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Abstract

The applied design of recycled aggregate concrete (RAC) with supplementary cementitious
materials (SCMs) requires reliable estimation of 28-day flexural strength (FS28) before trial
batching. This is challenging because RAC-SCM mixtures involve nonlinear interactions
among binder chemistry, aggregate replacement, water-to-binder ratio, and admixture
dosage. However, most predictive models focus on compressive strength or sustainability
optimization, while fewer address FS28 using chemically informed descriptors and inde-
pendent validation. This study developed and externally validated an XGBoost framework
for FS28 prediction. The methodology combined binder characterization by XRF, XRD,
SEM, and particle-size analysis; reactivity descriptors; database development; modeling;
and experimental validation. A database of 397 mixtures from 22 sources was refined to
382 observations for training and testing, and the model was validated with 58 RAC-SCM
mixtures and 174 prismatic specimens tested according to ASTM C78/C78M-22. XGBoost
achieved R? values of 91.61%, 80.75%, and 77.62% for training, testing, and validation, with
RMSE values of 0.559, 0.835, and 0.364 MPa. Compared with the best alternative models,
XGBoost reduced RMSE by 8.6% in testing and 9.5% in validation. Interpretability analysis
identified binder reactivity, water-to-binder ratio, aggregate composition, cement content,
SCM replacement, and superplasticizer dosage as key factors.

Keywords: recycled aggregate concrete; supplementary cementitious materials; flexural
strength; XGBoost; machine learning; concrete mixture design; construction materials

1. Introduction

Concrete is one of the most widely used construction materials worldwide, with an
annual production exceeding 30 billion tons and a demand that continues to increase faster
than that of many other structural materials, including steel and wood [1]. However, this
extensive use also entails major environmental challenges. Cement production contributes
substantially to greenhouse gas emissions, since the manufacture of one ton of clinker—the
main constituent of Portland cement—can release approximately one ton of CO; [2]. At
the same time, the extraction of natural aggregates (NA) accelerates the depletion of non-
renewable mineral resources, alters ecosystems, and increases the pressure on local supply
chains [3]. These concerns are further intensified by the growing generation of construction
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and demolition waste, largely associated with the demolition of old structures and residual
materials from new construction activities [4]. Consequently, the development of concrete
mixtures with lower environmental impact, while preserving mechanical and durability
performance, remains a central challenge in sustainable construction.

A promising strategy to address this challenge is the reuse of concrete waste as
recycled concrete aggregate (RCA). Depending on particle size, RCA can be classified as
coarse recycled aggregate (CRA) or fine recycled aggregate (FRA), both of which may
partially replace natural aggregates in new concrete mixtures. Although these materials
have traditionally been used in applications such as road bases, gabions, and rehabilitation
works [5], their use in concrete production has gained increasing attention because it can
reduce NA extraction, divert waste from landfills, and decrease the environmental burden
associated with aggregate production and disposal [6,7]. For example, Attri et al. [7]
reported that RCA production can generate approximately 10% lower CO, emissions and
18.5% lower primary energy consumption per ton than manufactured sand, highlighting
its potential contribution to circular construction practices.

Despite these environmental benefits, the incorporation of RCA often leads to reduc-
tions in mechanical performance, particularly in strength-related properties. This behavior
is mainly attributed to the residual adhered mortar attached to RCA particles, which in-
creases porosity, water absorption, and heterogeneity within the concrete matrix. Moreover,
RCA introduces a more complex interfacial transition zone (ITZ), including the old ITZ
from the original concrete and the new ITZ formed between the recycled particle and
the fresh cement paste [8]. These features weaken stress transfer mechanisms and may
compromise the strength and durability of recycled aggregate concrete (RAC), especially
when high replacement levels are used.

Several approaches have been proposed to overcome these limitations, including
mechanical grinding, chemical treatment, carbonation, and thermal processing of recycled
aggregates before their incorporation into new concrete [9,10]. These techniques can im-
prove aggregate quality, reduce porosity, and enhance the bond between recycled particles
and the cementitious matrix [11,12]. They may also contribute to higher strength and im-
proved durability while supporting waste valorization and resource conservation [9,10,13].
Nevertheless, many of these treatments involve additional costs, energy consumption, oper-
ational complexity, or limited scalability, which may restrict their practical implementation
beyond controlled laboratory conditions [14,15]. Therefore, complementary strategies that
can improve RAC performance through mixture design rather than aggregate pretreatment
remain highly relevant.

In this context, supplementary cementitious materials (SCMs) represent an effec-
tive and comparatively simple route to improve the performance of RAC. SCMs such as
metakaolin, silica fume, fly ash, blast furnace slag, rice husk ash, and sugarcane bagasse
ash can partially replace Portland cement while enhancing strength and durability and
reducing the environmental impact of concrete [16-18]. Depending on their chemistry
and mineralogy, SCMs may exhibit hydraulic or pozzolanic behavior. Hydraulic reactions
produce cementitious compounds in the presence of water, whereas pozzolanic reactions
consume calcium hydroxide (CH), released during cement hydration, to form additional
calcium silicate hydrate (C-5-H), which is the primary binding phase responsible for
strength development [19,20]. In RAC, these reactions are particularly relevant because the
additional hydration products may densify the cement paste and improve the ITZ around
recycled aggregate particles.

However, the design of RAC mixtures incorporating both RCA and SCMs remains
complex. Traditional trial-and-error procedures are often unable to capture the nonlinear
interactions among binder chemistry, aggregate replacement level, water demand, ad-
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mixture dosage, and curing conditions. Moreover, mixture optimization should not rely
only on empirical proportions, but should also account for the chemical and mineralogical
characteristics of the binder system [20]. In this regard, data-driven tools can support more
rational and efficient mixture design. Among these tools, XGBoost is a tree-based ensemble
learning algorithm that builds predictive models by sequentially optimizing a loss function
through gradient boosting [21]. Its ability to capture nonlinear relationships and variable
interactions has made it increasingly useful in materials engineering, and previous studies
have shown that XGBoost-based models can accurately estimate mechanical properties of
cementitious composites [22,23].

Flexural strength at 28 days (FS28) is particularly relevant for infrastructure applica-
tions such as pavements, bridge elements, slabs, and precast components, where resistance
to bending and load distribution capacity govern service performance. Nevertheless, com-
pared with compressive strength, the prediction of flexural strength in RAC mixtures
containing SCMs has received less attention, especially when the model is expected to
account for both recycled aggregate content and binder reactivity. Furthermore, many ex-
isting predictive studies rely exclusively on literature databases, with limited independent
experimental validation. This restricts their practical reliability, particularly for mixtures
containing SCMs with different chemical and physical characteristics.

The literature sources used to build the database did not correspond to identical
concrete mixtures or to tests performed under exactly the same conditions. Instead, they
covered a broad range of RAC-related experimental programs with different mixture
proportions, aggregate replacement levels, SCM types, curing conditions, and testing con-
figurations. For clarity, these studies can be grouped into three main categories. The first
group includes studies focused mainly on the effect of natural aggregate replacement by
recycled coarse and/or fine aggregates on mechanical performance, where changes in
attached mortar content, aggregate absorption, and interfacial transition zone quality were
the dominant factors. The second group includes studies that incorporated supplementary
cementitious materials, such as fly ash, silica fume, metakaolin, ground granulated blast-
furnace slag, rice husk ash, or palm oil fuel ash, to compensate for the weaker characteristics
of recycled aggregates through matrix densification, pore refinement, and secondary hy-
dration reactions [9,17,24-38]. The third group includes studies in which mixture-design
variables such as water-to-binder ratio, cement content, aggregate grading, superplasticizer
dosage, and maximum aggregate size were varied together with recycled aggregate and
SCM contents [39—-43]. Therefore, the compiled database was intentionally heterogeneous,
since the objective was not to reproduce a single experimental condition but to train and
evaluate a predictive model capable of learning general trends across different RAC-SCM
mixture designs.

Recent studies published between 2022 and 2026 have further expanded the under-
standing of recycled aggregate concrete incorporating supplementary cementitious materi-
als. Experimental investigations have shown that fly ash, ground granulated blast-furnace
slag, silica fume, metakaolin, rice husk ash, and other industrial by-products can improve
the mechanical and durability performance of RAC by reducing matrix porosity, refining
the pore structure, and improving the interfacial transition zone around recycled aggre-
gates [44-53]. However, these studies also confirm that the effectiveness of SCMs depends
strongly on recycled aggregate quality, replacement level, water demand, curing conditions,
and binder composition. In parallel, recent data-driven studies have used artificial intelli-
gence, ensemble learning, multi-objective optimization, and interpretable machine-learning
tools to predict the strength and durability-related performance of concretes produced
using different technologies, including lightweight concretes, fiber-reinforced concretes,
recycled aggregate concretes, and concretes exposed to aggressive sulfate or chloride envi-
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ronments [54-59]. These studies demonstrate the increasing relevance of machine-learning
approaches for concrete-property prediction, but they also show that model performance
depends strongly on the target property, material system, input-variable definition, and
availability of independent validation data. Nevertheless, most available models still focus
mainly on compressive strength or general sustainability optimization, while fewer studies
address 28-day flexural strength in RAC-SCM mixtures using chemically informed binder
descriptors and independent experimental validation. This gap motivates the present study.

To address this gap, the scientific problem considered in this study is the limited ability
of current predictive approaches to estimate the 28-day flexural strength of RAC-SCM
mixtures while simultaneously accounting for recycled aggregate incorporation, binder
chemistry, water-to-binder ratio, and admixture dosage. Therefore, the aim of this study
is to develop and experimentally validate an interpretable XGBoost-based framework for
predicting FS28 in concrete mixtures incorporating RCA and SCMs. A curated database
comprising 397 mixtures from 22 published sources was compiled to train and test the
predictive model. In addition, an independent experimental program involving 58 mixtures
was conducted using different SCMs, namely silica fume, metakaolin, fly ash, and ground
granulated blast-furnace slag, combined with different CRA replacement levels. The
specific objectives were to: (i) characterize the selected binder materials and calculate
chemically informed reactivity descriptors; (ii) train, benchmark, and evaluate the XGBoost
model for FS28 prediction; (iii) validate the model using independently produced RAC-
SCM mixtures; and (iv) interpret the influence of binder reactivity, water-to-binder ratio,
admixture dosage, and recycled aggregate incorporation on flexural strength.

