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This study investigates the mechanical performance of manufactured sand-based
high-performance concrete (MSHPC) incorporating supplementary cementitious
materials through an integrated experimental and data-driven approach. A total of
180 concrete mixes were prepared by varying manufactured sand replacement
(0-100%), mineral admixture type and dosage (fly ash, silica fume, and metakaolin
at 0-30%), and water-binder ratio (0.30-0.40). The results indicate that the
optimal mix consisting of 60% manufactured sand and 10% metakaolin at a W/B
ratio of 0.30 achieved the highest performance, at 28days compressive strength
increasing from 68.79 MPa to 91.72MPa, (33.33% improvement), along with
significant enhancements in split tensile and flexural strengths. The improved
performance is attributed to enhanced particle packing, pore refinement, and
interfacial transition zone densification. Mechanical performance decreased with
increasing water-binder ratio, confirming the role of matrix densification in
strength development. To enable predictive modeling, multiple machine learning
models were developed, among which XGBoost demonstrated superior
performance with R? values exceeding 0.99. SHAP-based explainable Al analysis
revealed that curing age (for compressive strength), water-binder ratio, and
manufactured sand content are the dominant governing parameters, while silica
fume and metakaolin exhibited strong positive contributions toward strength
enhancement. The proposed framework provides a data-driven and interpretable
approach for optimizing sustainable high-performance concrete, reducing
dependence on natural sand, and enabling efficient utilization of industrial by-
products.

© 2026 MIM Research Group. All rights reserved.

1. Introduction

High-performance concrete (HPC) is an advanced class of cementitious material engineered to
achieve superior mechanical strength, durability and workability, particularly under aggressive
environmental and structural loading conditions. In recent years, the development of HPC has
increasingly emphasized sustainability, driven by the urgent need to reduce the environmental
footprint associated with cement production and natural resource extraction [1, 2] It is estimated
that the manufacture of one metric ton of ordinary Portland cement (OPC) releases approximately
one metric ton of carbon dioxide, making the cement industry a major contributor to global
greenhouse gas emissions [3] In parallel, excessive extraction of river sand for concrete production
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has resulted in severe ecological degradation, including riverbank erosion, groundwater depletion
and loss of aquatic habitats. Satellite-based studies across major river basins have reported a
substantial increase in sand mining activities, highlighting the urgent need for alternative fine
aggregates [4].

The incorporation of manufactured sand (M-sand) as a replacement for natural river sand has
emerged as a viable and sustainable alternative for concrete production. Owing to its controlled
particle size distribution, angular morphology and lower impurity content, M-sand enhances
particle packing, reduces void content and improves interfacial transition zone (ITZ)
characteristics, thereby contributing to improved mechanical performance and durability of HPC
[5-8]. However, the mechanical behavior of M-sand-based concrete is strongly influenced by its
interaction with supplementary cementitious materials (SCMs) and the W/B ratio, necessitating
systematic optimization of mix proportions.

Mineral admixtures such as fly ash (FA), silica fume (SF), and metakaolin (MK) are widely used as
partial replacements for cement to enhance both performance and sustainability. These pozzolanic
materials refine the pore structure, promote the formation of calcium silicate hydrate (C-S-H) and
calcium-aluminosilicate hydrate (C-A-S-H) gels, and densify the cement matrix, resulting in
improved compressive, tensile, and flexural strength, as well as enhanced long-term durability [9-
14] Binary and ternary blended systems incorporating OPC with SCMs significantly reduce
permeability and improve resistance to chemical and mechanical degradation. Among these
materials, metakaolin exhibits superior pozzolanic reactivity and micro-filler effects, particularly
in high-performance and high-strength concrete systems [15-19].

