
dataset [70], which contains 1030 samples with eight input features including cement, blast
furnace slag, fly ash, water, superplasticizer, coarse aggregate, fine aggregate, and age.
The same model configurations, hyperparameters, and ensemble strategies as described in
Section 4 were applied without modification, ensuring a fair cross-domain comparison.

The performance metrics for all models on both the training and test splits are summa-
rized in Table 6.
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Table 6. Performance comparison of ML models on the UCI Concrete Compressive Strength dataset.

Research RMSE MSE R? MAE Time Consumption
Methodology Training Testing Training Testing Training Testing Training Testing (Seconds)
LGBM 1.2193 4.2500 1.4867 18.0623  0.9948 0.9299 0.5946 2.7856 0.4611
CatBoost 2.6018 4.1083 6.7696 16.8781  0.9762 0.9345 1.8669 2.8893 0.8919
Stacking 1.7617 3.9749 3.1034 15.7996  0.9891 0.9387 1.176 2.6725 5.729
VotingNNLS 1.2193 4.2500 1.4867  18.0623  0.9948 0.9299 0.5946 2.7856 1.3573

The results demonstrate that the proposed Stacking ensemble achieved the best gen-
eralization performance on this external dataset, attaining a test R? of 0.9387, RMSE of
3.9749 MPa, and MAE of 2.6725 MPa. Among individual base learners, CatBoost marginally
outperformed LGBM on the test set (R?: 0.9345 vs. 0.9299; RMSE: 4.1083 vs. 4.2500 MPa).
Notably, VotingNNLS yielded identical predictions to LGBM on this dataset, suggesting
that the NNLS weight optimization converged to a solution dominated by LGBM under this
data distributional behavior consistent with the theoretical property of NNLS that assigns
zero weight to weaker contributors. Overall, the consistent superiority of the Stacking
ensemble across both the original dataset and this independent benchmark confirms the
robustness and domain-agnostic applicability of the proposed modeling framework.

5.4. Comprehensive Residual Analysis of the Stacking Ensemble Model for Compressive
Strength Prediction

The Stacking Ensemble Model is more accurate and is suitable for application in
engineering projects. The residual analysis of the Stacking ensemble model, presented in
Figure 7, provides critical diagnostic information regarding model performance, prediction
reliability, and the appropriateness of the underlying statistical assumptions. The five-panel
diagnostic plot systematically examines different aspects of model behavior, revealing char-
acteristics that validate the Stacking approach as the optimal methodology for predicting
recycled aggregate self-compacting concrete compressive strength.

Figure 7a presents the residual plot against the independent variable sequence, demon-
strating a relatively random scatter pattern of prediction errors across the dataset. The
residuals fluctuate within an approximate range of —10 to +10 MPa, with the majority
concentrated within £5 MPa of the zero line. This distribution pattern indicates that the
model does not exhibit systematic bias across different data points in the sequence, sug-
gesting robust generalization capability regardless of the order in which samples were
collected or tested. The absence of discernible trends or patterns in residual plots confirms
that the model has successfully captured all significant relationships within the data, as
a well-fitted model will present residuals which randomly scatter around zero with the
indication of any pattern showing the existence of misspecification in the model [71]. This
characteristic is particularly important for practical applications, as it demonstrates that
the model maintains consistent prediction accuracy across different experimental batches
and testing campaigns, which may have been conducted under varying conditions or by
different research teams.

The histogram of conventional residuals in Figure 7b reveals a distribution that ap-
proximates normality, with the highest frequency occurring in the central bins near zero
and a gradual decrease in frequency toward the tails. The distribution exhibits approximate
symmetry around zero, with roughly 16 observations falling within the central bin and
progressively fewer observations in the peripheral ranges. While the distribution shows
slight deviations from perfect normality, particularly in the presence of a few observations
with residuals approaching +=10 MPa, the overall pattern satisfies the normality assumption
required for valid statistical inference in regression modeling. The near-normal distribution
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of residuals indicates that prediction errors arise primarily from random variation rather
than systematic model inadequacies, supporting the validity of confidence intervals and
hypothesis tests based on the model outputs, as regression experts consistently recom-
mend plotting residuals for model diagnosis despite the availability of many numerical
hypothesis test procedures [72]. Research has demonstrated that normally distributed
residuals enhance the interpretability of error metrics and provide more reliable estimates
of prediction uncertainty in regression applications.
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Figure 7. Residual diagnostic plots for the Stacking ensemble model. (a) Residuals versus independent
variable, (b) histogram of residual distribution, (c) residuals versus fitted values, (d) residual sequence
plot, and (e) normal quantile-quantile (Q-Q) plot. The blue scatter points represent the individual
residual values for each data point. The solid black horizontal lines in (a,c,d) indicate the zero-
residual baseline, while the red reference line in (e) represents the expected distribution for normally
distributed residuals. The blue-shaded bars in (b) illustrate the frequency distribution of residual
magnitudes. The five-panel analysis validates model assumptions including randomness, normality,
homoscedasticity, independence, and distributional conformity.

Figure 7c illustrates the relationship between conventional residuals and fitted values,
providing crucial insights into heteroscedasticity and model specification adequacy. The
residuals display relatively constant variance across the entire range of fitted values from
approximately 10 to 90 MPa, with no evident funnel-shaped pattern that would indicate het-
eroscedastic behavior. This homoscedastic distribution confirms that the model maintains
consistent prediction precision regardless of the magnitude of the predicted compressive
strength, a property essential for reliable application across the full spectrum of recycled
aggregate concrete formulations from low-strength to high-performance mixtures. The
absence of systematic patterns or trends validates the linear relationship assumption and
confirms that the model provides proper specification, as heteroscedastic residual patterns
in ensemble learning applications would compromise the effectiveness of the meta-learner’s
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blending strategy [73]. Studies on concrete strength prediction using ensemble learning
have emphasized that homoscedastic residual patterns indicate proper model specification
and adequate feature representation, demonstrating the superiority of combining several
models to produce more precise predictions [74].

The residual sequence plot in Figure 7d examines the temporal or sequential inde-
pendence of prediction errors, revealing no discernible autocorrelation patterns across
the 60 test samples. The residuals oscillate irregularly around the zero line without ex-
hibiting runs of consistently positive or negative values, confirming the independence
assumption crucial for valid statistical inference. This independence property indicates
that prediction errors for individual samples do not systematically influence the errors for
subsequent samples, validating the assumption that each concrete mixture represents an
independent observation drawn from the same underlying population. The absence of
autocorrelation is particularly significant for ensemble learning applications, as correlated
errors among base learners can compromise the effectiveness of ensemble aggregation
strategies and reduce the diversity benefits that justify ensemble construction, necessitating
cautious quantification of uncertainty from both experimental data and machine learning
architectures [75]. The independence of residual errors confirms the appropriateness of
the ensemble aggregation strategy and validates the use of cross-validation procedures
employed during model training and evaluation.

Figure 7e presents a percentile-percentile plot comparing the distribution of con-
ventional residuals against theoretical normal distribution quantiles, providing a formal
graphical assessment of the normality assumption. The data points align closely with the
diagonal reference line across most of the distribution, with slight deviations observable
only in the extreme tails. This pattern indicates that the residuals follow an approximately
normal distribution for the central 95 percent of observations, with minor departures oc-
curring only for the most extreme predictions. The strong linear relationship between
observed and theoretical quantiles confirms the validity of parametric statistical inference
based on normality assumptions, supporting the use of standard confidence intervals
and hypothesis testing procedures for model evaluation. Research on stacking ensemble
learning methods has demonstrated that Ridge regression meta-learners provide superior
performance due to their ability to handle correlated inputs while providing robustness
against multicollinearity through L2 regularization, with Ridge regression being selected
as a meta-learner specifically because it can effectively capture important information
without overfitting [76].

The comprehensive residual analysis reveals several key strengths of the Stacking
ensemble approach that justify its selection as the optimal modeling framework for this
application. First, the absence of systematic patterns in residual plots confirms that the
model has successfully captured all significant relationships within the data without over-
fitting to noise or introducing spurious correlations. Second, the approximately normal
distribution of residuals validates the statistical assumptions underlying the Ridge regres-
sion meta-learner and supports the reliability of reported performance metrics. Third,
the homoscedastic residual variance demonstrates consistent prediction precision across
the entire strength range, ensuring that the model provides equally reliable predictions
for both conventional and high-performance recycled aggregate concrete formulations.
Fourth, the independence of residual errors confirms the appropriateness of the ensemble
aggregation strategy and validates the use of cross-validation procedures employed during
model training and evaluation.

These diagnostic characteristics collectively demonstrate that the Stacking ensemble
model not only achieves superior quantitative performance metrics as reported in Table 2,
with a testing RMSE of 3.321 MPa and R? of 0.963, but also satisfies the fundamental statis-
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tical assumptions required for valid inference and reliable prediction. The residual analysis
provides empirical evidence that the ensemble learning approach successfully combines
several weak learners to obtain a comprehensive strong learner, with SHAP-based inter-
pretability analysis confirming that the model captures the underlying relationships while
maintaining high precision and generalization capability [77,78]. The model’s predictions
can be trusted for practical mix design optimization applications, supporting the advance-
ment of sustainable construction practices through the increased utilization of recycled
aggregate self-compacting concrete in infrastructure development.

5.5. Early-Age Versus Standard-Age Prediction Performance

To evaluate the model reliability across different curing ages, the dataset was stratified
into early-age (<7 days) and standard/extended-age (>7 days) subsets, and the prediction
performance of all four models was assessed separately. Table 7 presents the results for the
full dataset (training + testing).

Table 7. Model prediction performance for early-age (<7 days) and standard/extended-age (>7 days)
subsets (full dataset, n = 301).