2. Materials and Methods
2.1. Materials

The experimental program used ordinary Portland cement (OPC), four supplementary
cementitious materials (SCMs)—silica fume (SF), ground granulated blast-furnace slag
(GGBFS), low-calcium fly ash (FA), and metakaolin (MK)—natural siliceous sand, natural
coarse aggregate, coarse recycled aggregate (CRA), potable water, and a high-range water-
reducing admixture. CRA was produced by crushing 35-40 MPa concrete specimens with a
laboratory jaw crusher and sieving the material to match the 12.5 mm maximum size of the
natural coarse aggregate. The admixture was a polycarboxylate-based superplasticizer with
a specific gravity of 1.09 at 20 °C, complying with ASTM C494. These materials represented
different binder chemistries and aggregate conditions, enabling evaluation of the combined
influence of binder reactivity and recycled aggregate incorporation on flexural performance.
Figure 1 shows the raw materials used.

(b) (d)

Figure 1. Cont.
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Figure 1. Raw materials used in the experimental program: (a) ordinary Portland cement; (b) silica
fume; (c) ground granulated blast-furnace slag; (d) fly ash; (e) metakaolin; (f) natural fine aggregate;
(g) natural coarse aggregate; and (h) coarse recycled aggregate.

The selected precursors were chosen to represent a broad range of chemical, min-
eralogical, and physical characteristics relevant to RAC-SCM mixture design. Portland
cement was used as the reference binder, while the selected SCMs were included to cover
different reactivity levels, particle-size distributions, and oxide compositions. Recycled
aggregates were incorporated to evaluate the effect of aggregate replacement on flexural
performance, considering their higher absorption capacity, adhered mortar content, and
influence on water demand and matrix—aggregate interaction.

To improve the visual description of the experimental program without repeating the
raw materials already shown in Figure 1, Figure 2 summarizes the main stages of RAC-SCM
mixture preparation and specimen production, including binder addition, fresh mixture
condition, casting of prismatic specimens, and specimens prepared for flexural testing.

o) CHO ,(C)‘ , A @

Figure 2. Main stages of RAC-SCM mixture preparation and specimen production: (a) binder
materials in the mixer; (b) final fresh mixture; (c) casting of prismatic specimens; and (d) prismatic
specimens prepared for flexural testing.

A comprehensive physicochemical characterization of the solid raw materials was
performed to describe their role in both the experimental mixtures and the predictive
framework. The chemical composition of OPC, SF, GGBEFS, FA, and MK was determined by
X-ray fluorescence (XRF) using an Epsilon 4 benchtop XRF analyzer (Malvern Panalytical,
Malvern, UK). Scanning electron microscopy (SEM) images were obtained using a Quanta
650 FEG scanning electron microscope (FEI Company, Hillsboro, OR, USA). X-ray diffrac-
tion (XRD) patterns were collected using an Empyrean X-ray diffractometer (Malvern
Panalytical, Malvern, UK). Particle-size distribution (PSD) was determined by laser diffrac-
tion using a Mastersizer 3000 particle-size analyzer (Malvern Panalytical, Malvern, UK).
The corresponding oxide composition, together with the individual reactivity modulus
(RM), silica modulus (SM), and alumina modulus (AM), is summarized in Table 1.
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Table 1. Chemical composition determined by X-ray fluorescence and individual RM, SM, and

AM values.
Component CaO SiO, ALL,O; Fe;O3 MgO SO3 Na,O RM; SM; AM;
Cement 64.87%  20.23% 4.02%  3.74% 141% 197% 0.23% 3.47 2.61 1.07
Silica Fume 3.89% 92.29% 059%  024% 0.26% 0.07%  0.31% 0.05 11119 246
GGBFS 33.65%  33.85%  14.40% 4.78%  525% 2.24%  0.34% 1.57 1.77 3.01
Fly ash 4.47% 47.74%  21.86%  9.71%  0.83%  0.83%  0.33% 2.71 1.51 2.25
Metakaolin 0.99% 5091%  39.45%  1.03% 0.18%  0.26%  0.28% 0.80 1.26 38.30

The chemical results reported in Table 1 reveal marked differences among the binder
constituents. OPC exhibited the highest CaO content, which is consistent with its role as
the main hydraulic binder, whereas SF was predominantly composed of SiO,, resulting
in a very high SM value and supporting its expected contribution through microfiller
and pozzolanic effects. GGBFS presented a more balanced composition of CaO, SiO,, and
AlyOg3, suggesting latent hydraulic potential, while FA and MK showed aluminosilicate-rich
compositions, with MK presenting a markedly elevated AM value. These differences are
relevant because the machine learning model incorporates binder reactivity descriptors,
allowing the predictive framework to account not only for SCM dosage but also for the
chemical nature of the cementitious system. Complementary physical and mineralogical
characterization is presented in Figures 3-5. The SEM micrographs in Figure 3 show clear
morphological differences among the binder materials: OPC and GGBFS exhibited irregular
angular particles, SF showed a much finer particle structure, FA displayed a predominantly
spherical morphology, and MK presented irregular and clustered particles. These features
may influence water demand, particle packing, dispersion, and matrix development. The
XRD patterns in Figure 4 further distinguish the crystalline and amorphous characteristics
of the binders, while the PSD curves in Figure 5 confirm clear differences in particle fineness
among the powdered constituents, with direct implications for filler effects, packing density,
water demand, and early-age reactivity.
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Figure 4. XRD patterns of the binder materials: (a) OPC; (b) SF; (c) GGBFS; (d) FA; and (e) MK.
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Figure 5. Laser-diffraction particle size distribution of the powdered binders.

2.2. Database Compilation and Input Variables

A literature-based database was compiled to develop the XGBoost model for predicting
the 28-day flexural strength (FS28) of concrete mixtures incorporating natural aggregates,
recycled concrete aggregates, and supplementary cementitious materials. The database was
constructed from 22 published sources [9,17,24-43] and included mixtures with different
combinations of natural aggregates (NA), coarse recycled aggregates (CRA), fine recycled
aggregates (FRA), and SCMs, including ground granulated blast-furnace slag, fly ash,
metakaolin, silica fume, rice husk ash, and palm oil fuel ash.

To ensure consistency and reliability, only mixtures reporting sufficient information
for model development were retained. The inclusion criteria required: complete mixture
proportions; oxide composition of cement and SCMs for calculating binder reactivity
indices; clear identification of silica fume, which was treated separately because of its
high fineness, reactivity, and particle-packing effect; reported flexural strength values; and
curing under standard laboratory conditions, such as water or moist chamber curing.

Following these criteria, 397 unique mixtures were initially collected. The input
variables included material proportions, aggregate contents, binder reactivity descriptors,
maximum aggregate size, and water-to-binder ratio, as summarized in Table 2. All mixture
proportions were harmonized in kg/ m3, except for MSA, expressed in mm, and WB, which
was dimensionless. The target output variable was FS28, expressed in MPa.

Because the database was compiled from independent literature sources, differences in
flexural testing standards, specimen geometry, loading configuration, and reporting format
could not be completely eliminated. To improve comparability, only results explicitly
reported as 28-day flexural strength and obtained under standard laboratory curing con-
ditions were retained. When necessary, reported flexural strength values were converted
to MPa, but no empirical conversion factor was applied between different flexural test
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configurations. Therefore, the remaining differences among standards and specimen con-
figurations were treated as part of the inherent variability of the literature-based database
and are acknowledged as a limitation of the model.

Table 2. Input variables considered for the XGBoost model.

Variable Description Unit
C Cement content kg/ m3
SF Silica fume content kg/m?
SCM Other SCMs, excluding silica fume kg/m?
RM Equivalent reactivity modulus —
SM Equivalent silica modulus —
AM Equivalent alumina modulus —
FNA Fine natural aggregate content kg/m?
FRA Fine recycled aggregate content kg/m?3
CNA Natural coarse aggregate content kg/m3
CRA Coarse recycled aggregate content kg/m3
WATER Water content kg/m3
SP Superplasticizer dosage kg/m?
MSA Maximum aggregate size mm
WB Water-to-binder ratio —

2.3. Reactivity Indices of Binder Systems

To incorporate the chemical nature of the binder system into the predictive framework,
reactivity-related indices were calculated from the oxide composition of cement and SCMs.
Following the approach proposed by Xie and Visintin [60], three indices were considered:
the reactivity modulus (RM), associated with the self-cementing or hydraulic potential of
the binder; the silica modulus (SM); and the alumina modulus (AM), both related to the
pozzolanic character of aluminosilicate-based materials. The oxide compositions required
for these calculations were obtained from X-ray fluorescence (XRF) data.

The individual reactivity-related indices for each cementitious constituent were calcu-
lated from the oxide composition, as expressed in Equations (1)—(3).

CaO + MgO + A1203

- 1

RM; Si0O; @
SiO,

- i B 2

SM; Al,O3 + Fe;O3 @)
AlyO3

- 3

AM; FeyOs (©)

where RM;, SM; and AM; are the individual reactivity, silica, and alumina moduli of
binder constituent, respectively. CaO, MgO, SiO;, Al,O3 and Fe;O3 correspond to the
oxide contents of each cementitious constituent, expressed as mass percentages.

Because each concrete mixture may contain more than one cementitious constituent,
equivalent mixture-level indices were calculated as weighted averages according to the
mass fraction of each binder component. This approach reduces the number of chem-
ical input variables while preserving the effect of binder chemistry on the predicted
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flexural strength. The equivalent mixture-level indices were calculated as expressed in
Equations (4)—(6).

n

RM =) RM;-wr; (4)
i=1
n

SM = 2 SMi'ZUT’i (5)
i=1
n

AM = 2 AM,"ZUT’i (6)

i=1

In Equations (4)—(6), RM, SM and AM are the equivalent mixture-level reactivity, silica,
and alumina moduli, respectively; RM;, SM; and AM; are the corresponding individual
indices of binder constituent i; wr; is the mass ratio of binder constituent i relative to the
total binder mass; and # is the number of cementitious constituents in the mixture.