Despite the growing body of research on HPC incorporating SCMs and M-sand, most studies rely on
empirical or regression-based approaches, which are often inadequate for capturing the complex
nonlinear interactions among material composition, curing conditions and mechanical
performance. Recently, data science and ML techniques have gained considerable attention in civil
engineering for their ability to model nonlinear relationships and provide accurate prediction of
concrete strength and durability characteristics [20-25]. Ensemble-based models such as Random
Forest (RF), Gradient Boosting (GB) and Extreme XGBoost have demonstrated superior predictive
capability compared to conventional regression and artificial neural network (ANN) models in
modeling sustainable and high-performance concretes [26-38]. However, several critical gaps
remain. Most previous studies focus primarily on predicting compressive strength, while limited
attention has been given to the simultaneous prediction of compressive, split tensile and flexural
strengths within a unified framework. Moreover, existing investigations rarely integrate
explainable artificial intelligence (XAI) to establish a physics-consistent interpretation of model
predictions. In particular, the combined influence of curing kinetics, water-binder ratio, mineral
admixture chemistry, and M-sand replacement on strength evolution has not been systematically
quantified. This gap is addressed in the present study using SHAP-based feature attribution.
Furthermore, the role of M-sand in optimizing multi-source high-performance concrete has not
been explored through an integrated ML-driven optimization and interpretability framework.

Unlike conventional studies that primarily focus on empirical prediction or algorithmic
comparison, the present work provides an experimental and explainable machine learning
framework to interpret the microstructure-strength relationship in manufactured sand high-
performance concrete. The study reveals a packing-density-controlled strength threshold
associated with manufactured sand replacement. It establishes the role of binder chemistry and
pozzolanic reactions in governing matrix densification and ITZ refinement. In addition, explainable
machine learning is used to quantify the combined influence of curing kinetics, water-binder ratio,
mineral admixture chemistry, and aggregate morphology on strength evolution. This combined
experimental and data-driven approach with interpretable insights provides deeper material
understanding while enabling reliable prediction and optimization of multi-property performance
in sustainable high-performance concrete. Accordingly, a comprehensive experimental and
machine learning framework is developed to investigate and optimize the mechanical performance
of MSHPC. A large experimental dataset is generated by systematically varying manufactured sand
replacement level, SCM type and dosage, water-binder ratio, and curing age. Multiple machine
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learning models, including Artificial Neural Network (ANN), Random Forest (RF), Adaptive
Boosting (AdaBoost), Gradient Boosting (GB), and Extreme Gradient Boosting (XGBoost), are
trained and evaluated in terms of predictive accuracy, robustness, and generalization.
Furthermore, SHapley Additive exPlanations (SHAP)-based explainable Al is employed to quantify
feature influence and establish a data-driven linkage governing strength evolution. The proposed
framework enables comprehensive prediction framework for multiple properties and
interpretation of compressive, split tensile, and flexural strengths, providing a reliable and
interpretable tool for sustainable concrete mix optimization while reducing experimental effort
and supporting environmentally responsible construction practices.

2. Experimental Program
2.1 Materials Used

Ordinary Portland Cement (OPC) of 43 grade, conforming to IS 8112:1989, was used as the primary
binder in all concrete mixes. The supplementary cementitious materials (SCMs) employed in this
study included fly ash (FA), silica fume (SF), and metakaolin (MK). Fly ash was procured from a
local thermal power plant and complied with the requirements of IS 3812 (Part 1) for use as a
pozzolanic material in concrete. Silica fume was obtained from a commercial supplier and
conformed to ASTM (C1240, while metakaolin was sourced from a certified manufacturer and
complies with the requirements of ASTM C618 (Class N) for natural pozzolanic materials, ensuring
its suitability for use in high-performance concrete applications. The physical and chemical
properties of the cement and SCMs are presented in Table 1. The material properties reported in
Table 1 are based on supplier-provided test certificates and standard characterization data
corresponding to the specific batches used in this study. Fig. 1 presents the raw materials used in
the experimental program, including OPC, coarse aggregate, natural sand, manufactured sand, fly
ash, silica fume, metakaolin, and the high-range water-reducing admixture (superplasticizer SP-
430). These materials were selected to ensure uniformity in mix preparation and to achieve the
required workability, strength, and durability characteristics of the concrete. Natural river sand
was used as the reference fine aggregate, while manufactured sand (M-sand) obtained from a
nearby quarry-crushing facility served as the alternative fine aggregate. Both fine aggregates were
tested and classified in accordance with IS 383:2016, and their physical properties, including
specific gravity, fineness modulus, bulk density, and grading zone, are presented in Table 2.
Crushed granite coarse aggregate with a nominal maximum size of 20 mm was used in all mixes
and conformed to the specifications of IS 383:2016.