Model Subset n R2 RMSE (MPa)  MAE (MPa)
<7 days 11 0.8676 3.824 2.945
LGBM >7 days 290 0.9806 2.308 1.622
All data 301 0.9794 2.38 1.671
<7 days 11 0.9696 1.832 1.359
CatBoost >7 days 290 0.9817 2.239 1.464
All data 301 0.982 2.225 1.46
<7 days 11 0.9578 2.158 1.531
Stacking >7 days 290 0.9835 2.127 1.438
All data 301 0.9835 2.128 1.441
<7 days 11 0.9666 1.919 1.411
VotingNNLS >7 days 290 0.9821 2214 1.453
All data 301 0.9823 2.204 1.451

As shown in Table 6, all four models exhibited lower R? values for the early-age subset
(0.8676-0.9696) compared to the standard /extended-age subset (0.9806-0.9835), confirming
that predictions for early-age specimens carry greater uncertainty. Among the individual
base learners, CatBoost demonstrated the strongest early-age performance (R? = 0.9696,
RMSE = 1.832 MPa), while LGBM showed the most notable performance degradation for
early-age specimens (R? = 0.8676, RMSE = 3.824 MPa). The Stacking ensemble maintained
robust performance across both subsets, achieving the highest R? (0.9835) and lowest RMSE
(2.127 MPa) for the standard-age subset while delivering competitive early-age performance
(R? = 0.9578, RMSE = 2.158 MPa).

The reduced prediction accuracy for early-age specimens is attributable to three factors:
(1) the limited representation of early-age data in the dataset (n = 11, 3.7%), which constrains
the models’ ability to learn the complex early-age strength development patterns; (2) the
highly nonlinear and rapid hydration kinetics during the first few days after mixing, which
are more sensitive to minor variations in curing conditions and cement chemistry; and
(3) the negligible pozzolanic contribution of supplementary cementitious materials (fly
ash, GGBEFS) at early ages, despite their presence in the mixture proportions as input
features. At early ages, the SCM particles have not yet undergone significant pozzolanic
reactions and primarily act as inert fillers, whereas at later ages their contribution to strength
development becomes substantial. This temporal shift in the role of SCMs introduces
additional complexity for models trained predominantly on standard-age data.
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It should be noted that the early-age subset contains only 11 specimens, and the
results should be interpreted with caution given this limited sample size. Users of this
predictive framework should exercise additional care when applying the model to predict
compressive strength of RASCC at ages below 7 days. Future studies should prioritize the
collection of additional early-age experimental data to improve prediction reliability in this
critical strength development period.

6. SHAP-Based Model Interpretability Analysis

To enhance the transparency and interpretability of the developed ensemble models,
SHAP (SHapley Additive exPlanations) analysis was conducted to quantify the contribution
of each input feature to the predicted compressive strength values. SHAP values employ
the concept of game theory to compute the contribution of each ‘game player’ (feature)
to the final ‘game outcome’ (model prediction), providing a unified measure of feature
importance by calculating the marginal contribution of each feature across all possible
feature combinations [79]. The SHAP method is a comprehensive interpretable method
that includes both global and local interpretations, where global interpretation assesses
feature importance and dependency while local interpretation quantifies the contribution
of each input variable to predicted values [80].

6.1. LightGBM Model Feature Importance Analysis

Figure 8 presents the SHAP summary plot for the Light GBM base learner, illustrating
the distribution of SHAP values for all input features across the entire dataset. The vertical
axis displays features ranked by their mean absolute SHAP value, indicating their overall
importance in determining compressive strength predictions. The horizontal axis represents
the SHAP value magnitude, where positive values indicate an increase in predicted strength
and negative values suggest a decrease. The color gradient from blue to red represents the
feature value magnitude, with red indicating high feature values and blue representing
low values.

The analysis reveals that specimen age emerges as the most influential parameter in
the LightGBM model, exhibiting the widest distribution of SHAP values ranging from
approximately —15 to +15 MPa. The color distribution indicates that increased curing
age consistently produces positive SHAP values, with SHAP analysis identifying curing
age and cement content as the most influential variables, reinforcing domain knowledge
about cement hydration and strength development, as curing age segmentation enhances
predictions for long-term strength [81,82]. High age values, represented by red data points,
predominantly cluster in the positive SHAP value region, demonstrating that prolonged
curing periods contribute substantially to enhanced compressive strength predictions.
This finding aligns with the fundamental principles of concrete technology, where the
progressive hydration of cementitious materials over time leads to the formation of calcium
silicate hydrate gel and the consequent densification of the concrete matrix.

Recycled aggregate density (RA-midu) demonstrates the second highest feature im-
portance, with SHAP values spanning from approximately —10 to +8 MPa. High density
values of recycled aggregates predominantly contribute positively to strength predictions,
confirming that denser recycled aggregates facilitate superior mechanical performance, as
the SHAP technique reveals that physical properties of aggregates are dominant parameters
in estimating concrete strength [83]. The color distribution pattern shows that high-density
recycled aggregates, indicated by red points, are associated with positive SHAP values,
while low-density aggregates, shown in blue, correspond to negative contributions. This
relationship reflects the physical reality that denser aggregates typically possess lower
porosity, reduced water absorption capacity, and stronger inherent mechanical properties,
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all of which contribute to enhanced interfacial bonding with the cement paste matrix and
improved overall concrete performance.
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Figure 8. SHAP summary plot for the LightGBM model showing feature importance rankings and
value distributions. Point color indicates the feature value (blue = low, red = high); positive /negative
SHAP values increase/decrease the predicted compressive strength, respectively. The horizontal
axis represents the SHAP value (MPa), indicating the magnitude of each feature’s contribution to the
predicted compressive strength.

The water-to-binder ratio (w/b) exhibits substantial negative influence on compressive
strength predictions, with SHAP values distributed between approximately —8 to +5 MPa.
The feature demonstrates a clear inverse relationship with strength, as evidenced by the
concentration of red points representing high w/b ratio values in the negative SHAP value
region. Feature importance analysis using SHAP identified the water-to-binder ratio as
the most influential factor negatively affecting strength, with Partial Dependence Plots
employed to further examine the relationships between key input features and strength
outputs [84]. This pattern corroborates the well-established principle in concrete technology
that elevated water content increases capillary porosity, reduces the density of the hardened
cement paste, and weakens the interfacial transition zone between aggregate particles and
the binding matrix.

Fly ash content (FA) presents considerable variability in its impact on strength pre-
dictions, with SHAP values ranging from approximately —5 to +5 MPa and displaying a
more dispersed distribution pattern compared to the previously discussed features. The
mixed influence of fly ash, characterized by both positive and negative SHAP contributions
across its value range, reflects the complex dual nature of this supplementary cementitious
material. High fly ash dosages can provide long-term strength enhancement through
pozzolanic reactions that consume calcium hydroxide and produce additional calcium
silicate hydrate. However, at early ages or when used in excessive quantities, fly ash may
dilute the cement content and delay strength development, resulting in the heterogeneous
SHAP value distribution observed in the analysis.

Cement content exhibits a predominantly positive correlation with compressive
strength, as indicated by the concentration of high cement dosage values in the posi-
tive SHAP region. However, the magnitude of this effect appears more moderate compared

https:/ /doi.org/10.3390/app16052432


https://doi.org/10.3390/app16052432

Appl. Sci. 2026, 16, 2432

28 of 47

to specimen age and recycled aggregate density, with SHAP values typically ranging from
—5 to +5 MPa. Water content demonstrates similar inverse patterns to the w/b ratio, where
high water dosages, represented by red data points, predominantly occupy the negative
SHAP value space, reflecting the detrimental impact of excess water on concrete strength
through increased porosity and reduced matrix density.

Fineness modulus shows a concentrated SHAP value distribution near zero with slight
negative tendency for high values, suggesting that while aggregate gradation influences
workability and packing efficiency, its direct impact on compressive strength is relatively
limited within the studied range. Recycled aggregate water absorption (RAabsorption)
displays notable negative influence when absorption values are high, reflecting the adverse
effects of porous recycled aggregates on concrete performance through reduced effective
water-to-cement ratio and compromised aggregate-paste bonding. SHAP analysis indicates
that cement content and recycled aggregate percentages are the effective input parameters
affecting concrete mechanical properties [85].

The remaining parameters, including maximum aggregate size, sand content, recycled
aggregate content, silica fume, natural aggregate density, natural aggregate absorption,
natural aggregate content, recycled aggregate replacement ratio, ground granulated blast
furnace slag, and cement type, exhibit progressively diminishing influence on model pre-
dictions. These features display narrower SHAP value distributions concentrated near zero,
indicating their contributions are relatively minor or highly context-dependent based on
complex interactions with other mixture parameters. The hierarchical importance ranking
provided by SHAP analysis offers valuable insights for mixture proportion optimiza-
tion, suggesting that practitioners should prioritize controlling specimen age, aggregate
density, water-to-binder ratio, and cementitious material dosages to achieve targeted
strength performance.

6.2. CatBoost Model Feature Importance Analysis

Figure 9 presents the SHAP summary plot for the CatBoost base learner, revealing dis-
tinct feature importance patterns that complement the insights obtained from the LightGBM
analysis. While the overall feature ranking structure exhibits similarities with LightGBM,
notable differences in SHAP value distributions and feature influence magnitudes provide
valuable information regarding how different gradient boosting implementations capture
relationships within the recycled aggregate concrete dataset.

Specimen age maintains its position as the dominant predictor in the CatBoost model,
demonstrating SHAP values spanning approximately —10 to +10 MPa. The distribution
pattern remains consistent with the LightGBM findings, where high age values represented
by red points predominantly cluster in the positive SHAP value region. However, the
CatBoost model exhibits a slightly more concentrated distribution compared to LightGBM,
suggesting that CatBoost’s ordered boosting algorithm and symmetric tree structure cap-
ture the age-strength relationship with somewhat different granularity. Recycled aggregate
properties maintain critical importance across different model architectures, with SHAP-
based feature attribution providing precise illustration of feature interdependencies and
quantifying their complex relationships to establish a hierarchy of importance, demonstrat-
ing exceptional predictive accuracy with R? values exceeding 0.94 across multiple ensemble
learning approaches [86,87].