As an example, the calculation procedure can be illustrated using mixture MK-1, which
contained 528 kg/m? of OPC and 22 kg/m3 of MK, for a total binder content of 550 kg/m?3.
Therefore, the binder mass fractions of OPC and MK were 0.960 and 0.040, respectively.
Using the individual values reported in Table 1, the equivalent mixture-level descriptors
were obtained as weighted averages of the corresponding binder fractions. Thus, the
equivalent reactivity modulus was calculated as RM = (3.475 x 0.960) + (0.800 x 0.040),
giving approximately 3.367; the equivalent silica modulus was calculated as SM = (2.607 x
0.960) + (1.260 x 0.040), giving 2.553; and the equivalent alumina modulus was calculated
as AM = (1.075 x 0.960) + (38.300 x 0.040), giving 2.564. These values correspond to the
RM, SM, and AM values used for the MK-1 mixture in the experimental matrix. Minor
differences at the third decimal place may occur because the values displayed in Table 1 are
rounded, whereas the calculations were performed using the full numerical values. The
same weighted-average procedure was applied to all mixtures containing more than one
cementitious constituent.

2.4. Outlier Detection and Dataset Partitioning

To improve the reliability of the database before model training, potential outliers and
influential observations were evaluated using two complementary statistical procedures:
the Mahalanobis distance and Cook’s distance [61,62]. The Mahalanobis distance was
first used to identify observations located far from the multivariate distribution of the
input variables. However, because some chemically meaningful mixtures may naturally
present extreme values in specific descriptors, each flagged observation was individually
reviewed before removal. This was particularly relevant for mixtures containing highly
reactive or very fine SCMs, such as silica fume or rice husk ash, which can substantially
increase the silica modulus (SM) and may therefore appear statistically unusual despite
being technically valid.

After this preliminary screening, Cook’s distance was applied to identify influential
observations for potential removal, rather than as an automatic deletion criterion. Cook’s
distance was calculated using an initial regression model fitted with the complete set of
input variables and FS28 as the response variable. The commonly used criterion (D; > 4/n)
was adopted as the influence threshold, where (D;) is the Cook’s distance of observation
(i) and (n) is the number of observations in the original database. For the initial database
of 397 mixtures, this criterion corresponded to (D; > 0.010). Observations exceeding this
threshold were individually reviewed to verify whether their influence was associated
with leverage-driven behavior or inconsistent response values, rather than with technically
meaningful extreme mixture compositions. Based on this combined procedure, 15 obser-
vations were removed from the original database of 397 mixtures, resulting in a refined
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dataset of 382 observations for model development. The Cook’s distance analysis and the
adopted threshold are shown in Figure 6.
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Figure 6. Cook’s distance analysis used to identify influential observations in the compiled database.

The removal process was not intended to discard valid high-performance mixtures
only because they showed high FS28 values. Instead, the objective was to reduce the
influence of observations that simultaneously showed unusual leverage in the input-
variable space and an influential effect on the fitted response. Therefore, the cleaned dataset
was considered more suitable for developing a general predictive model. The possible
influence of outlier treatment on model performance was considered when interpreting the
results, and the final model evaluation was based on the refined dataset together with an
independent experimental validation dataset.

Descriptive analyses were then performed on the cleaned dataset to verify the distri-
bution of the response variable and the structure of the input space. Figure 7 shows the
histogram of 28-day flexural strength (FS28), Figure 8 presents the correlation heatmap
among the input variables and FS28, and Figure 9 summarizes the distribution of the input
variables through boxplots. These analyses provided a statistical overview of the final
database and supported the subsequent model training and interpretation.

The refined dataset was divided into two subsets. A total of 286 observations were
used for model training, whereas the remaining 96 observations were reserved for model
testing. This partitioning strategy enabled the predictive performance of the XGBoost model
to be evaluated using data not involved in the training process, while the independent
experimental dataset described in Section 2.7 was used later for external validation.
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Figure 7. Histogram of 28-day flexural strength (FS28) values after outlier treatment.
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Figure 8. Correlation heatmap of the input variables and FS28 after outlier treatment.
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Figure 9. Boxplot analysis of the input variables after outlier treatment.

2.5. XGBoost Model Development

The predictive model was developed using eXtreme Gradient Boosting (XGBoost), a
tree-based ensemble learning algorithm that constructs predictive models by sequentially
optimizing a loss function through gradient boosting [21]. This characteristic is particularly
relevant for recycled aggregate concrete mixtures containing SCMs, where flexural strength
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depends on coupled effects among binder chemistry, aggregate replacement level, water
content, and admixture dosage. In this study, XGBoost was used to predict the 28-day
flexural strength (FS28) from the input variables described in Section 2.2.

The cleaned dataset can be represented as a set of n observations, where each ob-
servation contains an input vector x; with m attributes and a corresponding target value
i [63]:

D ={(xi, y)}(ID| =n, x; € R", y; €R) 7)

In Equation (7), D is the dataset, x; is the vector of mixture descriptors for observation
i, y; is the corresponding measured FS28 value, n is the number of observations, and mmm
is the number of input variables.

In XGBoost, the predicted value is obtained by combining several regression trees
through an additive learning process [64]:

K
9i=¢(xi) =Y fi(xi), fr € F (8)
=1

In Equation (8), ¥, is the predicted FS28 value for observation 7, K is the number of
regression trees, f is the prediction generated by the k-th tree, and F represents the space
of regression-tree functions.

The model was trained by minimizing an objective function that combines prediction
error and regularization to penalize excessive model complexity [64]:

L(¢) =) L (5 yi) + ;Q(fk) ©)

O(f) = 7T+ HAluf? (10)

In Equations (9) and (10), £(¥;, y;) is the loss function measuring the difference be-
tween predicted and measured FS28 values, Q)(fi) is the regularization term, T is the
number of leaves in a tree, w represents the leaf weights, and  and A are regularization
parameters controlling tree complexity and weight penalization, respectively.

Because the complete ensemble cannot be optimized directly in a single step, XGBoost
builds the model sequentially. At each boosting iteration, a new tree is added to improve
the predictions from the previous iteration [64]:

L(9) = if (i 917V + filx) + Q) (11

In Equation (11), yAl(tfl)

is the prediction obtained up to iteration t — 1, and f(x;)
is the new regression tree added at iteration ¢. Through this iterative procedure, the
model progressively reduces prediction error while controlling overfitting. The final
trained model was then used to predict FS28 for the training, testing, and independent
experimental validation datasets. The XGBoost model was implemented in Python 3.14.6
using the XGBoost library. Data preprocessing, model evaluation, and metric calculation
were performed using NumPy, pandas, and scikit-learn. The final trained model was then
used to predict FS28 for the training, testing, and independent experimental validation
datasets. The main hyperparameters, including the number of estimators, maximum
tree depth, learning rate, subsampling ratio, and regularization terms, were selected to
minimize prediction error while avoiding overfitting. A fixed random seed was used to
ensure reproducibility of the training—testing partition and model results.
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The hyperparameters of the XGBoost model were optimized using a systematic search
procedure within the training dataset. The search focused on the main parameters con-
trolling model complexity, learning rate, subsampling, and regularization. Because an
independent testing subset and a separate experimental validation dataset were avail-
able, these datasets were not used during hyperparameter tuning. Instead, candidate
configurations were screened within the training stage by minimizing prediction error
while avoiding unnecessarily complex model configurations. The testing dataset and the
independent experimental validation dataset were reserved exclusively for evaluating
model generalization. The final hyperparameter settings used in the XGBoost model are
summarized in Table 3.

Table 3. Final hyperparameter settings used for the XGBoost model.

Hyperparameter Final Value Role in the Model
n_estimators 300 Number of boosting trees used in
the ensemble
max_depth 3 Maximum depth of each regression tree
learning_rate 0.05 Step size shrinkage applied at each boosting
iteration
subsample 0.80 Fraction of training observations used for

each tree

Fraction of input variables sampled for

colsample_bytree 0.80 each tree

Minimum sum of instance weight required

min_child_weight 1 in a child node

Minimum loss reduction required to make a

samma 0.00 further split

reg_alpha 0.01 L1 regularization term on leaf weights
reg_lambda 1.00 L2 regularization term on leaf weights
objective reg:squarederror ~ Squared-error regression objective function
random_state 42 Random seed used for reproducibility

After defining the final XGBoost configuration, and as part of the model selection
procedure, a benchmark comparison was also performed using representative regression
algorithms commonly applied to concrete-property prediction problems. The compari-
son considered Linear Regression, Decision Tree Regression, Random Forest Regression,
Support Vector Regression, Gradient Boosting Regression, and XGBoost. All models were
trained and evaluated using the same cleaned dataset, input variables, training—testing
partition, random seed, and performance metrics. The independent experimental dataset
was not used during model fitting and was reserved exclusively for external validation.
This procedure allowed the final model to be selected based on comparative predictive
performance and generalization capacity, rather than on the theoretical suitability of the al-
gorithm alone. For further information about these models and their training and validation
processes, references [65,66] can be consulted.

2.6. Model Evaluation and Interpretability

The predictive performance of the XGBoost model was evaluated using standard
regression metrics, including the mean absolute error (MAE), mean squared error (MSE),
root mean squared error (RMSE), and coefficient of determination (R?) [67]. These indicators
provide complementary information on model performance. MAE quantifies the average
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absolute prediction error, MSE penalizes larger errors more strongly, RMSE expresses the
prediction error in the same units as FS28, and R? indicates the proportion of variance in the
measured response explained by the model. Low MSE and RMSE values indicate reduced
prediction error, whereas high R? values indicate stronger agreement between predicted
and measured FS28.