Table 1. Physical and chemical properties of cementitious materials

Metakaolin Silica Fume
Property Cement Fly Ash (FA) (MK) (SF)
Specific gravity 3.08 2.17 2.61 2.21
Mean particle size (um)  8-210 20-25 2.53 1.14
Specificsurfacearea g7 3,988 17,100 22,000
(cm?/g)
Color Grey Tangt:;;ark Ivory to cream Light to dark grey
Chemical Composition (%)
Oxide FA MK SF IS .3812
Requirement
. (SIOZ + A1203 +
Si0, 59.16 62.3 91.40 Fe,05) > 70
Al,05 30.64 43.18 1.30 —
Fe,0; 4.70 0.60 1.00 —
CaO 2.85 1.06 1.60 —
MgO 0.36 0.61 0.90 <5.0
Loss on ignition 0.21 0.70 2.70 <6.0
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Potable water, free from deleterious substances, was used for mixing and curing of all specimens.
A high-range water-reducing admixture (superplasticizer) based on sulfonated naphthalene
formaldehyde (SNF), commercially designated as SP-430, was incorporated to achieve the required
workability at low water-binder ratios. The dosage of the superplasticizer was maintained at 0.8%
by weight of the total binder content for all concrete mixes.

Table 2. Physical properties of fine and coarse aggregates

Manufactured Sand (M-

Property Natural Sand sand) Coarse Aggregate
Specific gravity 2.50 2.56 2.70
Fineness modulus 2.76 2.87 6.71
Bulk density (kN/m?)
- Loose 14.70 15.12 13.29
- Compacted 16.18 16.58 15.12
Grading zone Zone Il Zone Il —

Fig. 1. Raw materials used in the experimental program

2.2 Mix Proportioning

In this experiment, mix proportions were assessed using an absolute volume approach. Ingredients
were measured by volume and then converted to weight to ensure a uniform mixture. All
ingredients were dry-mixed initially, with mineral admixtures in this phase. Water and a
superplasticizer were then introduced to achieve a homogeneous concrete mix. The Aggregate
binder ratio was kept constant i.e. (A/B=2) for all mixes. OPC was partially replaced by SCMs, MK,
FA and SF, at replacement levels of 0%, 10%, 20% and 30% by mass of the total binder. Three W/B
ratios (0.30, 0.35 and 0.40) were selected to evaluate the influence of water content on workability
and mechanical performance under high-performance concrete conditions. Natural river sand was
replaced with M-sand at proportions of 0%, 20%, 40%, 60%, 80% and 100% by mass of fine
aggregate. To achieve the desired workability at low W/B ratios, a high-range water-reducing
admixture (superplasticizer, SP-430) was incorporated at a constant dosage of 0.8% by weight of
the total binder content. A total of 360 distinct concrete mixes were prepared by systematically
combining the levels of SCM replacement, W/B ratio, and M-sand substitution.

The first letter in the mix designation indicates a percentage of manufactured sand, i.e. MO and M20,
M40, M60, M80 and M100 indicating that 0%,20%,40%,60%,80% and 100% of manufactured sand.
The second letter indicates the percentage of mineral admixtures like MAO indicating that without
mineral admixtures and F10, F20 and F30 indicate that fly ash content is 10%, 20%, and 30%, S10,
S20 and S30 indicate that Silica fume content is 10%, 20%, and 30% and M10, M20 and M30
indicate that Metakaolin content is 10%, 20%, and 30%. The last alphabet indicates water binder
ratios, i.e. A=0.30, B=0.35, C=0.40, for example MOMAOA indicates a plain high-performance
concrete mix 0% of M-Sand i.e. 100% natural sand and 0% mineral admixture i.e. 100% cement for
0.3 W/B. The nomenclature and compositions of various mixes are detailed in Table 3, maintaining
consistent design principles across different W/B ratios to ensure a comprehensive assessment.
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With absolute volume method quantity of materials for plain mix ie. MOMAOA,
cement=719.88kg/m3, natural-sand =575.90kg/m3, coarse aggregate =863.86kg/m3 with W/B
ratio=0.3, Another mix, i.e.M20M10A cement=676.13kg/m3, metakaolin=75.13kg/m3, natural-
sand=480.80kg/m3, M-Sand=120.20kg/m3, coarse aggregate =901.50kg/m3 with W/B ratio=0.3.
The observed slump values for the plain concrete mixes MOMAOA, MOMAOB, and MOMAOC were 62
mm, 85 mm, and 105 mm, respectively, obtained using a constant superplasticizer dosage of 0.8%
by weight of total binder content.