Recycled aggregate density continues to demonstrate substantial influence in the
CatBoost model, with SHAP values distributed between approximately —8 to +8 MPa. The
color gradient pattern reveals a consistent positive correlation between high aggregate
density and positive strength contributions, similar to the LightGBM findings. However,
the CatBoost model shows a marginally tighter clustering of SHAP values in the mid-range,

https:/ /doi.org/10.3390/app16052432


https://doi.org/10.3390/app16052432

Appl. Sci. 2026, 16, 2432

29 of 47

potentially reflecting the model’s categorical feature handling capabilities and its approach
to splitting decisions through symmetric trees. This characteristic may enable CatBoost
to more efficiently partition the feature space when dealing with the continuous density
values of recycled aggregates.
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Figure 9. SHAP summary plot for the CatBoost model showing feature importance rankings and
value distributions. Point color indicates the feature value (blue = low, red = high); positive/negative
SHAP values increase/decrease the predicted compressive strength, respectively. The horizontal
axis represents the SHAP value (MPa), indicating the magnitude of each feature’s contribution to the
predicted compressive strength.

The water-to-binder ratio maintains its strong negative influence in the CatBoost
model, with high w/b values consistently associated with negative SHAP contributions
to predicted strength. The distribution pattern closely mirrors the LightGBM results,
confirming the robust identification of this inverse relationship across different modeling
approaches. The consistency of this finding across both base learners validates the physical
principle that excess water compromises concrete strength and demonstrates that both
gradient boosting implementations successfully capture this fundamental relationship
despite their algorithmic differences.

Fly ash content exhibits comparable variability in the CatBoost model as observed
in LightGBM, with SHAP values spanning both positive and negative regions. The dis-
tribution suggests that CatBoost similarly captures the complex dual nature of fly ash
contributions, where the pozzolanic benefits must be balanced against potential early-
age strength dilution effects. Cement content shows predominantly positive influence
with moderate magnitude, maintaining consistency with the LightGBM findings and
confirming cement dosage as a reliable strength enhancement parameter across different
model architectures.

Water content demonstrates clear negative correlation patterns in the CatBoost model,
with high water dosages occupying predominantly negative SHAP value space. The
distribution characteristics closely align with the w /b ratio findings, reflecting the inter-
connected nature of these mixture proportion parameters and their combined influence
on concrete porosity and strength development. Ensemble boosting algorithms including
CatBoost, XGBoost, and LightGBM demonstrated superior predictive accuracy, with mod-

https:/ /doi.org/10.3390/app16052432


https://doi.org/10.3390/app16052432

Appl. Sci. 2026, 16, 2432

30 of 47

els excelling in estimation across different concrete properties through effective feature
interdependency analysis [88].

Fineness modulus recycled aggregate water absorption, and maximum aggregate
size exhibit similar importance rankings and distribution patterns in CatBoost compared
to LightGBM, though with subtle differences in SHAP value spread and concentration.
These similarities suggest that both models converge on comparable feature importance
hierarchies despite their different tree-building strategies, with CatBoost’s ordered boost-
ing and symmetric trees producing results that align well with LightGBM’s leaf-wise
growth approach.

The lower-ranked features, including sand content, recycled aggregate content, silica
fume, natural aggregate properties, recycled aggregate replacement ratio, ground granu-
lated blast furnace slag, and cement type, maintain their limited influence in the CatBoost
model. The consistency of these findings across both base learners enhances confidence that
these parameters genuinely exert minimal direct impact on compressive strength within the
studied dataset, though they may participate in higher-order interactions that the ensemble
framework captures through the meta-learner integration.

The comparative analysis of LightGBM and CatBoost SHAP distributions reveals
that while both models identify similar primary drivers of compressive strength, sub-
tle differences in their feature importance quantification reflect their distinct algorithmic
approaches. These complementary perspectives provide the foundation for the Stack-
ing ensemble’s superior performance, as the Ridge regression meta-learner can lever-
age the unique insights from each base learner to achieve enhanced prediction accuracy
and robustness.

6.3. Meta-Learner Base Model Contributions

Figure 10 quantifies the mean absolute SHAP values for base learner contributions
in the Stacking ensemble meta-learner. The horizontal bar chart reveals that LightGBM
generates a mean absolute SHAP value of 7.06 MPa, while CatBoost produces 6.28 MPa.
The stacking ensemble models improved prediction metrics by reaching higher R? values
and lower RMSE compared to base learners, confirming the effectiveness of ensemble
learning in enhancing prediction accuracy through synergistic combination of diverse
model predictions [89]. The modest difference of 0.78 MPa indicates that both models
contribute substantially and comparably to the final ensemble prediction.

LGBM_pred +7.06

CatBoost_pred

0 1 2 3 4 5 6 7
mean(|[SHAP value|)

Figure 10. Mean absolute SHAP values for LightGBM and CatBoost base learner contributions in
the Stacking ensemble. Mean absolute SHAP values (MPa) for LightGBM and CatBoost base learner
contributions in the Stacking ensemble.

The slightly higher SHAP value for LightGBM suggests marginally greater influence
on the ensemble output. This differential may reflect LightGBM'’s leaf-wise tree growth
strategy, which enables deeper, more specialized trees that capture certain nonlinear rela-
tionships with higher fidelity. The model’s gradient-based one-side sampling and exclusive
feature bundling techniques contribute to identifying patterns that provide more informa-
tive predictions for the Ridge regression meta-learner.
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Conversely, CatBoost’s symmetric tree structure and ordered boosting algorithm offer
complementary strengths in handling categorical variables and reducing prediction shift.
The comparable magnitude of CatBoost’s mean absolute SHAP value confirms that this
model provides meaningful, non-redundant information that enhances ensemble predictive
capability. Ridge regression was selected as a meta-learner due to its superior performance
in stacking models, as it can effectively capture important information without overfitting
when the number of base learners is appropriate, and its regularization mechanism helps
manage correlation between base learner predictions [76].

The balanced contribution structure enhances ensemble robustness and generalization
capability. When multiple base learners contribute comparably to final predictions, the
ensemble becomes less vulnerable to the failure modes of any single model. If one base
learner encounters input data outside its optimal operating range, the other can compen-
sate, maintaining overall prediction reliability. This redundancy mechanism enhances the
ensemble’s ability to generalize to new concrete mixtures that may differ from the training
distribution, while preserving the essential relationships captured by both models.

The learned attention structure of the meta-learner—quantified via SHAP values of
7.06 MPa for LightGBM and 6.28 MPa for CatBoost—is physically interpretable in the
context of RASCC behavior. LightGBM’s marginally higher weight aligns with the fact
that the dataset exhibits strong time-dependent strength evolution (curing age being the
top feature in both base models, Figures 8 and 9). LightGBM’s leaf-wise growth strategy
is particularly adept at capturing the nonlinear, threshold-like nature of cement hydra-
tion kinetics—a well-established physicochemical process where strength gains accelerate
rapidly in early curing stages and plateau at later stages [90,91]. This behavior is consistent
with Powers” hydration model and the S-curve strength development pattern widely re-
ported in the concrete literature [92,93]. CatBoost’s slightly lower but comparable weight
reflects its strength in handling categorical and bound continuous variables such as cement
type and recycled aggregate replacement ratio (RAreplace) parameters whose influence
on strength is more discrete and less time dependent. Crucially, the near-parity of the
two weights (7.06 vs. 6.28 MPa, a difference of ~11%) indicates that the meta-learner does
not disproportionately favor one base model, suggesting that the ensemble has learned to
exploit complementary physical mechanisms—hydration kinetics captured by LightGBM
and aggregate—matrix interaction effects captured by CatBoost—rather than relying on a
single modeling strategy. This balanced attribution is consistent with the known multi-
mechanism nature of RASCC strength development, where both binder chemistry and
aggregate physical properties play indispensable roles [94-96].

6.4. Integrated Ensemble Feature Attribution

Figure 11 presents the comprehensive SHAP beeswarm plot for the complete Stacking
ensemble model, synthesizing feature importance analysis across the integrated framework.
This visualization captures final feature attribution after the Ridge regression meta-learner
has optimally combined predictions from both base learners. The consistency between
the integrated ensemble SHAP rankings and the individual base learner rankings (both
identifying age, RA-midu, and w/b as top contributors) further validates that the meta-
learner’s attention weights genuinely reflect domain-informed feature prioritization rather
than spurious statistical correlations.

Specimen age maintains its position as the most influential feature, with SHAP val-
ues spanning approximately —15 to +15 MPa. Using the SHAP algorithm, the impact
of different input features on model output has been visualized, with negative SHAP
values corresponding to a decreasing effect on model prediction, whereas positive SHAP
values indicate an increasing effect [97]. The dense clustering of red points in the positive
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SHAP region and blue points in the negative region demonstrates a consistent, monotonic
relationship between curing age and predicted strength. The broader SHAP value distribu-
tion compared to individual base learners reflects the ensemble’s enhanced sensitivity to
age variations.

High

LGBM pred seee """"‘**MW""""‘*' oo
CatBoost_pred ®oo o *%‘Qm*ﬁ-*ﬂ- ooe

—éO —iO (‘) lIO 2I0
SHAP value (impact on model output)

Feature value

Low

Figure 11. Comprehensive SHAP beeswarm plot for the Stacking ensemble model showing integrated
feature importance. Point color indicates the feature value (blue = low, red = high); positive/negative
SHAP values increase/decrease the predicted compressive strength, respectively. The horizontal
axis represents the SHAP value (MPa), indicating the magnitude of each feature’s contribution to the
predicted compressive strength.