In addition, the mean bias error (MBE) and its normalized form, the normalized mean
bias error (NMBE), were used to assess systematic bias in the predictions [68]. Positive MBE
or NMBE values indicate model underestimation, whereas negative values indicate over-
prediction. Although bias indicators may be affected by error cancellation, they are useful
for identifying whether the model tends to systematically overestimate or underestimate
the experimental response.

After evaluating model accuracy, Partial Dependence Plots (PDPs) and Variable Im-
portance Plots (VIPs) were used to interpret the trained XGBoost model [23]. Three-
dimensional PDPs were employed to analyze the interaction between pairs of input vari-
ables and their combined marginal effect on predicted FS28. In these plots, two predictor
variables are represented on the horizontal axes, while the vertical axis represents the
model-predicted FS28. This approach enables the identification of nonlinear trends, thresh-
old regions, and interaction effects among mixture variables such as cement content, SCM
content, recycled aggregate content, water-to-binder ratio, and superplasticizer dosage.
VIPs were used to rank the relative influence of each input variable on model predictions.
A higher importance score indicates a greater contribution of that variable to the predic-
tive performance of the model. The statistical plots, regression graphs, PDP surfaces, and
variable-importance visualization were generated using R 4.6.1 (R Foundation for Statistical
Computing, Vienna, Austria) in RStudio 2026.05.1+225.pro10 (Posit Software, PBC, Boston,
MA, USA).

Although SHAP analysis can provide useful local and global explanations of model
predictions, it was not included in the present study because the interpretability strategy
focused on VIP and combined-effect PDPs. This choice was consistent with the main
objective of the work, which was to understand not only the relative importance of in-
dividual variables, but also how pairs of mixture-design variables jointly influence the
predicted FS28 response. Combined-effect PDPs were therefore used to visualize nonlinear
interaction regions, threshold-like behavior, and coupled effects among variables such as
cement content, SCM replacement, CRA incorporation, WB, and SP dosage.

2.7. Experimental Mix Design and Specimen Preparation

The experimental campaign was designed to provide an independent validation
dataset for the trained XGBoost model. Four supplementary cementitious materials—silica
fume (SF), ground granulated blast-furnace slag (GGBFS), fly ash (FA), and metakaolin
(MK)—were incorporated as partial replacements for ordinary Portland cement (OPC).
The mixture proportions were defined according to a central composite design (CCD)
considering three main factors: the percentage of OPC replaced by SCMs, the percentage
of natural coarse aggregate (CNA) replaced by coarse recycled aggregate (CRA), and the
superplasticizer (SP) dosage.

Five levels were considered for each factor, corresponding to the axial, factorial, and
central points of the CCD. The SCM replacement levels were 0%, 4%, 10%, 16%, and 20%
by mass of OPC. The CRA replacement levels were 0%, 14%, 20%, 26%, and 40% by mass of
CNA. The SP dosages were 3.66, 4.00, 4.50, 5.00, and 5.34 kg / m3. The water-to-binder ratio
was kept constant at 0.36 for all mixtures to ensure consistency across the experimental
matrix. For the control mixture, which contained neither SCMs nor CRA, this water-to-
binder ratio enabled a slump flow diameter of approximately 700 mm, measured according
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to ASTM C1611/C1611M-21 [69], using 4.50 kg/m? of SP. The CRA was incorporated in
saturated surface-dry (SSD) condition to minimize variations in effective water content
during mixing.

To present the experimental validation stage more clearly, the overall structure of the
Experimental Research Program is summarized in Figure 10. The flowchart includes the
materials, mixture-design variables, number of mixtures and specimens, curing procedure,
flexural testing method, and the use of the experimental results for external validation of
the XGBoost model.

Objective
Independent experimental validation of the XGBoost model for 28-day flexural strength (FS28)
x I
I + r ‘ N
Materials Experimental factors
. Ordinar?f Portland cement (OPC) « SCM type
¢ SCMs: silica fume (SF), ground granulated
blast-furnace slag (GGBFS), fly ash (FA), * SCM replacement level
metakaolin (MK) * CRA replacement level

* Natural fine aggregate s

¢ Coarse recycled aggregate (CRA) * Superplasticizer dosage

¢ Water * Fixed water-to-binder ratio: 0.36

» High-range water-reducing admixture (HRWR)
. J | J

[ |
v
'S N\
Mixture production
58 RAC-SCM mixtures
- 7 J

s N

Specimen preparation and curing
174 prismatic specimens
Water curing at 20 °C for 28 days

.

J
r L2 N
Flexural testing
Third-point loading
ASTM C78/C78M-22 )
v

Model validation
@ Comparison between measured FS28 and XGBoost-predicted FS28

External validation of the predictive framework

Figure 10. Experimental Research Program: schematic summary of the materials, mixture-design
variables, mixture production, specimen preparation and curing, flexural testing, and independent
validation of the XGBoost model.

The selected factor levels were defined considering both the structure of the central
composite design and the mixture ranges commonly reported in previous RAC-SCM stud-
ies already included in the compiled database. SCM replacement levels up to 20% were se-
lected to cover the reference binder system, moderate cement-replacement contents, and an
upper replacement level consistent with studies evaluating fly ash, metakaolin, silica fume,
and GGBFS in recycled aggregate concrete [9,17,24—43]. The CRA replacement range from
0% to 40% was chosen to represent the transition from natural coarse aggregate concrete to
moderate recycled aggregate incorporation, in agreement with previous studies analyz-
ing the influence of recycled aggregate content on mechanical performance [9,17,24—43].
The SP dosage range was centered around 4.50 kg/m?, which provided a slump flow of
approximately 700 mm for the control mixture at WB = 0.36, and was varied to evaluate
the influence of admixture dosage on particle dispersion and workability control with-
out modifying the water-to-binder ratio. This range is consistent with the need to adjust
superplasticizer dosage in RAC-SCM mixtures because recycled aggregate absorption,
SCM fineness, and cement-superplasticizer compatibility can strongly affect fresh-state
behavior [9,17,24-43]. Therefore, the experimental levels were selected to remain within
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technically relevant and literature-supported ranges while enabling the combined effects of
SCM replacement, CRA incorporation, and SP dosage to be assessed under a controlled
validation matrix.

The complete experimental matrix comprised 58 concrete mixtures, including the
control and NSCM mixtures. To illustrate the structure of the experimental matrix, Table 4
presents a representative subset of mixture proportions and equivalent binder reactivity
indices. The complete set of mixture proportions, reactivity indices, aggregate contents,
water content, SP dosage, maximum aggregate size, and water-to-binder ratio for all
58 mixtures is provided in Appendix A, Table Al.

Table 4. Representative subset of experimental mixture proportions and equivalent binder
reactivity indices.

Notation Cement SF SCM RM SM AM FNA FRA CNA CRA Water SP MSA WB
Control 550 0 0 3475 2607 1.075 800 0 833 0 198 450 1250  0.36
NSCM 550 0 0 3475 2607 1.075 800 0 716 117 198 450 1250 0.36

MK-1 528 0 22 3367 2553 2564 800 0 617 216 198 400 1250 0.36
MK-2 462 0 88 3.046 2391 7.031 800 0 617 216 198 4.00 1250 0.36
MK-3 528 0 22 3367 2553 2564 800 0 716 117 198 500 1250 0.36
MK-4 462 0 88 3.046 2391 7.031 800 0 716 117 198 500 1250 0.36
MK-5 528 0 22 3367 2553 2564 800 0 617 216 198 5.00 1250  0.36
MK-6 462 0 88 3.046 2391 7.031 800 0 617 216 198 500 1250 0.36
MK-7 440 0 110 2939 2337 8520 800 0 666 167 198 450 1250 0.36
MK-8 495 0 55 3207 2472 4797 800 0 833 0 198 450 1250  0.36
MK-9 495 0 55 3207 2472 4797 800 0 500 333 198 450 1250 0.36
MK-10 495 0 55 3207 2472 4797 800 0 666 167 198 366 1250 0.36
MK-11 495 0 55 3207 2472 4797 800 0 666 167 198 534 1250  0.36
MK-12 495 0 55 3207 2472 4797 800 0 666 167 198 450 1250 0.36
MK-13 528 0 22 3367 2553 2564 800 0 716 117 198 400 1250 0.36
MK-14 462 0 88 3.046 2391 7.031 800 0 716 117 198 4.00 1250  0.36

All mixtures were prepared in a 200 L pan mixer, model 54-C0199/11 (CONTROLS
Group, Cernusco sul Naviglio, Milan, Italy), following a controlled mixing procedure to
ensure adequate homogenization of the aggregates and binder constituents. Aggregates
and binders, including OPC and SCMs, were initially dry mixed for 30 s. Water and SP
were then incorporated, and mixing was continued until a homogeneous appearance was
achieved. The total mixing time ranged from approximately 2.0 to 2.5 min, depending on
the mixture.

After casting, the specimens were cured in water at 20 °C for 28 days. For flexural
testing, three prismatic specimens were prepared for each of the 58 mixture designs,
resulting in a total of 174 prismatic specimens. These specimens were subsequently used to
experimentally validate the predictive performance of the XGBoost model.

2.8. Flexural Strength Test

The 28-day flexural strength of the concrete mixtures was determined using beam-
shaped specimens with dimensions of 100 mm x 100 mm x 500 mm. The tests were
performed using a flexural test device for concrete beams, model 50-C9010/C (CONTROLS
Group, Cernusco sul Naviglio, Milan, Italy), fitted to a testing machine and configured for
third-point loading in accordance with ASTM C78/C78M-22 [70]. The load was applied
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monotonically at a displacement rate of 0.5 mm/min until failure. The experimental
configuration, including the schematic representation and the test setup, is shown in
Figure 11.

Loading
! V ball

© 100x100%500

specimen

o e
‘\ | Support
‘ " ball

< 150 —A‘<—150 —>«— 150 —f

(a) (b)

Figure 11. Flexural strength test setup according to ASTM C78/C78M-22: (a) schematic diagram of
the third-point loading configuration; and (b) experimental test setup.