Table 3 Mix proportions of MSHPC mix for W/B=0.30

N | . . Metakaolin Cement M-Sand  Natural Sand
No Mix Description W/B A/B (%) (%) (%) (%)
1 MOMAOA 0.3 2 0 100 0 100
2 M20MAOA 0.3 2 0 100 20 80
3 M40MAOA 0.3 2 0 100 40 60
4 M60MAOA 0.3 2 0 100 60 40
5 M80OMAOA 0.3 2 0 100 80 20
6 M100MAOA 0.3 2 0 100 100 0
7 MOM10A 0.3 2 10 90 0 100
8 M20M10A 0.3 2 10 90 20 80
9 M40M10A 0.3 2 10 90 40 60
10 M60M10A 0.3 2 10 90 60 40
11 M8OM10A 0.3 2 10 90 80 20
12 M100M10A 0.3 2 10 90 100 0
13 MOM20A 0.3 2 20 80 0 100
14 M20M20A 0.3 2 20 80 20 80
15 M40M20A 0.3 2 20 80 40 60
16 M60M20A 0.3 2 20 80 60 40
17 M8OM20A 0.3 2 20 80 80 20
18 M100M20A 0.3 2 20 80 100 0
19 MOM30A 0.3 2 30 70 0 100
20 M20M30A 0.3 2 30 70 20 80
21 M40M30A 0.3 2 30 70 40 60
22 M60M30A 0.3 2 30 70 60 40
23 M80OM30A 0.3 2 30 70 80 20
24 M100M30A 0.3 2 30 70 100 0

*Similarly designs of constituents are used for other W/B ratios W/B= 0.35 (B) and 0.40 (C) for Metakaolin,
*Remaining designs of constituents are used for other W/B ratios W/B= 0.30 (A), 0.35 (B) and 0.40 (C) Silica
fume and Fly Ash.

2.3 Experimental Methods

Concrete cube specimens of size 100 x 100 x 100 mm were cast to determine compressive strength.
Cylindrical specimens of 150 mm diameter and 300 mm height were prepared to evaluate split
tensile strength, and beam specimens of 500 x 100 x 100 mm were cast to measure flexural
strength. After demolding, all specimens were cured under standard water-curing conditions and
tested at both 7 and 28 days.

All mechanical tests were conducted in accordance with relevant Indian Standard (IS)
specifications. Compressive strength tests were carried out using a 2000 KN compression testing
machine in accordance with IS 516:2018 at a constant loading rate of 14 N/mm?/min. Split tensile
strength tests were conducted using the same 2000 kN compression testing machine as per IS
5816:1999, with a loading rate in the range of 1.2-2.4 N/mm?/min. Flexural strength tests were
also performed using the 1000 kN universal testing machine (UTM) in accordance with IS 516:2018
at a constant loading rate of 0.7 N/mm?/min. For each mix combination, three specimens were
tested, and the reported values represent the average of three measurements. The standard
deviation among replicate specimens was generally less than 2% of the mean values; therefore,
error bars were omitted from the plots for clarity.
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2.4 Experimental Program and Data Preparation

The experimental dataset used in this study was obtained from a systematic laboratory
investigation on MSHPC. The input variables considered for ML modeling included the M-sand
replacement level, type and dosage of mineral admixture (SF, MK and FA), W/B ratio and curing
age. The output variables comprised compressive strength, split tensile strength and flexural
strength. The dataset used in this study was constructed based on experimentally measured values
for each mechanical property. The datasets for compressive strength, split tensile strength, and
flexural strength each consist of 360 data instances corresponding to both 7-day and 28-day curing
periods. Each mechanical property was modeled independently using its corresponding dataset to
ensure accurate prediction of individual strength characteristics. No artificial data generation,
duplication, or imputation was performed, and only experimentally measured values were used for
model development. Prior to model development, statistical analysis of the input features was
conducted to examine data distribution, skewness and inter-feature correlation. Pearson
correlation analysis and variance inflation factor (VIF) were employed to assess potential
multicollinearity among the input variables. Outliers were identified using the interquartile range
(IQR) method and were retained due to their physical relevance in representing extreme but
realistic mix design conditions.