Recycled aggregate density emerges as the second most critical parameter, exhibiting
SHAP values ranging from approximately —10 to +10 MPa. The clear separation between
high-density values contributing positively and low-density values contributing negatively
demonstrates that the ensemble has successfully learned the fundamental relationship
between aggregate quality and concrete performance. The ensemble’s SHAP distribution
for this feature shows greater definition compared to individual base learners.

The water-to-binder ratio continues to demonstrate strong negative influence, with
high w/b values predominantly associated with negative SHAP contributions. The SHAP
analysis demonstrates that the developed ensemble models capture physically meaningful
relationships between mixture design parameters and compressive strength, where ensem-
ble learning models trained on comprehensive datasets enhance predictions by 15-20%
and decrease Root Mean Squared Error [98]. The concentration and consistency of this
pattern reflects the robustness of this relationship, as both base learners independently
identify the inverse correlation and the meta-learner reinforces this finding through optimal
weight assignment.

Fly ash content maintains its complex, bidirectional influence pattern, with SHAP
values distributed across both positive and negative regions. The ensemble captures a more
nuanced representation of fly ash effects, reflecting the meta-learner’s ability to identify
context-dependent relationships where fly ash contributions vary based on interactions with
other mixture parameters such as cement content, water-to-binder ratio, and curing age.
This sophisticated pattern recognition capability exemplifies the advantage of ensemble
learning for modeling complex material behaviors.

Cement content shows predominantly positive influence with moderate SHAP value
magnitudes, while water content displays clear negative correlation patterns. Fineness
modulus, recycled aggregate water absorption, maximum aggregate size, and sand content
exhibit moderate influence, with SHAP value distributions centered near zero but showing
occasional significant deviations. These patterns suggest that while these parameters exert
secondary effects on average, they can become critically important under specific mixture
proportion combinations.

The lower-ranked features maintain limited direct influence in the ensemble model.
However, their inclusion remains justified, as they may participate in higher-order inter-
actions that contribute to the ensemble’s overall predictive accuracy. The consistency of
findings across different model configurations demonstrates that precise predictions are
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crucial for enhancing structural reliability and optimizing resource usage in construction
projects, with machine learning algorithms successfully capturing the intricate interactions
between input variables [86]. The interpretability provided by SHAP analysis enables prac-
titioners to understand not only which features are important but also how their specific
values influence predictions, thereby facilitating informed decision-making in mix design
optimization for recycled aggregate self-compacting concrete applications.

7. Conclusions

This investigation successfully developed and validated advanced ensemble ma-
chine learning frameworks for predicting the compressive strength of recycled aggregate
self-compacting concrete, addressing critical gaps in sustainable construction materials
research. Through systematic analysis of 301 experimental observations encompassing
diverse mixture compositions, curing ages, and recycled aggregate characteristics, this
study establishes robust predictive capabilities while providing interpretable insights into
the complex relationships governing concrete mechanical performance.

The comparative evaluation of four machine learning methodologies revealed that the
Stacking ensemble approach, employing LightGBM and CatBoost as base learners with
Ridge regression as meta-learner, achieved superior predictive accuracy with a coefficient
of determination of 0.963, root mean squared error of 3.321 MPa, and mean absolute error
of 2.506 MPa on the testing dataset. This performance represents a substantial advancement
over conventional empirical prediction methods, which typically achieve coefficient of
determination values below 0.30 for recycled concrete systems. The Light Gradient Boosting
Machine demonstrated an optimal balance between predictive accuracy and computational
efficiency, achieving a coefficient of determination of 0.961 with execution time of merely
0.124 s, suggesting its suitability for real-time applications in construction practice where
rapid mix design optimization is required.

Comprehensive residual diagnostic analysis validated the statistical integrity of the
developed models, confirming that prediction errors satisfy fundamental assumptions
including approximate normality, homoscedasticity across the entire strength range, tempo-
ral independence, and random distribution without systematic bias. These characteristics
demonstrate that the ensemble learning approach successfully captures the underlying
physical relationships governing concrete strength development without overfitting to spu-
rious patterns in the training data. The consistent performance across training and testing
datasets, with minimal variance between evaluation metrics, provides strong evidence
of robust generalization capability to new mixture compositions not encountered during
model development.

The application of SHAP-based interpretability analysis quantified the relative contri-
butions of individual mixture parameters to compressive strength predictions, revealing
a clear hierarchy of feature importance that aligns with established concrete technology
principles. Specimen age emerged as the most influential parameter, exhibiting SHAP
values ranging from negative 15 to positive 15 MPa, reflecting the fundamental role of
hydration kinetics in strength development. Recycled aggregate density demonstrated the
second highest importance, with high-density aggregates consistently contributing posi-
tively to strength predictions through reduced porosity and enhanced interfacial bonding
characteristics. The water-to-binder ratio exhibited strong negative influence, corroborating
the well-established inverse relationship between water content and concrete strength
through effects on capillary porosity and matrix density.

The SHAP analysis revealed complex, context-dependent contributions from supple-
mentary cementitious materials, with fly ash displaying bidirectional influence patterns
that reflect the competing effects of pozzolanic strength enhancement versus cement dilu-
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tion and delayed early-age strength development. Recycled aggregate water absorption
demonstrated notable negative influence when absorption values exceeded four percent,
highlighting the critical importance of aggregate moisture management in mix design
optimization. The consistency of feature importance rankings across different base learner
architectures enhances confidence that these relationships represent genuine physical de-
pendencies rather than model-specific artifacts.

The developed predictive framework enables several practical advances for sustain-
able construction applications. First, the models facilitate rapid optimization of recycled
aggregate self-compacting concrete mixture proportions to achieve targeted strength re-
quirements while maximizing recycled content, thereby supporting circular economy
principles within the construction sector. Second, the interpretability provided by SHAP
analysis allows practitioners to understand which mixture parameters require precise
control and which parameters offer flexibility for cost optimization or material substitution.
Third, the robust performance across strength ranges from 5.36 to 89 MPa demonstrates
applicability to both conventional structural applications and high-performance concrete
formulations, expanding the potential scope of recycled aggregate utilization.

Several limitations of this investigation warrant acknowledgment. The dataset, while
encompassing substantial compositional diversity with 301 specimens spanning at least
10 experimental series, three cement strength grades, recycled aggregate replacement ratios
from 0% to 100%, and multiple supplementary cementitious material combinations, derives
from laboratory-scale specimens tested under standard curing conditions (approximately
20 + 2 °C, >95% relative humidity). The current predictive framework addresses com-
pressive strength as a function of mixture design parameters and curing age and does not
incorporate durability-related phenomena such as carbonation depth progression, chloride
ion ingress, or freeze—thaw degradation, which are governed by distinct environmental
exposure variables beyond the scope of the present mixture-property modeling approach.
Validation using field-scale concrete placements subjected to variable curing conditions,
construction practices, and environmental exposures would enhance confidence in the
models’ applicability to real-world construction scenarios. The temporal scope of strength
predictions extends to 112 days, yet many infrastructure applications require service life
predictions spanning decades. Future work should integrate long-term strength devel-
opment models and dedicated durability datasets incorporating environmental exposure
parameters to extend the predictive framework from mechanical strength estimation to com-
prehensive service life assessment, thereby bridging the gap between laboratory-calibrated
models and field-level engineering applications.

This study’s dataset focuses on concrete compressive strength and does not sys-
tematically include fresh concrete workability indicators (such as slump or spread flow).
However, the water-to-binder ratio (w/b), a core parameter influencing workability, is
included among the 18 input variables. SHAP analysis (Section 6) reveals that w/b exerts
a significant negative effect on strength (with SHAP values ranging approximately from
—8 to +5 MPa), which aligns with existing literature regarding the dual impact of w/b
on both the flowability and strength of self-compacting concrete. Future research should
incorporate rheological parameters (such as plastic viscosity and yield stress) to construct a
synergistic prediction framework for workability and strength.

Future research should explore several promising extensions of this work. The in-
corporation of additional input features characterizing recycled aggregate microstructure,
such as residual mortar content, interfacial transition zone properties, and micro-crack
distributions, may enable more refined predictions and deeper mechanistic understanding.
The development of multi-objective optimization frameworks that simultaneously consider
compressive strength, workability characteristics, environmental impact metrics, and eco-
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nomic costs would support holistic decision-making in sustainable concrete design. The
application of physics-informed machine learning approaches that embed fundamental
conservation laws and constitutive relationships within neural network architectures may
improve extrapolation capabilities and reduce data requirements for model training.

The integration of uncertainty quantification methods, such as Bayesian neural net-
works or conformal prediction intervals, would provide practitioners with confidence
bounds on strength predictions, enabling risk-informed decision-making in structural
design. The extension of interpretability analysis to investigate higher-order feature in-
teractions, beyond the individual feature attributions provided by SHAP, may reveal
synergistic or antagonistic effects among mixture components that could inform novel
mix design strategies. The development of transfer learning approaches that leverage
knowledge gained from natural aggregate concrete datasets to improve predictions for
recycled aggregate systems with limited experimental data represents another valuable
research direction.