The flexural strength was calculated using Equation (12):

Pyl
f = W (12)
In Equation (12), f; is the flexural strength, P, is the ultimate applied load, I is the
span length, b is the specimen width, and d is the specimen depth. For each mixture, the
reported FS28 value corresponded to the average of three prismatic specimens, and the
associated standard deviation was used to evaluate the experimental variability.

3. Results
3.1. Experimental Flexural Strength of RAC-SCM Mixtures

Figure 12 presents the experimental 28-day flexural strength (FS28) results obtained
for the 58 concrete mixtures considered in the validation program. Each bar represents the
average value of three prismatic specimens tested for the same mixture, while the error
bars indicate the corresponding standard deviation. The mixtures include the reference
control concrete, the NSCM mixture containing CRA without SCM replacement, and the
four SCM-based families incorporating silica fume (SF), metakaolin (MK), fly ash (FA), and
ground granulated blast-furnace slag (GGBFS).

The experimental results show that the flexural response of the RAC-SCM mixtures
remained within a relatively consistent range despite the variations in SCM type, SCM
replacement level, CRA content, and SP dosage. This behavior indicates that the incorpora-
tion of recycled coarse aggregate did not lead to a uniform loss of flexural strength across
all mixtures; instead, the response depended on the combined effect of binder composition,
recycled aggregate replacement, and admixture dosage. The presence of standard deviation
bars further confirms that the experimental variability was generally controlled, supporting
the reliability of the dataset used for external model validation.

From a comparative standpoint, Figure 12 enables a direct evaluation of the effect
of each SCM system under equivalent experimental design conditions. The observed
differences among the SF, MK, FA, and GGBFS families suggest that the chemical nature
and reactivity of the cementitious system play an important role in governing FS28. These
experimental results provide the basis for assessing whether the XGBoost model, trained us-
ing the literature-based database, can generalize its predictions to independently produced
RAC mixtures containing different SCMs and CRA replacement levels.
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Flexural Strength of Concrete with Recycled Aggregates and SCMs
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Figure 12. Experimental 28-day flexural strength of the RAC-SCM mixtures, including standard
deviation bars.

3.2. Predictive Performance of the XGBoost Model

The predictive performance of the XGBoost model was evaluated using the training,
testing, and independent experimental validation datasets. The corresponding performance
metrics, including MAE, RMSE, R?, and NMBE, are summarized in Table 5, while the regres-
sion plots comparing predicted and measured FS28 values are shown in Figures 13 and 14.
In addition, a benchmark comparison with alternative regression models was included in
Table 6 to justify the selection of XGBoost as the final predictive model.

For the training dataset, the model achieved an MAE of 0.483 MPa, an RMSE of
0.559 MPa, and an R? value of 91.61%, indicating a strong ability to capture the nonlinear
relationships between mixture proportions, binder reactivity descriptors, recycled aggre-
gate contents, and flexural strength. For the testing dataset, the predictive performance
decreased slightly, with an MAE of 0.687 MPa, an RMSE of 0.835 MPa, and an R? value
of 80.75%. This reduction is expected because the testing subset contains observations
not used during model training and therefore provides a more demanding assessment of
model generalization.

The independent experimental validation dataset yielded an MAE of 0.289 MPa,
an RMSE of 0.364 MPa, and an R? value of 77.62%. Although the coefficient of deter-
mination was lower than that obtained for the training and testing datasets, the error
magnitudes remained low in absolute terms. This result is relevant because the experimen-
tal mixtures were produced independently from the literature-based training database and
included different SCM systems and CRA replacement levels. Therefore, the model demon-
strated acceptable external predictive capability for RAC-SCM mixtures with complex
material interactions.
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Table 5. Performance metrics of the XGBoost model for training, testing, and independent experi-

mental validation datasets.

Dataset MAE (MPa) RMSE (MPa) (R?) (%) NMBE (%)

Training 0.483 0.559 91.61 -1.92

Testing 0.687 0.835 80.75 -1.81
Experimental validation 0.289 0.364 77.62 -1.27
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Figure 13. Predicted versus measured FS28 values obtained with the XGBoost model for: (a) the

training dataset and (b) the testing dataset.
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Figure 14. Regression plot of predicted versus measured FS28 values for the independent experimen-

tal validation dataset.

The NMBE values were negative for the three datasets, indicating a slight tendency

of the model to overpredict FS28. However, the magnitude of this bias remained low,

with values of —1.92%, —1.81%, and —1.27% for the training, testing, and experimental

datasets, respectively. Overall, the results indicate that the XGBoost model provides a

reliable and interpretable predictive framework for estimating the 28-day flexural strength

of sustainable concrete mixtures incorporating recycled aggregates and SCMs.
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Table 6. Benchmark comparison of regression models for FS28 prediction using the testing and
independent experimental validation datasets.

Model Dataset MAE (MPa) RMSE (MPa) R?(%) NMBE (%)
Linear Regression Testing 0.942 1.184 61.40 —4.62
Decision Tree Regression Testing 0.861 1.107 66.25 —3.85
Random Forest Regression Testing 0.726 0914 76.82 —2.34
Support Vector Regression Testing 0.803 1.012 71.35 -3.12
Gradient Boosting Regression ~ Testing 0.741 0.932 75.94 —2.58
XGBoost Testing 0.687 0.835 80.75 —1.81
Linear Regression Experimental validation 0.448 0.557 49.80 —6.15
Decision Tree Regression Experimental validation 0.401 0.506 57.35 —5.21
Random Forest Regression Experimental validation 0.334 0.421 70.46 —2.74
Support Vector Regression Experimental validation 0.372 0.468 63.52 —3.68
Gradient Boosting Regression Experimental validation 0.319 0.402 7291 —2.31
XGBoost Experimental validation 0.289 0.364 77.62 —-1.27

3.3. Partial Dependence Plot Analysis

After evaluating the XGBoost model using the training, testing, and independent
experimental validation datasets, three-dimensional Partial Dependence Plots (3D PDPs)
were used to examine the marginal effects of selected input-variable interactions on the
predicted 28-day flexural strength (FS28). To improve the focus and readability of the
analysis, the PDP discussion was reduced to six representative variable pairs. These pairs
were selected according to four criteria: (i) involvement of variables with high relative
importance in the XGBoost model; (ii) direct relevance to the experimental design variables,
particularly SCM replacement, CRA incorporation, and SP dosage; (iii) ability to describe
non-redundant material mechanisms, including binder dilution, water management, recy-
cled aggregate effects, and admixture-assisted dispersion; and (iv) practical relevance for
RAC-SCM mixture design. Accordingly, the retained interactions were C-SCM, C-CRA,
CRA-WB, SCM-WB, SCM-CRA, and SCM-SP.

It should be noted that PDPs describe the response learned by the model after averag-
ing the influence of the remaining variables. Therefore, the trends discussed in this section
should be interpreted as model-based indications of material behavior rather than direct
causal evidence. In the input structure of the model, silica fume (SF) was treated as an inde-
pendent variable, whereas SCM represents the grouped content of other supplementary
cementitious materials. Accordingly, the interpretation of SCM-related PDPs refers to this
model-level descriptor rather than to a single cementitious addition.

Figure 15 presents the interaction between cement content and SCM content. The
PDP suggests that the predicted FS28 is more strongly governed by cement content than
by the total SCM dosage alone. Higher cement contents combined with low-to-moderate
SCM replacement levels led to the highest predicted FS28 values, whereas mixtures with
low cement content and high SCM content showed the lowest predicted response. This
trend is consistent with the role of cement hydration in producing primary calcium silicate
hydrate (C-S-H) and calcium hydroxide (CH), which subsequently supports the pozzolanic
reactions of reactive SCMs [71,72].
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FS28

Figure 15. 3D PDP analyzing interactions between C and SCM, influencing FS28.

To clarify these mechanisms, cement-chemistry notation is used, where C, S, A, F, and
H denote CaO, SiO,, Al;O3, Fe,03, and HyO, respectively. The main hydration reactions of
Portland cement phases can be schematically represented in Equations (13)—(16):

2C3S +6H — C35,H3 +3CH (13)
2C,S +4H — C38,Hs + CH (14)
C3A + CSH;, + 10H — C4ASH1» (15)
C4AF +2CH + 10H — C¢AFHq» (16)

In Equations (13)—(16), C35, C2S, C3A and C4AF represent the main clinker phases
involved in hydration, while C3S,Hs, C4ASH1; and C¢ AFH1, represent hydration prod-
ucts contributing to the development and refinement of the cementitious matrix. The
CH generated during silicate hydration is particularly relevant because it can react with
pozzolanic SCMs to form additional cementitious products.

For silica-rich and aluminosilicate SCMs, the pozzolanic reactions can be schematically
described using Equations (17)—(20). In this notation, S represents reactive silica and
AS, represents an aluminosilicate phase, commonly associated with metakaolin-type
reactions [71,72]:

25 +3CH —» C3S,Hs (17)

ASy +3CH + 6H — CSH + C,ASHj (18)
ASy +5CH + 3H — 2CSH + C3ASH; (19)
ASy + 6CH +9H —» 2CSH + C4ASHy3 (20)

Equations (17)—(20) show that the pozzolanic contribution of SCMs depends on the
availability of CH produced during cement hydration. Therefore, when the SCM replace-
ment level becomes excessive relative to the cement content, the available CH may be
insufficient to sustain secondary C-S-H or calcium aluminosilicate hydrate formation.
Under such conditions, part of the SCM may behave mainly as a filler or as an additional
water-demanding component rather than as an effective reactive binder [72]. This explains
why the PDP in Figure 15 indicates lower predicted FS28 values in regions combining low
cement contents with high SCM dosages. Thus, the model suggests that SCM incorporation
is beneficial only when an adequate balance is maintained between cement hydration, CH
availability, SCM reactivity, and water demand.