Categorical variables, specifically the type of mineral admixture (FA, SF, MK), were converted into
numerical form using One-Hot Encoding prior to model training. This approach ensures that each
admixture type is represented as an independent binary feature (FA, SF, MK) without imposing any
ordinal relationship between categories. Subsequently, feature scaling was performed using Min-
Max normalization to map all numerical input variables into the [0,1] range, thereby improving
numerical stability and convergence of the learning algorithms. The One-Hot Encoded categorical
variables were not subjected to scaling, as they are already represented in binary form. For model
development and validation, the dataset was randomly divided into training (288 samples, 80%)
and testing (72 samples, 20%) subsets. The training dataset was used for model learning and
hyperparameter optimization, while the testing dataset was exclusively used to evaluate the
generalization capability and predictive performance of the developed models.

2.5 Models Used for ML

In this study, separate machine learning models were developed independently for each
mechanical property, namely compressive strength, split tensile strength, and flexural strength.
Each model was trained using its corresponding dataset to ensure accurate prediction of individual
properties. Therefore, the implemented models follow a single-output regression approach rather
than a multi-output framework. For the Artificial Neural Network (ANN), the output layer consists
of a single neuron corresponding to the respective target variable. To develop a robust and
comparative predictive framework, six ML models were implemented: ANN, Nonlinear Regression
(NLR), RF, Adaptive Boosting (AdaB), GB and XGBoost. These models were selected based on their
demonstrated effectiveness in capturing nonlinear relationships and complex feature interactions
in cementitious and sustainable concrete systems, as reported in recent literature.

2.5.1 Artificial Neural Network

The ANN model was implemented using a multilayer perceptron (MLP) architecture comprising an
input layer, one or more hidden layers, and an output layer. Nonlinear activation functions were
employed in the hidden layers to capture complex interactions among the mix design parameters.
Although ANN models have been widely applied for predicting concrete strength, their
performance is sensitive to network topology, learning rate and training configuration,
necessitating careful hyperparameter tuning to achieve stable and reliable predictions.

2.5.2 Nonlinear Regression

Nonlinear regression was adopted as a baseline model to establish the relationship between the
input variables and the mechanical properties of MSHPC. Polynomial terms and feature interaction
terms were incorporated to improve fitting capability. While computationally efficient and



Basavalingappa et al. / Research on Engineering Structures & Materials x(x) (xxxx) xx-xx

interpretable, NLR exhibits limited capacity to model highly complex and nonlinear feature
interactions when compared with ensemble-based learning methods.

2.5.3 Random Forest

RF is an ensemble learning technique based on the construction of multiple decision trees using
bootstrap sampling and random feature selection. The final prediction is obtained by averaging the
outputs of the individual trees. This approach enhances generalization performance by reducing
variance and mitigating overfitting, making RF well-suited for modeling nonlinear and high-
dimensional relationships in concrete property prediction.

2.5.4 Adaptive Boosting

AdaB is a boosting-based ensemble algorithm that sequentially trains weak learners by assigning
greater weights to previously mis predicted samples. The final prediction is generated through a
weighted aggregation of the individual learners. While AdaB can significantly improve prediction
accuracy, it may exhibit sensitivity to noise and outliers, particularly in experimental datasets with
extreme mix design conditions.

2.5.5 Gradient Boosting

GB constructs predictive models in a stage-wise manner by iteratively minimizing a specified loss
function using gradient descent principles. Each successive model focuses on correcting the
residual errors of the preceding ensemble, enabling effective learning of complex nonlinear
patterns and variable interactions. GB has demonstrated strong performance in modeling
mechanical properties of sustainable and high-performance concretes in recent studies.

2.5.6 Extreme Gradient Boosting

XGBoost is an advanced and optimized implementation of GB that incorporates L1 and L2
regularization, parallel processing and efficient tree pruning strategies. These features improve
computational efficiency, enhance predictive accuracy and reduce the risk of overfitting. Owing to
its robustness and scalability, XGBoost has gained widespread adoption in civil engineering and
materials informatics applications for data-driven performance prediction and optimization.

2.6 Model Training, Hyperparameter Selection and Performance Evaluation

All ML models were trained using the same dataset to ensure a fair and unbiased comparison. To
enhance robustness and minimize sampling bias, a 5-fold cross-validation strategy was employed
during the training phase. The dataset was randomly partitioned into five mutually exclusive
subsets, with four folds used for training and one-fold for validation in each iteration. The reported
performance metrics represent the average values across all folds, thereby ensuring model stability
and reliable generalization capability.