In conclusion, this investigation demonstrates that ensemble machine learning, com-
bined with rigorous interpretability analysis, provides powerful tools for advancing sustain-
able construction materials research and practice. The developed models achieve predictive
accuracy exceeding 96 percent while maintaining transparency regarding the physical
relationships underlying their predictions. By enabling confident utilization of recycled
aggregate self-compacting concrete across diverse applications, this work supports the con-
struction industry’s transition toward circular economy principles, contributing to reduced
natural resource consumption, decreased construction waste generation, and diminished
carbon dioxide emissions while maintaining the structural performance requirements es-
sential for safe and durable infrastructure. The methodological framework established
herein offers a template for addressing similar prediction challenges in other sustainable
construction materials, accelerating the development and deployment of environmentally
responsible building technologies.
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The following abbreviations are used in this manuscript:

SCC Self-Compacting Concrete
RCA Recycled Concrete Aggregates
FA Fly Ash

w/b Water-to-Binder Ratio
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RMSE

R2

MAE
MSE
StD(Std)
Skew
MPa
LightGBM
CatBoost
LGBM
SHAP
SVR
1D-CNN
L2
NNLS
VotingNNLS
RidgeCV
GOSS
EFB

Ccv

Al

NA

RA
GGBFS
SF
RASCC
RCA
OPC
IQR

Root Mean Squared Error

Coefficient of Determination

Mean Absolute Error

Mean Squared Error

Standard Deviation

Skewness

Megapascal (unit of pressure/strength)

Light Gradient Boosting Machine

Categorical Boosting

Light Gradient Boosting Machine (alternative abbreviation used)
SHapley Additive exPlanations

Support Vector Regression

One-Dimensional Convolutional Neural Network

L2 Regularization (Ridge penalty)

Non-Negative Least Squares

Voting ensemble with Non-Negative Least Squares optimization
Ridge Regression with Cross-Validation

Gradient-based One-Side Sampling (LightGBM algorithm)
Exclusive Feature Bundling (LightGBM algorithm)
Cross-Validation

Artificial Intelligence

Natural (Coarse) Aggregate

Recycled (Coarse) Aggregate

Ground Granulated Blast Furnace Slag

Silica Fume

Recycled Aggregate Self-Compacting Concrete

Recycled Concrete Aggregate

Ordinary Portland Cement

Interquartile Range

P05, P25, P75, P95  5th, 25th, 75th, 95th Percentile
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Appendix A

Data Set

Table 1. Data set from Yang’s research [36].
NO. Age(d Cementtype (Ckegl/“nel?: (ng/‘ﬁ‘g) g(g/l;l;s) (kgslfns) w/b (l‘(,‘grt:g) (kg/?@) (kg/ﬁl 3) I‘{ﬁg—}\:llsd)u R(ﬁéll\:ll?(‘i)u NAal’(ﬁZ;‘len RAab(soz;'pllun RAl;EO)lace (ksga/lllnd:” ) N{i\:‘([s':)ze Fineness Cm:ll\}/)[li?:)slve
1 14 425 520 0 0 0 0.35 182 867 0 2698 2594 0.5 49 0 785 20 6.95 39.33
2 28 425 520 0 0 0 0.35 182 867 0 2698 2594 0.5 49 0 785 20 6.95 53.45
3 56 425 520 0 0 0 0.35 182 867 0 2698 2594 0.5 49 0 785 20 6.95 54.65
4 112 425 520 0 0 0 0.35 182 867 0 2698 2594 0.5 4.9 0 785 20 6.95 56.33
5 14 425 520 0 0 0 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 43.16
6 28 425 520 0 0 0 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 46.54
7 56 425 520 0 0 0 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 50.26
8 112 425 520 0 0 0 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 53.12
9 14 425 260 260 0 0 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 17.08
10 28 425 260 260 0 0 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 18.04
11 56 425 260 260 0 0 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 26.37
12 112 425 260 260 0 0 0.35 206.7 433 416.4 2698 2594 0.5 4.9 50 785 20 6.95 38.06
13 14 425 260 130 130 0 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 31.2
14 28 425 260 130 130 0 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 33.51
15 56 425 260 130 130 0 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 39.55
16 112 425 260 130 130 0 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 47.27
17 14 425 260 104 104 52 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 38.04
18 28 425 260 104 104 52 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 40.31
19 56 425 260 104 104 52 0.35 206.7 433 416.4 2698 2594 0.5 4.9 50 785 20 6.95 46.08
20 112 425 260 104 104 52 0.35 206.7 433 416.4 2698 2594 0.5 4.9 50 785 20 6.95 54
21 14 425 130 390 0 0 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 5.36
22 28 425 130 390 0 0 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 7.17
23 56 425 130 390 0 0 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 12.66
24 112 425 130 390 0 0 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 22.85
25 14 425 130 195 195 0 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 18.27
26 28 425 130 195 195 0 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 19.66
27 56 425 130 195 195 0 0.35 206.7 433 416.4 2698 2594 0.5 4.9 50 785 20 6.95 24.63
28 112 425 130 195 195 0 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 31.44
29 14 425 130 156 156 78 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 29.93
30 28 425 130 156 156 78 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 35.54
31 56 425 130 156 156 78 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 42.43
32 112 42.5 130 156 156 78 0.35 206.7 433 416.4 2698 2594 0.5 49 50 785 20 6.95 49.76
33 28 425 520 0 0 0 0.35 2149 0 832 2698 2594 0.5 49 100 785 20 6.95 43.89
34 28 425 260 260 0 0 0.35 2149 0 832 2698 2594 0.5 49 100 785 20 6.95 21
35 28 425 260 130 130 0 0.35 214.9 0 832 2698 2594 0.5 4.9 100 785 20 6.95 38.38
36 28 425 260 104 104 52 0.35 2149 0 832 2698 2594 0.5 49 100 785 20 6.95 49.44
37 28 425 130 390 0 0 0.35 2149 0 832 2698 2594 0.5 49 100 785 20 6.95 13.64
38 28 425 130 195 195 0 0.35 2149 0 832 2698 2594 0.5 49 100 785 20 6.95 30.84
39 28 425 130 156 156 78 0.35 2149 0 832 2698 2594 0.5 49 100 785 20 6.95 42.75
40 28 425 455 0 0 0 0.4 2149 0 832 2698 2594 0.5 49 100 785 20 6.95 29.81
41 28 425 113.75 341.2 0 0 0.4 2149 0 832 2698 2594 0.5 49 100 785 20 6.95 8.31
42 28 425 113.75 170.6 170.63 0 0.4 2149 0 832 2698 2594 0.5 4.9 100 785 20 6.95 18.35
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Table 1. Cont.

NO.  Age(d)  Cementtype (Ckeg';};?f (ng/?n3) &@ﬁfss) (kgslfn3) wib uﬁé“ﬁ ) (k§$3> ué&s) l\lﬁg%:gu ‘iﬁg/“ﬁf ) NAsTgption  RAdheaption  RATplace (12;':3) NMiny© Fineness  Cofessive
43 28 42.5 113.75 136.5 136.5 68.3 0.4 2149 0 832 2698 2594 0.5 49 100 785 20 6.95 26.23
44 28 42.5 404 0 0 0 0.45 2149 0 832 2698 2594 0.5 49 100 785 20 6.95 19.75
45 28 425 101 303 0 0 0.45 2149 0 832 2698 2594 05 49 100 785 20 6.95 5.43
46 28 425 101 151.5 151.5 0 0.45 2149 0 832 2698 2594 0.5 49 100 785 20 6.95 12.07
47 28 425 101 121.2 121.2 60.6 0.45 2149 0 832 2698 2594 0.5 49 100 785 20 6.95 18.86
48 28 425 497 0 0 0 0.39 194 807 0 2726 2685 0.5 4 0 853 20 7.13 42
49 28 425 497 0 0 0 0.39 207 404 392 2726 2685 0.5 4 50 853 20 7.13 40.31
50 28 425 497 0 0 0 0.39 221 0 783 2726 2685 0.5 4 100 853 20 7.13 37.89
51 28 425 248 248 0 0 0.39 207 404 392 2726 2685 0.5 4 50 853 20 7.13 26.98
52 28 425 248 248 0 0 0.39 221 0 783 2726 2685 0.5 4 100 853 20 7.13 25.03
53 28 425 248 124 124 0 0.39 207 404 392 2726 2685 0.5 4 50 853 20 713 36.4
54 28 425 248 124 124 0 0.39 221 0 783 2726 2685 0.5 4 100 853 20 713 33.24
55 28 425 124 186 186 0 0.39 207 404 392 2726 2685 0.5 4 50 853 20 7.13 34.76
56 28 425 124 186 186 0 0.39 221 0 783 2726 2685 0.5 4 100 853 20 7.13 31.39
57 28 425 124 159 159 53 0.39 207 404 392 2726 2685 0.5 4 50 853 20 7.13 38.95
58 28 42.5 124 159 159 53 0.39 221 0 783 2726 2685 0.5 4 100 853 20 7.13 36.72
59 28 42.5 497 0 0 0 0.39 194 807 0 2726 2685 0.5 4 0 853 20 7.13 33.09
60 28 425 497 0 0 0 0.39 207 404 392 2726 2685 0.5 4 50 853 20 7.13 30.11
61 28 425 497 0 0 0 0.39 221 0 783 2726 2685 0.5 4 100 853 20 713 28.43
62 28 425 248 248 0 0 0.39 207 404 392 2726 2685 0.5 4 50 853 20 713 23.5
63 28 425 248 248 0 0 0.39 221 0 783 2726 2685 0.5 4 100 853 20 7.13 22.81
64 28 425 248 124 124 0 0.39 207 404 392 2726 2685 0.5 4 50 853 20 7.13 29.14
65 28 425 248 124 124 0 0.39 221 0 783 2726 2685 0.5 4 100 853 20 7.13 25.29
66 28 42.5 124 186 186 0 0.39 207 404 392 2726 2685 0.5 4 50 853 20 7.13 24.46
67 28 42.5 124 186 186 0 0.39 221 0 783 2726 2685 0.5 4 100 853 20 7.13 21.03
68 28 425 124 159 159 53 0.39 207 404 392 2726 2685 05 4 50 853 20 713 31.98
69 28 425 124 159 159 53 0.39 221 0 783 2726 2685 0.5 4 100 853 20 713 29.13
70 28 52.5 250 0 0 0 0.45 112 1150 0 2610 2410 1.16 4.15 0 650 12.5 6.68 49.09
71 28 52.5 250 0 0 0 0.45 112 920 250 2610 2410 1.16 4.15 20 650 12.5 6.68 49.98
72 28 52.5 250 0 0 0 045 112 540 540 2610 2410 1.16 4.15 50 670 12.5 6.68 55.64
73 28 52.5 250 0 0 0 0.45 112 0 1040 2610 2410 1.16 4.15 100 720 12.5 6.68 56.75
74 28 52.5 290 0 0 0 0.38 112 1150 0 2610 2410 1.16 4.15 0 650 125 6.68 58.3
75 28 52.5 290 0 0 0 0.38 112 920 250 2610 2410 1.16 4.15 20 650 12.5 6.68 60.25
76 28 52.5 290 0 0 0 0.38 112 540 540 2610 2410 1.16 4.15 50 670 12.5 6.68 58.52
77 28 52.5 290 0 0 0 0.38 112 0 1040 2610 2410 1.16 4.15 100 720 12.5 6.68 70.56
78 28 52.5 320 0 0 0 0.35 112 1150 0 2610 2410 1.16 4.15 0 650 12.5 6.68 63.36
79 28 52.5 320 0 0 0 0.35 112 920 250 2610 2410 1.16 4.15 20 650 12.5 6.68 64.13
80 28 52.5 320 0 0 0 0.35 112 540 540 2610 2410 1.16 4.15 50 670 12.5 6.68 66.82
81 28 52.5 320 0 0 0 0.35 112 0 1040 2610 2410 1.16 4.15 100 720 125 6.68 72.81
82 5 42.5 350 0 0 0 0.51 179 623 0 2500 2300 14 7.7 0 975 16 7.23 299
83 5 425 350 0 0 0 0.49 172 467 195 2500 2300 14 7.7 13 896 16 7.23 28.7
84 5 425 350 0 0 0 0.49 172 374 313 2500 2300 14 7.7 21 849 16 7.23 37.1
85 5 425 350 0 0 0 0.51 179 0 589 2500 2300 1.4 7.7 40 975 16 7.23 36.6
86 28 425 350 0 0 0 0.51 179 623 0 2500 2300 14 7.7 0 975 16 7.23 43.8
87 28 425 350 0 0 0 0.49 172 467 195 2500 2300 14 7.7 13 896 16 7.23 454
88 28 425 350 0 0 0 0.49 172 374 313 2500 2300 14 7.7 21 849 16 7.23 50.3
89 28 42.5 350 0 0 0 0.51 179 0 589 2500 2300 14 7.7 40 975 16 7.23 51.1
90 7 42.5 2849 0 0 0 0.559 159.3 807.5 0 2705 2497 0.145 4.075 0 730.7 19.1 5.72 43.8
91 7 425 284.9 0 0 0 0.559 159.3 726.8 74.9 2705 2497 0.145 4.075 10 730.7 19.1 5.72 43.3
92 7 425 284.9 0 0 0 0.56 159.5 646 149.8 2705 2497 0.145 4.075 20 730.7 19.1 5.72 43.1
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Table 1. Cont.