The interaction between cement content and CRA content is presented in Figure 16.
The PDP shows a sustained reduction in predicted FS28 as CRA content increases, with the
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highest values generally associated with lower CRA replacement levels. Compared with
FRA, CRA appears to exhibit a more gradual initial effect at low replacement levels, but
higher CRA contents lead to lower predicted FS28 values. This trend can be attributed to
the presence of adhered mortar, higher porosity, and a more complex interfacial transition
zone in recycled coarse aggregates. CRA particles generally contain an old ITZ from the
original concrete and a new ITZ formed with the fresh cement paste, which may reduce
stress transfer efficiency under flexural loading [73]. However, at low replacement levels,
CRA may also contribute to internal curing because part of the water initially absorbed
by the recycled aggregate can be gradually released during hydration. This dual behavior
helps explain why the model response does not show an immediate sharp reduction at
low CRA contents, but does indicate a clearer strength penalty as the amount of CRA
increases [74,75].

FS28

Figure 16. 3D PDP analyzing interactions between C and CRA, influencing FS28.

The combined effect of CRA content and WB is shown in Figure 17. The predicted
response confirms the strong sensitivity of FS28 to WB. Higher WB values generally re-
duce flexural strength because excess water increases capillary porosity and weakens the
hardened cementitious matrix [60]. Conversely, very low WB values may compromise
workability and limit the availability of water for hydration, particularly when porous
CRA is incorporated. The PDP suggests that an intermediate WB region provides a more
favorable balance between hydration, matrix compactness, and workability. This behav-
ior is especially important in RAC mixtures because CRA can absorb part of the mixing
water during the early stages and later release it, contributing to internal curing under
certain conditions [76]. Therefore, the model indicates that CRA does not act independently
from WB; rather, its effect on FS28 depends on the balance between aggregate absorption,
effective water availability, and matrix densification.

5.2
5.0
4.8
4.6
4.4
4.2
4.0

FS28

Figure 17. 3D PDP analyzing interactions between CRA and WB, influencing FS28.

https://doi.org/10.3390/buildings16132673


https://doi.org/10.3390/buildings16132673

Buildings 2026, 16, 2673

24 of 37

The interaction between SCM content and WB is presented in Figure 18. The PDP
shows that suitable combinations of SCM content and WB can lead to higher predicted
FS28 values, while excessive SCM replacement or high WBs reduce the predicted response.
This behavior reflects the need to ensure both adequate binder hydration and effective
pozzolanic or latent hydraulic activity. Proper SCM incorporation can refine the pore
structure, reduce median pore diameter, and improve matrix compactness through filler
effects and secondary hydration products [77,78]. However, these benefits require an
adequate water balance. If the WB is too low, hydration and SCM reactions may be limited;
if it is too high, the increase in capillary porosity may dominate over the benefits of SCM
addition. The PDP therefore indicates that SCM efficiency depends not only on its dosage,
but also on the water available for hydration and the ability of the matrix to remain dense
after hardening.

5.2
5.0
4.8 2l
46  FS28 4.8
4.4 4.6
4.2
{4 a0 4.4
B T . i
[Tz 0.30 2
. LTI 0.40
0.50 WB

50 0.60

Figure 18. 3D PDP analyzing interactions between SCM and WB, influencing FS28.

The combined effect of SCM content and CRA content is shown in Figure 19. Similar
to the FRA-related response, the PDP indicates that high CRA contents tend to reduce
predicted FS28, but SCM incorporation may partially compensate for this effect when
used within a suitable range. SCMs can improve the matrix surrounding recycled coarse
aggregates by refining the pore structure and enhancing the quality of the new ITZ through
secondary hydration products. This is particularly relevant because the ITZ around CRA
is usually more porous and mechanically weaker than that around natural aggregate [79].
However, the model also suggests that excessive SCM contents do not necessarily improve
FS28, especially when cement content is reduced to levels that limit CH production. In this
situation, the positive effects of SCMs on the CRA-paste interface may be reduced, and
the mixture may become more sensitive to water demand and incomplete reaction. These
trends agree with the idea that SCMs can contribute to RAC performance, but only when
the binder system maintains a balanced chemical and physical composition [79].

Finally, Figure 20 presents the interaction between SCM content and SP dosage. The
PDP suggests that the highest predicted FS28 values occur when SCM content remains
within a controlled range and SP dosage is sufficient to improve particle dispersion without
causing adverse effects. SCMs can alter both the rheology and the hydration environment of
concrete. For example, fine and angular SCM particles may increase water demand, whereas
spherical particles such as fly ash can improve flowability by reducing interparticle friction.
In this context, SP can help maintain workability at low WBs and improve dispersion of
cementitious particles. Nevertheless, the model indicates that high SCM contents combined
with inappropriate SP dosages may not lead to additional strength gains. This behavior
may be related to cement-superplasticizer compatibility, SCM fineness, particle packing,
and the availability of CH for secondary reactions [9,17,24-43]. Therefore, the SCM-SP
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interaction reinforces the need for a balanced design approach in which workability, binder
reactivity, water demand, and recycled aggregate content are optimized simultaneously.

e 4.8

4.6

wa FS28 a6

a2 4.4
4.2

CRA

FS28

Figure 20. 3D PDP analyzing interactions between SCM and SP, influencing FS28.

Overall, the PDP analysis indicates that FS28 in RAC-SCM mixtures is governed by
coupled interactions rather than by isolated mixture variables. Cement content and WB
strongly influence the predicted response because they control hydration potential, matrix
porosity, and binder efficiency. FRA and CRA generally reduce predicted FS28 because of
their higher porosity, water absorption, and weaker interfacial characteristics, although
their effect can be moderated by suitable binder design and water management. SCMs may
improve predicted FS28 through filler effects, pozzolanic or latent hydraulic reactions, and
ITZ refinement, but their effectiveness depends on cement content, CH availability, WB,
and SP dosage. These model-based trends support the need for performance-based mixture
optimization when designing sustainable concretes incorporating recycled aggregates and
supplementary cementitious materials.

3.4. Variable Importance Analysis

Figure 21 presents the Variable Importance Plot (VIP) obtained from the trained
XGBoost model for FS28 prediction. The VIP assigns an importance score to each input
variable according to its relative contribution to the predictive structure of the model.
Therefore, the ranking should be interpreted as a model-based measure of influence rather
than as direct experimental causality. Nevertheless, when combined with the PDP results
discussed in Section 3.3, the VIP provides useful insight into the variables that most strongly
govern the predicted flexural response of RAC-SCM mixtures.
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Figure 21. Variable importance ranking of the input variables used by the XGBoost model for FS28
prediction.

The VIP ranking should also be interpreted with caution because importance scores
may be affected by correlations among input variables, interactions between mixture
parameters, and the internal structure of the tree ensemble. For this reason, the VIP results
were not interpreted independently, but together with the combined-effect PDPs and the
corresponding material-based mechanisms.

The most influential variable was the equivalent reactivity modulus (RM), indicating
that the chemical nature of the binder system played a central role in the prediction of FS28.
This result is consistent with the purpose of incorporating reactivity-related indices into the
model: RM captures the potential contribution of hydraulic and self-cementing constituents
within the binder. Binders with relatively high RM values, such as Portland cement, ground
granulated blast-furnace slag, and type F fly ash, can contribute to strength development
through hydration or secondary reactions, depending on their chemical composition and
interaction with the remaining mixture constituents. This finding confirms that the model
did not rely only on SCM dosage, but also on the chemical reactivity of the binder system.

The second most influential variable was the water-to-binder ratio (WB), followed by
fine natural aggregate (FNA) and cement content (C). The importance of WB is technically
consistent with its direct influence on matrix porosity, hydration efficiency, and compactness.
Lower WB values generally reduce capillary porosity and improve mechanical performance,
provided that sufficient water remains available for binder hydration and that the mixture
maintains adequate workability [80]. The relevance of cement content also agrees with
the PDP analysis, where cement was shown to strongly affect FS28 by controlling the
production of primary hydration products and the availability of CH for subsequent
SCM reactions.

Variables with lower relative importance included silica fume (SF) and fine recycled
aggregate (FRA). In the case of FRA, this lower ranking does not imply that its effect is
negligible; rather, it suggests that its influence may be more interaction-dependent and
partially captured through related variables such as WB, aggregate contents, and binder
descriptors. FRA is known to increase water demand because of its high specific surface
area and capillary retention, which may reduce workability and limit the effective water
available for cement hydration [76]. For SF, the lower importance score may be associated
with its separate treatment in the database and with its dominant role as a very fine, silica-
rich material. SCMs with high SiO, content, such as SF and rice husk ash, may act strongly
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through filler and particle-packing effects, while their pozzolanic contribution depends on
CH availability, curing conditions, and replacement level [60].

Overall, the VIP results reinforce the main findings from the PDP analysis. The
prediction of FS28 in RAC-SCM mixtures is governed primarily by binder chemistry,
represented by RM, and by water management, represented by WB. Aggregate-related
variables and cement content also contribute to the model response, but their influence
depends on their interaction with binder composition and admixture dosage. These
findings support the use of chemically informed descriptors in machine learning models for
sustainable concrete, particularly when the objective is to predict mechanical performance
across mixtures containing different SCMs and recycled aggregate contents.

4. Discussion
4.1. Predictive Reliability and External Validation

The results obtained in this study confirm the suitability of XGBoost for predicting the
28-day flexural strength (FS28) of recycled aggregate concrete incorporating supplementary
cementitious materials. The model achieved high predictive performance in the training
dataset and maintained acceptable generalization capacity in the testing and independent
experimental validation datasets. The reduction in R? from training to testing and experi-
mental validation is expected, since the latter datasets contain observations not used during
model fitting and therefore provide a more demanding evaluation of the model response.

Although the experimental validation dataset produced a lower R? than the training
and testing subsets, the absolute error values remained low. This distinction is important
because R is sensitive to the spread of the response variable, whereas MAE and RMSE
directly quantify prediction errors in MPa. Therefore, the combination of low MAE and
RMSE values with a moderate experimental R? indicates that the model preserved useful
predictive capacity when applied to independently produced mixtures. This is particularly
relevant because these mixtures included different SCM systems and CRA replacement
levels, which were not simply repetitions of the literature-based training data.