Hyperparameter optimization was performed through iterative, cross-validation-guided tuning,
with the objective of minimizing the root mean squared error on the validation folds. The final
hyperparameter configurations for each model are summarized in Table 4. To ensure
reproducibility, a fixed random state (random_state = 42) was used for dataset splitting, cross-
validation, and model training.

Table 4. Hyperparameter configuration of implemented machine learning models

Model Hyperparameters (exact values)
Hidden layers = 2; Neurons per layer = 20 (20-20), Activation = ReLU; Learning rate

ANN = 0.001; Optimizer = Adam; Epochs = 800
NLR Polynomial degree = 2; Interaction terms = included
RF Number of trees = 200; Max depth = 20; Min samples/leaf = 2
AdaB Estimators = 100; Learning rate = 0.1; Base tree depth = 2
GB Boosting stages = 200; Learning rate = 0.05; Max depth = 4; Subsample = 0.8
XGBoost Trees = 300; Learning rate = 0.05; Max depth = 6; Subsample = 0.8; Col sample = 0.8;

L1=0.0,L2=1.0
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Model performance was evaluated using the coefficient of determination (R%), mean absolute error
(MAE), mean squared error (MSE) and root mean squared error (RMSE) for both training and
testing datasets. This multi-metric evaluation framework ensures a comprehensive assessment of
prediction accuracy, robustness and generalization capability for estimating the mechanical
properties of MSHPC.

Model robustness was further evaluated using prediction interval analysis. The uncertainty
associated with model prediction uncertainty was quantified using a 90% confidence interval
computed through a bootstrapping approach with 1000 resamples. This analysis provides insight
into the reliability of strength predictions for previously unseen mix designs and supports the
practical deployment of the proposed framework in engineering decision-making and concrete mix
optimization.

2.7 Model Explainability and Feature Importance

To enhance the interpretability of the proposed ML framework, feature importance analysis was
conducted using SHAP. This approach quantifies the contribution of each input variable to the
model output by computing marginal contributions across all possible feature coalitions. Global
SHAP summary plots were generated to identify the dominant parameters influencing
compressive, split tensile and flexural strength. To enhance model interpretability, SHAP-based
analysis was employed, including global feature importance, summary plots, and local force plots,
to understand the influence of input variables on predicted mechanical properties. This
explainability framework enhances model transparency and supports engineering interpretation
of the data-driven predictions.

3. Results and Discussion

This section presents the experimental performance of MSHPC and establishes the mechanistic
basis for the subsequent ML modeling and optimization framework. The influence of W/B ratio,
SCM type and dosage and M-sand replacement level on compressive, split tensile and flexural
strength is systematically analyzed.

3.1 Experimental Evaluation of Mechanical Properties
3.1.1 Effect of Water-Binder Ratio (FA vs. SF vs. MK)

The combined influence of the W/B ratio, manufactured sand (M-sand) replacement level, and SCM
type on the 7-day and 28-day compressive strength of MSHPC is illustrated in Fig. 2. Across all six
subplots, a consistent and monotonic reduction in compressive strength is observed as the W/B
ratio increases from 0.30 to 0.40, irrespective of SCM type and M-sand content. This behavior
reflects the fundamental role of water content in governing capillary porosity and paste
densification, wherein higher W/B ratios promote the formation of continuous pore networks that
weaken the load-bearing cementitious matrix.

For FA-based systems (Fig. 2a-b), the strength hierarchy among M-sand replacement levels
remains stable across curing ages, with the 60% M-sand mixes consistently exhibiting the highest
compressive strength. At W/B = 0.30, the enhanced performance is primarily attributed to
improved particle packing and stronger interfacial bonding between the aggregate and paste
phases. The observed increase in strength from 7 to 28 days further reflects the delayed pozzolanic
reaction of fly ash, which gradually consumes calcium hydroxide and contributes to secondary C-
S-H gel formation, thereby densifying the microstructure.