NO.  Age(d)  Cementtype &Z)‘é‘s‘f (ng/?n3) &@ﬁfss) (kgslfn3) wib &Z/“ﬁ ) (kgﬁé) ué/ﬁs) l\lﬁg'}\%u R(ﬁé/h:ﬁg ) NAsTgption  RAdheaption  RATplace (ks;/':% NMiny© Fineness  Cofessive
93 7 42.5 2849 0 0 0 0.562 160.1 565.2 224.6 2705 2497 0.145 4.075 30 730.7 19.1 5.72 429
94 7 42.5 2849 0 0 0 0.562 160.1 484.5 299.4 2705 2497 0.145 4.075 40 730.7 19.1 5.72 425
95 28 425 284.9 0 0 0 0.559 159.3 807.5 0 2705 2497 0.145 4.075 0 730.7 19.1 5.72 542
96 28 425 284.9 0 0 0 0.559 159.3 726.8 74.9 2705 2497 0.145 4.075 10 730.7 19.1 5.72 53.9
97 28 425 2849 0 0 0 0.56 159.5 646 149.8 2705 2497 0.145 4.075 20 730.7 19.1 5.72 53.7
98 28 425 2849 0 0 0 0.562 160.1 565.2 224.6 2705 2497 0.145 4.075 30 730.7 19.1 5.72 53.3
99 28 425 2849 0 0 0 0.562 160.1 484.5 299.4 2705 2497 0.145 4.075 40 730.7 19.1 5.72 53
100 2 52.5 390 0 0 0 0.5 195 0 700 2540 2380 22 4.4 100 1025 12 7.64 45
101 2 52.5 390 0 0 0 0.5 195 0 700 2540 2280 22 5.7 100 1025 12 7.66 47.5
102 2 52.5 390 0 0 0 0.5 195 0 700 2540 2220 22 6.9 100 1025 12 7.15 48.3
103 7 52.5 390 0 0 0 0.5 195 0 700 2540 2380 22 44 100 1025 12 7.64 50.8
104 7 52.5 390 0 0 0 0.5 195 0 700 2540 2280 22 5.7 100 1025 12 7.66 52.5
105 7 52.5 390 0 0 0 0.5 195 0 700 2540 2220 22 6.9 100 1025 12 7.15 53.1
106 28 52.5 390 0 0 0 0.5 195 0 700 2540 2380 22 44 100 1025 12 7.64 59.3
107 28 52.5 390 0 0 0 0.5 195 0 700 2540 2280 22 5.7 100 1025 12 7.66 60.1
108 28 52.5 390 0 0 0 0.5 195 0 700 2540 2220 22 6.9 100 1025 12 7.15 61.7
109 7 42.5 300 169 0 0 0.4 191 875 0 2670 2550 0.5 4.73 0 761 20 22.6
110 7 425 300 169 0 0 0.4 191 656 206 2670 2550 0.5 473 25 761 20 215
111 7 425 300 169 0 0 0.4 191 437 413 2670 2550 0.5 473 50 761 20 204
112 7 42.5 300 169 0 0 0.4 191 219 619 2670 2550 0.5 473 75 761 20 179
113 7 425 300 158 0 0 0.4 194 0 825 2670 2550 0.5 4.73 100 761 20 16.4
114 28 425 300 169 0 0 0.4 191 875 0 2670 2550 0.5 4.73 0 761 20 36.2
115 28 425 300 169 0 0 0.4 191 656 206 2670 2550 0.5 4.73 25 761 20 354
116 28 42.5 300 169 0 0 0.4 191 437 413 2670 2550 0.5 4.73 50 761 20 347
117 28 42.5 300 169 0 0 0.4 191 219 619 2670 2550 0.5 4.73 75 761 20 32.8
118 28 425 300 158 0 0 0.4 194 0 825 2670 2550 0.5 473 100 761 20 30.3
119 3 52.5 440 146.67 0 0 0.36 211.2 750 0 2700 2400 0.72 6.1 0 846 12.5 6.1 184
120 3 52.5 440 146.6 0 0 0.36 211.2 600 133.6 2700 2400 0.72 6.1 20 846 12.5 6.1 19.5
121 3 52.5 440 146.6 0 0 0.36 211.2 750 0 2700 2400 0.72 6.1 0 820.62 12.5 6.1 23.3
122 3 52.5 440 146.6 0 0 0.36 211.2 600 133.6 2700 2400 0.72 6.1 20 820.62 12.5 6.1 24
123 7 52.5 440 146.6 0 0 0.36 211.2 750 0 2700 2400 0.72 6.1 0 846 12.5 6.1 313
124 7 52.5 440 146.6 0 0 0.36 211.2 600 133.6 2700 2400 0.72 6.1 20 846 125 6.1 29
125 7 52.5 440 146.6 0 0 0.36 211.2 750 0 2700 2400 0.72 6.1 0 820.62 12.5 6.1 30
126 7 52.5 440 146.6 0 0 0.36 211.2 600 133.6 2700 2400 0.72 6.1 20 820.62 12.5 6.1 31
127 28 52.5 440 146.6 0 0 0.36 211.2 750 0 2700 2400 0.72 6.1 0 846 12.5 6.1 434
128 28 52.5 440 146.6 0 0 0.36 211.2 600 133.6 2700 2400 0.72 6.1 20 846 12.5 6.1 48
129 28 52.5 440 146.6 0 0 0.36 211.2 750 0 2700 2400 0.72 6.1 0 820.62 12.5 6.1 45.6
130 28 52.5 440 146.6 0 0 0.36 211.2 600 133.6 2700 2400 0.72 6.1 20 820.62 12.5 6.1 46.9
131 7 42.5 270 247 0 0 0.36 187 787 0 2665 2600 1.2 1.8 0 698 29
132 7 42.5 270 247 0 0 0.36 187 591 193 2665 2600 1.2 1.8 25 690 27
133 7 425 270 247 0 0 0.36 187 394 385 2665 2600 1.2 1.8 50 682 265
134 7 425 270 247 0 0 0.36 187 0 770 2665 2600 12 1.8 100 698 25
135 7 42.5 270 247 0 0 0.36 187 787 0 2665 2600 1.2 1.8 0 667 21
136 28 425 270 247 0 0 0.36 187 787 0 2665 2600 1.2 1.8 0 698 43.5
137 28 425 270 247 0 0 0.36 187 591 193 2665 2600 1.2 1.8 25 690 39
138 28 425 270 247 0 0 0.36 187 394 385 2665 2600 1.2 1.8 50 682 372
139 28 42.5 270 247 0 0 0.36 187 0 770 2665 2600 1.2 1.8 100 698 34
140 28 42.5 270 247 0 0 0.36 187 787 0 2665 2600 1.2 1.8 0 667 29
141 91 425 270 247 0 0 0.36 187 787 0 2665 2600 1.2 1.8 0 698 49
142 91 425 270 247 0 0 0.36 187 591 193 2665 2600 1.2 1.8 25 690 47
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Table 1. Cont.
Cement FA GGBES SF Water NA RA NA-Midu RA-Midu NAabsorption RAabsorption RAreplace Sand Maxsize . Compressive
NO.  Age(d)  Cementtype  (o3)  (gm®)  (kgm’)  kgmd) P @gmd  Gkgmd  kgmd)  (kgmd) (kg/m?) %) (%) %) (kg/m®) (mm)  Fineness (MPa)
143 91 42.5 270 247 0 0 0.36 187 394 385 2665 2600 1.2 1.8 50 682 44
144 91 42.5 270 247 0 0 0.36 187 0 770 2665 2600 1.2 1.8 100 698 44
145 91 25 270 247 0 0 036 187 787 0 2665 2600 12 18 0 667 39
146 7 25 437 148 0 0 032 188 787 0 2665 2490 12 22 0 695 66
147 7 25 437 148 0 0 032 188 591 184 2665 2490 12 22 25 677 617
148 7 05 1437 148 0 0 032 188 394 369 2665 2490 12 22 50 659 59
149 7 05 137 148 0 0 032 188 0 737 2665 2490 12 22 100 695 59
150 7 42,5 437 148 0 0 0.32 188 787 0 2665 2490 1.2 22 0 624 56.8
151 28 42.5 437 148 0 0 0.32 188 787 0 2665 2490 1.2 22 0 695 79
152 28 425 437 148 0 0 0.32 188 591 184 2665 2490 1.2 22 25 677 77.5
153 28 25 437 148 0 0 032 188 394 369 2665 2490 12 22 50 659 762
154 28 25 437 148 0 0 032 188 0 737 2665 2490 12 22 100 695 74
155 23 05 1437 148 0 0 032 188 787 0 2665 2490 12 22 0 624 69
156 91 05 137 148 0 0 032 188 787 0 2665 2490 12 22 0 695 89
157 91 42,5 437 148 0 0 0.32 188 591 184 2665 2490 1.2 22 25 677 87.9
158 91 42.5 437 148 0 0 0.32 188 394 369 2665 2490 1.2 22 50 659 87
159 91 42.5 437 148 0 0 0.32 188 0 737 2665 2490 1.2 22 100 695 85
160 91 25 437 148 0 0 032 188 787 0 2665 2490 12 22 0 624 78.5
161 7 31.25 340 200 0 0 033 180 0 895 2530 3.89 100 695 20 329
162 7 31.25 340 200 0 0 033 180 0 895 2530 3.89 100 674 20 34
163 7 31.25 340 200 0 0 033 180 0 895 2530 3.89 100 653 20 311
164 7 31.25 340 200 0 0 033 180 0 895 2530 3.89 100 632 20 297
165 7 31.25 340 200 0 0 033 180 0 895 2530 3.89 100 610 20 292
166 28 31.25 340 200 0 0 0.33 180 0 895 2530 3.89 100 695 20 443
167 28 31.25 340 200 0 0 0.33 180 0 895 2530 3.89 100 674 20 445
168 28 31.25 340 200 0 0 033 180 0 895 2530 3.89 100 653 20 434
169 28 31.25 340 200 0 0 033 180 0 895 2530 3.89 100 632 20 413
170 28 31.25 340 200 0 0 033 180 0 895 2530 3.89 100 610 20 387
171 90 31.25 340 200 0 0 033 180 0 895 2530 3.89 100 695 20 56.5
172 90 31.25 340 200 0 0 033 180 0 895 2530 3.89 100 674 20 547
173 920 31.25 340 200 0 0 0.33 180 0 895 2530 3.89 100 653 20 55.7
174 90 31.25 340 200 0 0 0.33 180 0 895 2530 3.89 100 632 20 50.8
175 90 31.25 340 200 0 0 0.33 180 0 895 2530 3.89 100 610 20 50.1
176 7 31.25 340 270 0 0 03 180 0 850 2530 3.89 100 662 20 36.8
177 7 31.25 340 270 0 0 03 180 0 850 2530 3.89 100 642 20 439
178 7 31.25 340 270 0 0 03 180 0 850 2530 3.89 100 622 20 21
179 7 31.25 340 270 0 0 03 180 0 850 2530 3.89 100 602 20 409
180 7 31.25 340 270 0 0 03 180 0 850 2530 3.89 100 581 20 383
181 28 31.25 340 270 0 0 0.3 180 0 850 2530 3.89 100 662 20 53.7
182 28 31.25 340 270 0 0 0.3 180 0 850 2530 3.89 100 642 20 64.3
183 28 31.25 340 270 0 0 03 180 0 850 2530 3.89 100 622 20 623
184 28 31.25 340 270 0 0 03 180 0 850 2530 3.89 100 602 20 56.3
185 28 31.25 340 270 0 0 03 180 0 850 2530 3.89 100 581 20 53.2
186 90 31.25 340 270 0 0 03 180 0 850 2530 3.89 100 662 20 78.9
187 90 31.25 340 270 0 0 03 180 0 850 2530 3.89 100 642 20 826
188 90 31.25 340 270 0 0 03 180 0 850 2530 3.89 100 622 20 814
189 920 31.25 340 270 0 0 0.3 180 0 850 2530 3.89 100 602 20 75.3
190 90 31.25 340 270 0 0 0.3 180 0 850 2530 3.89 100 581 20 71.7
191 7 31.25 340 270 0 0 03 180 0 850 2530 3.89 100 581 20 38.3
192 7 31.25 340 270 0 0 027 165 0 850 2530 3.89 100 616 20 m
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Table 1. Cont.