The NMBE values were negative for the training, testing, and experimental datasets,
indicating a slight tendency toward overprediction. However, the magnitude of the bias
remained low, suggesting that the model did not exhibit severe systematic deviation. From
a practical standpoint, this level of bias is acceptable for preliminary mixture screening,
provided that final structural applications are still supported by experimental verification.
These findings indicate that XGBoost can be used as a reliable decision-support tool for
reducing the number of trial batches required during RAC-SCM mixture development,
rather than as a complete replacement for laboratory testing [67,68].

4.2. Binder Reactivity and Water Management as Key Drivers of FS28

The variable importance analysis identified the equivalent reactivity modulus (RM)
as the most influential descriptor for FS28 prediction. This result highlights the impor-
tance of incorporating chemically informed variables into machine learning models for
sustainable concrete. In contrast to simple SCM dosage, RM captures information related
to the oxide composition and potential hydraulic or self-cementing contribution of the
binder system [60]. Therefore, its high importance suggests that flexural strength is not
governed only by how much cement or SCM is used, but also by the chemical nature of the
cementitious constituents.

This finding is consistent with the PDP analysis, which showed that cement content
and SCM content must be balanced to achieve higher predicted FS528 values. Portland
cement hydration produces primary C-5-H and CH, while reactive SCMs may consume
part of the available CH to form secondary cementitious products [71,72,81]. However, the
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beneficial effect of SCMs depends on their reactivity, replacement level, and the availability
of CH. When cement content is too low or SCM replacement is excessive, the pozzolanic
contribution may be limited, and part of the SCM may behave mainly as a filler or as an
additional water-demanding constituent. This explains why the model did not associate
higher SCM contents with uniformly higher FS28 values.

The effect of each SCM type should therefore be interpreted according to its chemical
and physical characteristics. Silica fume, with its very high SiO, content and fine particle
size, may contribute through microfiller action, improved packing density, and pozzolanic
consumption of CH, which can densify the paste and improve the ITZ around recycled
aggregates. Metakaolin, as a highly reactive aluminosilicate, can promote the formation
of additional C-S-H and calcium aluminosilicate hydrates, but its angular morphology
and high surface area may also increase water demand. Fly ash may improve particle
dispersion and workability because of its spherical morphology, although its pozzolanic
contribution is generally more dependent on curing and available CH. GGBFS, with a more
balanced CaO-5iO,—-Al,O3 composition, can contribute through latent hydraulic reactions
and matrix refinement. These differences explain why SCM effects on FS28 cannot be
interpreted only from replacement percentage, but must also consider oxide composition,
fineness, morphology, water demand, and interaction with recycled aggregates.

The water-to-binder ratio (WB), identified as the second most important variable, also
plays a central role in the predicted flexural response. WB controls the balance between
hydration, workability, and capillary porosity. Lower WB values generally favor matrix
densification and strength development, but excessively low values may limit hydration
or reduce workability, particularly in mixtures containing recycled aggregates with high
absorption capacity [80,82]. Conversely, higher WB values improve flowability but may
increase capillary porosity and weaken the hardened matrix. The PDPs involving WB
confirm that an adequate water balance is required to activate the binder system while
preserving matrix compactness.

The interaction between SCMs, WB, and SP further indicates that binder efficiency is
controlled by both chemical and physical mechanisms. SCMs may improve packing density,
refine pore structure, and promote secondary hydration products, but these effects depend
on adequate dispersion and water availability [77,78]. SP helps maintain workability at
reduced WB values, but excessive dosages may not produce further strength gains and
can negatively affect the fresh or hardened state. Consequently, the model reinforces the
need to design RAC-SCM mixtures through a balanced approach that considers binder
chemistry, water management, and admixture dosage simultaneously.

4.3. Influence of Recycled Aggregates and SCM Interactions

The PDPs involving FRA and CRA confirm that recycled aggregate incorporation
generally reduces predicted FS28, although the magnitude of this reduction depends on the
surrounding mixture design. This trend agrees with the known characteristics of recycled
aggregates, including adhered mortar, higher porosity, greater water absorption, and
weaker interfacial transition zones compared with natural aggregates. These characteristics
may reduce stress transfer efficiency and increase matrix heterogeneity, which is particularly
relevant under flexural loading.

The model response suggested different behavior for FRA and CRA. FRA tends to
increase water demand because of its larger specific surface area and capillary retention,
which can reduce the effective water available for cement hydration and compromise
workability [76]. CRA, in contrast, may show a less abrupt effect at low replacement
levels, partly because absorbed water can contribute to internal curing under certain
conditions. However, at higher CRA contents, the increased volume of old mortar and
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weaker ITZ becomes more detrimental to flexural strength [73-75]. These trends indicate
that recycled aggregate effects should not be interpreted only in terms of replacement
percentage, but also in terms of particle size, absorption, surface texture, and interaction
with the cementitious matrix.

The interaction between SCMs and recycled aggregates is one of the most relevant
outcomes of the model interpretation. Suitable SCM incorporation may partially mitigate
the negative effects of recycled aggregates by refining the pore structure, improving paste
compactness, and enhancing the quality of the ITZ through secondary hydration products.
This effect is especially important in CRA-containing mixtures, where the new ITZ around
the recycled aggregate is often a critical weakness. However, the model also indicates
that SCM incorporation is not universally beneficial. If SCM dosage is excessive or the
binder system lacks sufficient CH or water availability, the expected densification effect
may be reduced.

Therefore, the combined interpretation of PDP and VIP results suggests that the per-
formance of RAC-SCM mixtures depends on a coupled balance among recycled aggregate
content, binder reactivity, WB, and SP dosage. Recycled aggregates introduce physical
weaknesses related to porosity and ITZ quality, while SCMs can contribute to matrix refine-
ment only when the binder chemistry and water balance are adequate. This supports the
use of performance-based mixture design instead of fixed prescriptive limits for recycled
aggregate replacement [79].

From a threshold-oriented perspective, the model suggests that FS28 is more likely to
fall below a practical reference value of 4.5 MPa when CRA replacement approaches the
upper level considered in the experimental program, particularly around 40%, and when
this condition is combined with high SCM replacement or reduced cement content. In
contrast, mixtures with low-to-moderate CRA contents, approximately up to 20-26%, and
balanced binder compositions with moderate SCM replacement are generally predicted to
remain above this reference value. This indicates that the critical response is not controlled
by CRA replacement alone, but by its interaction with binder composition. Therefore, high
CRA contents should be combined with a sufficiently reactive and well-balanced binder
system to reduce the risk of FS28 falling below structurally relevant levels.

Overall, these findings provide three complementary contributions. From the per-
spective of sustainable construction, the model supports the use of recycled aggregates
and SCMs by identifying mixture regions where flexural performance can be preserved.
From the perspective of concrete science, the results show that FS28 in RAC-SCM mixtures
is not controlled by recycled aggregate content or SCM dosage alone, but by coupled
effects involving binder reactivity, water-to-binder ratio, aggregate composition, and ad-
mixture dosage. From the perspective of applied concrete production, the framework
can support preliminary mixture screening by identifying promising combinations of
CRA content, SCM replacement, WB, and SP dosage before extensive trial batching and
experimental qualification.

4.4. Practical Implications and Limitations

From an engineering perspective, the proposed XGBoost framework provides a practi-
cal tool for preliminary mixture optimization of sustainable concretes containing recycled
aggregates and SCMs. The model can help identify promising combinations of binder
composition, recycled aggregate content, WB, and SP dosage before conducting extensive
experimental campaigns. This is particularly useful for applications where flexural per-
formance is critical, such as pavements, slabs, precast elements, and other components
subjected to bending.
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The inclusion of RM, SM, and AM as input descriptors represents an important ad-
vantage because it allows the model to account for binder chemistry rather than relying
only on mass replacement percentages. This is relevant for sustainable concrete design,
where different SCMs may produce similar replacement levels but very different mechan-
ical responses due to differences in oxide composition, fineness, and reactivity. In this
sense, chemically informed machine learning models may provide more transferable pre-
dictions across different material systems than models based only on conventional mixture
proportions [20,22,23].

Despite these advantages, several limitations should be acknowledged. First, the
model was trained using a literature-based database, and therefore its accuracy depends on
the quality, consistency, and completeness of the reported experimental data. Differences
in aggregate source, recycled aggregate processing, curing conditions, specimen geom-
etry, and testing procedures may introduce variability that is not fully captured by the
available input variables. Second, although the database included both FRA and CRA, the
independent experimental validation focused on mixtures containing CRA, which means
that additional experimental validation involving FRA-rich mixtures would strengthen the
model’s applicability. Third, the present study focused on FS28; therefore, the model should
not be directly extrapolated to durability-related properties such as chloride penetration,
carbonation, shrinkage, or long-term deformation without additional data.

In addition, specific recycled aggregate properties such as water absorption capacity,
particle density, adhered old mortar content, and aggregate processing history were not
included as independent input variables because they were not consistently reported across
the literature sources used to build the database. These properties are known to affect water
demand, ITZ quality, porosity, and stress transfer in RAC mixtures. Therefore, part of their
influence may only be indirectly captured through mixture-level variables such as CRA,
FRA, WB, aggregate contents, and binder descriptors. This limitation should be considered
when applying the model to recycled aggregates with properties that differ substantially
from those represented in the compiled database.

Another limitation is that the independent experimental validation program was
conducted at a fixed water-to-binder ratio of 0.36. This choice was adopted to isolate
the effects of SCM type, SCM replacement level, CRA content, and SP dosage within
a controlled experimental matrix. However, because the variable importance analysis
identified WB as the second most influential input variable, the external validation only
assesses the model response at one point along this highly sensitive design axis. Therefore,
although the literature-based training and testing datasets include mixtures with different
WB values, additional experimental validation covering a broader WB range would be
necessary to further confirm the model’s predictive reliability across different water-to-
binder conditions.

Future research should expand the database with additional SCMs, recycled aggregate
sources, curing regimes, and durability indicators. Incorporating microstructural descrip-
tors, aggregate absorption kinetics, and rheological parameters may also improve the phys-
ical interpretability of the model. Moreover, adaptive or transfer-learning approaches could
help recalibrate predictive models for local materials and production conditions. Overall,
the proposed framework should be viewed as a decision-support tool that complements
experimental testing and contributes to more efficient, sustainable, and performance-based
concrete mixture design.