NO.  Age(d)  Cementtype (Ckeg';};?f (ng/?n3) &@ﬁfss) (kgslfn3) wib uﬁé“ﬁ ) (k§$3> ué&s) l\lﬁg%:gu ‘iﬁg/“ﬁf ) NAsTgption  RAdheaption  RATplace (12;':3) NMiny© Fineness  Cofessive
193 7 31.25 340 270 0 0 0.24 145 0 850 2530 3.89 100 662 20 43.8
194 28 31.25 340 270 0 0 0.3 180 0 850 2530 3.89 100 581 20 53.2
195 28 31.25 340 270 0 0 0.27 165 0 850 2530 3.89 100 616 20 59.1
196 28 31.25 340 270 0 0 0.24 145 0 850 2530 3.89 100 662 20 64.2
197 90 31.25 340 270 0 0 0.3 180 0 850 2530 3.89 100 581 20 71.7
198 90 31.25 340 270 0 0 0.27 165 0 850 2530 3.89 100 616 20 77
199 90 31.25 340 270 0 0 0.24 145 0 850 2530 3.89 100 662 20 81.8
200 28 31.25 445 155 0 30 0.35 220 660 0 2650 2450 0 815 10 59.4
201 28 31.25 445 155 0 30 0.35 220 495 152 2650 2450 25 815 10 63.7
202 28 31.25 445 155 0 30 0.35 220 330 305 2650 2450 50 815 10 65.3
203 28 31.25 445 155 0 30 0.35 220 165 458 2650 2450 75 815 10 60
204 28 31.25 445 155 0 30 0.35 220 0 610 2650 2450 100 815 10 53.8
205 56 425 427.5 0 142.5 0 0.3 171 859.8 0 2700 2370 0.5 7.39 0 765 16 5.6 77.96
206 56 425 370.5 0 142.5 57 0.3 171 8514 0 2700 2370 0.5 7.39 0 757.5 16 5.6 814
207 56 425 360 0 120 0 043 206.4 869.3 0 2700 2370 0.5 7.39 0 773.4 16 5.6 66.63
208 56 42.5 312 0 120 48 043 206.4 862.3 0 2700 2370 0.5 7.39 0 767.2 16 5.6 7247
209 56 42.5 427.5 0 1425 0 0.3 171 0 749.2 2700 2370 0.5 7.39 100 765 16 5.6 68.67
210 56 425 370.5 0 1425 57 0.3 171 0 7419 2700 2370 0.5 7.39 100 757.5 16 5.6 70.39
211 56 425 360 0 120 0 0.43 206.4 0 757.5 2700 2370 05 7.39 100 7734 16 5.6 55.38
212 56 425 312 0 120 48 0.43 206.4 0 751.3 2700 2370 0.5 7.39 100 767.2 16 5.6 63.89
213 56 425 427.5 0 142.5 0 0.3 171 859.8 0 2700 2370 0.5 7.39 0 667 16 5.6 61.97
214 56 425 370.5 0 142.5 57 0.3 171 851.4 0 2700 2370 0.5 7.39 0 660.5 16 5.6 64.61
215 56 425 360 0 120 0 043 206.4 869.3 0 2700 2370 0.5 7.39 0 674.4 16 5.6 48.69
216 56 42.5 312 0 120 48 043 206.4 862.3 0 2700 2370 0.5 7.39 0 668.9 16 5.6 61.04
217 56 42.5 427.5 0 1425 0 0.3 171 0 749.2 2700 2370 0.5 7.39 100 667 16 5.6 55.76
218 56 425 370.5 0 1425 57 0.3 171 0 7419 2700 2370 05 7.39 100 660.5 16 5.6 57.41
219 56 425 360 0 120 0 0.43 206.4 0 757.5 2700 2370 0.5 7.39 100 674.4 16 5.6 46.04
220 56 425 312 0 120 48 043 206.4 0 751.3 2700 2370 0.5 7.39 100 668.9 16 5.6 52.92
221 28 44.6 315 135 0 0 043 194 745 0 2640 2480 0.21 4.8 0 738 16 6.43 52.3
222 28 44.6 315 135 0 0 048 216 720 0 2640 2480 0.21 4.8 0 713 16 643 422
223 28 44.6 315 135 0 0 0.53 239 694 0 2640 2480 0.21 4.8 0 688 16 6.43 37.2
224 28 44.6 315 135 0 0 043 194 596 149 2640 2480 0.21 48 20 738 16 6.43 54.7
225 28 44.6 315 135 0 0 0.48 216 576 144 2640 2480 0.21 48 20 713 16 6.43 44
226 28 44.6 315 135 0 0 0.53 239 555 139 2640 2480 0.21 4.8 20 688 16 6.43 37.7
227 28 44.6 315 135 0 0 0.43 194 447 298 2640 2480 0.21 4.8 40 738 16 6.43 57.2
228 28 44.6 315 135 0 0 0.48 216 432 288 2640 2480 0.21 4.8 40 713 16 6.43 44.3
229 28 44.6 315 135 0 0 0.53 239 416 278 2640 2480 0.21 4.8 40 688 16 6.43 38.2
230 28 44.6 315 135 0 0 043 194 298 447 2640 2480 0.21 4.8 60 738 16 6.43 51.1
231 28 44.6 315 135 0 0 0.48 216 288 432 2640 2480 0.21 4.8 60 713 16 6.43 40.9
232 28 44.6 315 135 0 0 0.53 239 278 416 2640 2480 0.21 48 60 688 16 6.43 35.8
233 28 425 440 110 0 0 0.38 209 0 705 2440 7.66 100 748 16 6.88 53
234 28 42.5 440 110 0 0 0.38 209 0 708.7 2455 6.84 100 748 16 6.88 55.6
235 28 425 440 110 0 0 0.38 209 0 680.9 2350 1.77 100 750 16 6.88 58.5
236 28 425 440 110 0 0 0.38 209 0 705 100 748 16 6.88 60
237 28 425 440 110 0 0 0.38 209 0 635.5 2205 7.35 100 748 16 6.88 50
238 90 425 440 110 0 0 0.38 209 0 705 2440 7.66 100 748 16 6.88 60.5
239 920 42.5 440 110 0 0 0.38 209 0 708.7 2455 6.84 100 748 16 6.88 61.5
240 90 42.5 440 110 0 0 0.38 209 0 680.9 2350 1.77 100 750 16 6.88 66
241 90 425 440 110 0 0 0.38 209 0 705 100 748 16 6.88 67.2
242 90 425 440 110 0 0 0.38 209 0 635.5 2205 7.35 100 748 16 6.88 55
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Table 1. Cont.
No m  cmemme  GOE ol GSNS oSk wh (U, oNA, A MMM TAMG  Nuewmie  Dubmpin  Reghe  Sed Mme .,  Cogmue
243 7 425 350 100 0 0 031 140 986 0 2720 2440 0 720 2 5.94 50
244 7 425 350 100 0 0 034 153 966 0 2720 2440 0 706 2 5.94 458
245 7 425 350 100 0 0 037 167 947 0 2720 2440 0 692 2 5.94 425
246 7 425 350 100 0 0 04 180 927 0 2720 2440 0 678 2 5.94 39.8
247 7 425 350 100 0 0 031 140 0 1002 2720 2440 100 720 22 5.94 49
248 7 425 350 100 0 0 034 153 0 982 2720 2440 100 706 2 5.94 438
249 7 425 350 100 0 0 037 167 0 963 2720 2440 100 692 2 5.94 40
250 7 425 350 100 0 0 0.4 180 0 943 2720 2440 100 678 2 5.94 41
251 28 425 350 100 0 0 031 140 986 0 2720 2440 0 720 2 5.94 57
252 28 425 350 100 0 0 034 153 966 0 2720 2440 0 706 2 5.94 56.6
253 28 425 350 100 0 0 037 167 947 0 2720 2440 0 692 22 5.94 56
254 28 425 350 100 0 0 04 180 927 0 2720 2440 0 678 2 5.94 55.8
255 28 425 350 100 0 0 031 140 0 1002 2720 2440 100 720 2 5.94 55
256 28 425 350 100 0 0 034 153 0 982 2720 2440 100 706 2 5.94 53.6
257 28 425 350 100 0 0 037 167 0 963 2720 2440 100 692 2 5.94 53.1
258 28 425 350 100 0 0 0.4 180 0 943 2720 2440 100 678 2 5.94 51.8
259 7 52.5 410 260 0 0 027 178 860 0 2640 2524 12 37 0 676 20 545
260 7 525 410 260 0 0 027 178 645 215 2640 2524 12 37 25 676 20 52
261 7 52.5 410 260 0 0 027 178 430 430 2640 2524 12 37 50 676 20 50
262 7 52.5 410 260 0 0 027 178 0 860 2640 2524 12 37 100 676 20 45
263 7 525 410 260 0 0 027 178 645 215 2640 2500 12 4.8 25 676 20 48
264 7 525 410 260 0 0 027 178 430 430 2640 2500 12 4.8 50 676 20 405
265 7 525 410 260 0 0 027 178 0 860 2640 2500 12 48 100 676 20 36.5
266 14 525 410 260 0 0 027 178 860 0 2640 2524 12 37 0 676 20 59.5
267 14 525 410 260 0 0 027 178 645 215 2640 2524 12 37 25 676 20 57
268 14 52.5 410 260 0 0 027 178 430 430 2640 2524 12 37 50 676 20 55.2
269 14 52.5 410 260 0 0 027 178 0 860 2640 2524 12 37 100 676 20 49
270 14 525 410 260 0 0 027 178 645 215 2640 2500 12 4.8 25 676 20 53.2
271 14 525 410 260 0 0 027 178 430 430 2640 2500 12 4.8 50 676 20 50
272 14 525 410 260 0 0 027 178 0 860 2640 2500 12 48 100 676 20 446
273 28 525 410 260 0 0 027 178 860 0 2640 2524 12 37 0 676 20 69.5
274 28 525 410 260 0 0 027 178 645 215 2640 2524 12 37 25 676 20 65.9
275 28 52.5 410 260 0 0 027 178 430 430 2640 2524 12 37 50 676 20 62
276 28 52.5 410 260 0 0 027 178 0 860 2640 2524 12 37 100 676 20 55.2
277 28 52.5 410 260 0 0 027 178 645 215 2640 2500 1.2 48 25 676 20 60.2
278 28 525 410 260 0 0 027 178 430 430 2640 2500 12 4.8 50 676 20 57.4
279 28 525 410 260 0 0 027 178 0 860 2640 2500 12 4.8 100 676 20 52.9
280 56 525 410 260 0 0 027 178 860 0 2640 2524 12 37 0 676 20 73
281 56 525 410 260 0 0 027 178 645 215 2640 2524 12 37 25 676 20 71
282 56 525 410 260 0 0 027 178 430 430 2640 2524 12 37 50 676 20 68.7
283 56 525 410 260 0 0 027 178 0 860 2640 2524 12 37 100 676 20 63.2
284 56 52.5 410 260 0 0 027 178 645 215 2640 2500 1.2 48 25 676 20 66.5
285 56 52.5 410 260 0 0 027 178 430 430 2640 2500 1.2 48 50 676 20 64.4
286 56 525 410 260 0 0 027 178 0 860 2640 2500 12 4.8 100 676 20 59.2
287 7 425 257.71 259.3 0 0 033 169.95 848 0 2650 2515 6.85 0 706.86 20 6.79 36.9
288 7 425 257.71 259.3 0 0 033 169.95 636 199.94 2650 2515 6.85 25 706.86 20 6.79 29.8
289 7 425 257.71 259.3 0 0 033 169.95 424 399.89 2650 2515 6.85 50 706.86 20 6.79 29.3
290 7 425 257.71 259.3 0 0 033 169.95 212 599.83 2650 2515 6.85 75 706.86 20 6.79 29
291 7 425 257.71 259.3 0 0 033 169.95 0 799.77 2650 2515 6.85 100 706.86 20 6.79 249
292 28 425 257.71 259.3 0 0 033 169.95 848 0 2650 2515 6.85 0 706.86 20 6.79 49.7
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Table 1. Cont.

No mww  Comemope G A GOMS(SL b fu NA BA NMMGL KMMG Nabgmio  Rubgpin  Rugle Sl Mede e Conpss
293 28 42.5 257.71 259.3 0 0 0.33 169.95 636 199.94 2650 2515 6.85 25 706.86 20 6.79 38.3
294 28 42.5 257.71 259.3 0 0 0.33 169.95 424 399.89 2650 2515 6.85 50 706.86 20 6.79 422
295 28 425 257.71 259.3 0 0 0.33 169.95 212 599.83 2650 2515 6.85 75 706.86 20 6.79 39.9
296 28 425 257.71 259.3 0 0 0.33 169.95 0 799.77 2650 2515 6.85 100 706.86 20 6.79 36.5
297 60 425 257.71 259.3 0 0 0.33 169.95 848 0 2650 2515 6.85 0 706.86 20 6.79 56.8
298 60 425 257.71 259.3 0 0 0.33 169.95 636 199.94 2650 2515 6.85 25 706.86 20 6.79 45
299 60 425 257.71 259.3 0 0 0.33 169.95 424 399.89 2650 2515 6.85 50 706.86 20 6.79 48.2
300 60 42.5 257.71 259.3 0 0 0.33 169.95 212 599.83 2650 2515 6.85 75 706.86 20 6.79 374
301 60 42.5 257.71 259.3 0 0 0.33 169.95 0 799.77 2650 2515 6.85 100 706.86 20 6.79 335

Note: FA = Fly Ash; GGBFS = Ground Granulated Blast Furnace Slag; SF = Silica Fume; w/b = Water-to-Binder Ratio; NA = Natural Coarse Aggregate; RA = Recycled Coarse
Aggregate; NA-midu = Apparent Density of Natural Coarse Aggregate; RA-midu = Apparent Density of Recycled Coarse Aggregate; NAabsorption = Water Absorption of Natural
Coarse Aggregate; RAabsorption = Water Absorption of Recycled Coarse Aggregate; RAreplace = Recycled Aggregate Replacement Ratio; Maxsize = Maximum Aggregate Size;
fineness = Fineness Modulus of Fine Aggregate; cement type = OPC Strength Grade (MPa).
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