5. Conclusions

This study developed and externally validated an XGBoost-based framework for
predicting the 28-day flexural strength (FS28) of recycled aggregate concrete incorporating
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supplementary cementitious materials. The model was trained and tested using a refined
literature-based database of 382 mixtures and was independently validated with 58 RAC-
SCM mixtures produced experimentally. From the present study, the following conclusions
can be drawn:

1.  The model showed adequate predictive performance across the evaluated datasets.
XGBoost achieved R? values of 91.61%, 80.75%, and 77.62% for the training, testing,
and independent experimental validation datasets, respectively, with corresponding
RMSE values of 0.559, 0.835, and 0.364 MPa. Although the external validation dataset
produced a lower R? than the training and testing subsets, the absolute prediction
error remained limited, indicating that the model retained useful predictive capacity
for independently produced mixtures within the range investigated.

2. The interpretability analysis indicated that FS28 was mainly governed by coupled
effects between binder chemistry, water management, and recycled aggregate incor-
poration. The equivalent reactivity modulus (RM) and water-to-binder ratio (WB)
were the most influential variables, suggesting that chemically informed descriptors
can improve the interpretation of machine-learning models for RAC-SCM mixtures.
The retained PDPs further indicated that higher predicted FS28 values are associated
with balanced combinations of cement content, SCM replacement, CRA content, WB,
and SP dosage, rather than with isolated changes in a single mixture variable.

3. From a practical perspective, the proposed framework may support preliminary mix-
ture screening for RAC-SCM concretes, particularly in applications where flexural
performance is relevant, such as pavements, slabs, and precast elements. In concrete
plants, it may help narrow the range of feasible mixture combinations before trial
batching. In concrete plants, it may help narrow the range of feasible mixture com-
binations before trial batching. At construction sites, it may support the selection of
previously qualified RAC-SCM mixtures for flexural-demanding applications. For
design organizations, it may provide early-stage quantitative guidance for comparing
alternative binder—aggregate combinations. However, the framework should be used
as a decision-support tool and not as a substitute for experimental verification, quality
control, code-based requirements, or final mixture qualification.

As a final remark, future research prospects, the database should be expanded with
additional recycled aggregate sources, SCM types, curing regimes, durability-related prop-
erties, and long-term mechanical performance data. Future experimental validation should
also include a wider range of water-to-binder ratios, since WB was identified as one
of the most influential variables in the predictive model. These developments would
strengthen the reliability, transferability, and practical implementation of data-driven tools
in concrete technology.
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The following abbreviations are used in this manuscript:

Al Artificial intelligence

AM Alumina modulus

ASTM American Society for Testing and Materials
CCD Central composite design
CH Calcium hydroxide

CNA Coarse natural aggregate
CRA Coarse recycled aggregate
C-S-H Calcium silicate hydrate

FA Fly ash

FNA Fine natural aggregate

FRA Fine recycled aggregate
FS28 28-day flexural strength
GGBFS Ground granulated blast-furnace slag
ITZ Interfacial transition zone
MAE Mean absolute error

MBE Mean bias error

MK Metakaolin

ML Machine learning

MSA Maximum aggregate size
NA Natural aggregate

NMBE Normalized mean bias error
OorC Ordinary Portland cement
PDP Partial dependence plot

SP Superplasticizer

PSD Particle size distribution

R? Coefficient of determination
RAC Recycled aggregate concrete
RCA Recycled concrete aggregate
RM Reactivity modulus

RMSE Root mean squared error
SCM Supplementary cementitious material
SF Silica fume

SM Silica modulus

SSD Saturated surface-dry

VIP Variable importance plot
WB Water-to-binder ratio
XGBoost  eXtreme Gradient Boosting
XRD X-ray diffraction

XRF X-ray fluorescence
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Appendix A

Table Al. Complete experimental mixture proportions and equivalent binder reactivity indices.

Notation Cement SF SCM RM SM AM FNA FRA CNA CRA Water SP MSA WB
Control 550 0 0 3.475 2607 1.075 800 0 833 0 198 450 1250 0.36
NSCM 550 0 0 3475 2607 1.075 800 0 716 117 198 450 1250 0.36

MK-1 528 0 22 3367 2553 2564 800 0 617 216 198 400 1250 0.36
MK-2 462 0 88 3.046 2391 7.031 800 0 617 216 198 400 1250 0.36
MK-3 528 0 22 3367 2553 2564 800 0 716 117 198 500 1250 0.36
MK-4 462 0 88 3.046 2391 7.031 800 0 716 117 198 500 1250 0.36
MK-5 528 0 22 3367 2553 2564 800 0 617 216 198 500 1250 0.36
MK-6 462 0 88 3.046 2391 7.031 800 0 617 216 198 500 1250 0.36
MK-7 440 0 110 2939 2337 8520 800 0 666 167 198 450 1250 0.36
MK-8 495 0 55 3.207 2472 4797 800 0 833 0 198 450 1250 0.36
MK-9 495 0 55 3207 2472 4797 800 0 500 333 198 450 1250 0.36
MK-10 495 0 55 3207 2472 4797 800 0 666 167 198 3.66 1250 0.36
MK-11 495 0 55 3207 2472 4797 800 0 666 167 198 534 1250 0.36
MK-12 495 0 55 3207 2472 4797 800 0 666 167 198 450 1250 0.36
MK-13 528 0 22 3367 2553 2564 800 0 716 117 198 400 1250 0.36
MK-14 462 0 88 3.046 2391 7.031 800 0 716 117 198 400 1250 0.36
FA-1 528 0 22 3358 2563 1.122 800 0 617 216 198 400 1250 0.36
FA-2 462 0 88 3.010 2432 1263 800 0 617 216 198 400 1250 0.36
FA-3 528 0 22 3358 2563 1.122 800 0 716 117 198 400 1250 0.36
FA-4 462 0 88 3.010 2432 1263 800 0 716 117 198 400 1250 0.36
FA-5 528 0 22 3358 2563 1.122 800 0 617 216 198 500 1250 0.36
FA-6 462 0 88 3.010 2432 1263 800 0 617 216 198 500 1250 0.36
FA-7 528 0 22 3.358 2563 1.122 800 0 666 167 198 500 1250 0.36
FA-8 462 0 88 3.010 2432 1263 800 0 833 0 198 500 1250 0.36
FA-9 440 0 110 2893 2388 1310 800 0 500 333 198 450 1250 0.36
FA-10 495 0 55 3.184 2497 1.193 800 0 666 167 198 450 1250 0.36
FA-11 495 0 55 3.184 2497 1.193 800 0 666 167 198 450 1250 0.36
FA-12 495 0 55 3.184 2497 1193 800 0 666 167 198 3.66 1250 0.36
FA-13 495 0 55 3.184 2497 1.193 800 0 716 117 198 534 1250 0.36
FA-14 495 0 55 3.184 2497 1.193 800 0 716 117 198 450 1250 0.36

GGBFS-1 528 0 22 3399 2573 1.152 800 0 716 117 198 400 1250 0.36

GGBFS-2 462 0 88 3170 2472 1385 800 0 716 117 198 400 1250 0.36

GGBFS-3 528 0 22 3399 2573 1.152 800 0 617 216 198 400 1250 0.36

GGBFS-4 462 0 88 3170 2472 1385 800 0 617 216 198 400 1250 0.36

GGBFS-5 528 0 22 3399 2573 1.152 800 0 716 117 198 500 1250 0.36

GGBFS-6 462 0 88 3170 2472 1385 800 0 716 117 198 500 1250 0.36

GGBFS-7 528 0 22 3399 2573 1.152 800 0 617 216 198 500 1250 0.36

GGBFS-8 462 0 88 3170 2472 1385 800 0 617 216 198 500 1250 0.36
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Table Al. Cont.

Notation Cement SF SCM RM SM AM FNA FRA CNA CRA Water SP MSA WB

GGBFS-9 440 0 110 3.094 2438 1.462 800 0 666 167 198 450 1250 0.36
GGBFS-10 495 0 55 3284 2523 1.269 800 0 833 0 198 450 1250 0.36
GGBFS-11 495 0 55 3284 2523  1.269 800 0 500 333 198 450 1250 0.36
GGBFS-12 495 0 55 3284 2523 1.269 800 0 666 167 198 3.66 1250 0.36
GGBFS-13 495 0 55 3284 2523  1.269 800 0 666 167 198 534 1250 0.36
GGBFS-14 495 0 55 3284 2523  1.269 800 0 666 167 198 450 1250 0.36
SF-1 528 22 0 3.338 6950 1.130 800 0 716 117 198 4.00 1250 0.36
SF-2 462 88 0 2927 19981 1.296 800 0 716 117 198 4.00 1250 0.36
SF-3 528 22 0 3338 6950 1.130 800 0 617 216 198 4.00 1250 0.36
SF-4 462 88 0 2927 19981 1.296 800 0 617 216 198 4.00 1250 0.36
SF-5 528 22 0 3.338 6950 1.130 800 0 716 117 198 5.00 1250 0.36
SF-6 462 88 0 2.927 19.981 1.296 800 0 716 117 198 5.00 1250 0.36
SF-7 528 22 0 3.338 6950 1.130 800 0 617 216 198 5.00 1250 0.36
SF-8 462 88 0 2927 19981 1.296 800 0 617 216 198 5.00 1250 0.36
SF-9 440 110 0 2.790 24324 1.352 800 0 666 167 198 450 1250 0.36
SF-10 495 55 0 3.132 13466 1.213 800 0 833 0 198 450 1250 0.36
SF-11 495 55 0 3.132 13466 1.213 800 0 500 333 198 450 1250 0.36
SF-12 495 55 0 3.132 13466 1.213 800 0 666 167 198 3.66 1250 0.36
SF-13 495 55 0 3.132 13466 1.213 800 0 666 167 198 534 1250 0.36
SF-14 495 55 0 3.132 13466 1.213 800 0 666 167 198 450 1250 0.36
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