In SF-based mixes (Fig. 2c-d), the compressive strength at early age is comparatively higher than
that of FA systems, particularly at lower W/B ratios. This enhancement is associated with the
ultrafine particle size and high specific surface area of silica fume, which accelerates nucleation of
hydration products and promotes rapid pore refinement. The beneficial role of 60% M-sand
replacement is again evident, indicating a synergistic interaction between optimized fine aggregate
grading and matrix densification.
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Fig. 2. Compressive strength vs W/B Ratio: (a) FA: 7-day CS vs W/B, (b) FA: 28-day CS vs W/B,
(c) SF: 7-day CS vs W/B, (d) SF: 28-day CS vs W/B, (e) MK: 7-day CS vs W/B, and (f) MK: 28-day
CSvs W/B.

The MK-based MSHPC mixes (Fig. 2e-f) exhibit the highest compressive strength across all W/B
ratios and curing ages, underscoring the superior reactivity of metakaolin as a highly pozzolanic
and alumina-rich SCM. The combination of 10% metakaolin substitution and 60% M-sand
replacement at W/B = 0.30 yields the most pronounced strength enhancement. The compressive
strength increased from 68.79 MPa (i.e., MOMAOA) for the control mix to 91.72 MPa for the optimal
mix (i.e, M60M10A), corresponding to a 33.33% improvement for 28 days. This improvement is
attributed to accelerated formation of C-S-H and C-A-S-H gels, along with enhanced matrix
compactness and improved interfacial characteristics, leading to efficient load transfer within the
composite.

The trends in Fig. 2 are consistent with prior studies on sustainable high-performance concretes
incorporating manufactured sand and supplementary cementitious materials. The reduction in
compressive strength with increasing W/B ratio is attributed to increased capillary porosity and
weakened paste-aggregate bonding [39, 40]. The optimal performance at approximately 60% M-
sand replacement agrees with findings by Vardhan et al. [41]. The superior performance of silica
fume and metakaolin-based systems is consistent with their well-known pozzolanic and micro filler
effects [42-44]with similar threshold behavior beyond 10% SCM substitution [45-48].

3.1.2 Effect of SCM Replacement Level

Fig.3 presents the variation in 7-day and 28-day compressive strength of MSHPC as a function of
SCM replacement level at a constant W/B ratio of 0.30. Across all SCM types and M-sand
replacement levels, compressive strength increases as the SCM content rises from 0% to 10%,
followed by a progressive decline at higher substitution levels (20-30%), indicating a distinct
optimum dosage. For FA-based mixes, the initial improvement is attributed to the micro filler effect
and delayed pozzolanic reaction, which enhances particle packing and promotes secondary C-S-H
gel formation at later curing ages. The reduction beyond 10% replacement reflects a dilution effect,
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where reduced clinker content limits early hydration and binder continuity [49, 50]. In SF-based
systems, a more pronounced early-age strength gain is observed due to the ultrafine particle size
and high specific surface area of silica fume, which accelerates hydration nucleation and refines
pore structure. The decline at higher replacement levels is associated with increased water demand
and reduced workability, which may lead to incomplete compaction and microstructural
discontinuities [42-44].
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Fig. 3. Compressive strength Vs. % of mineral admixture (a) 7-days (b) 28-days

The MK-based mixes consistently exhibit the highest compressive strength at both curing ages,
confirming the superior pozzolanic reactivity of metakaolin. The optimal performance at
approximately 10% substitution is attributed to the formation of additional C-S-H and C-A-S-H
phases and improved ITZ quality. At higher replacement levels, insufficient Ca(OH), availability
limits further pozzolanic reaction, resulting in reduced matrix densification reported[44-47]

3.1.3 Effect of Manufactured Sand Replacement Level

Fig. 4 illustrates the influence of M-sand replacement level (0-100%) on the 7-day and 28-day
compressive strength of FA, SF, and MK-based MSHPC mixes at a constant W/B ratio of 0.30. For
all SCM systems, compressive strength increases progressively as the M-sand content rises from
0% to approximately 60%, beyond which a compressive strength gradual decline is observed.

The improvement in strength up to 60% M-sand replacement can be attributed to enhanced
packing efficiency and improved aggregate-paste interaction, resulting in a denser cementitious
matrix and more effective load transfer. Similar trends have been reported by[41], who
demonstrated that partial substitution of natural sand with M-sand enhances compressive strength
and microstructural homogeneity. The reduction in strength beyond the optimal replacement level
is primarily associated with increased surface area and water demand of M-sand-rich mixes, which
adversely affect workability and compaction. This leads to higher void content and reduced matrix
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continuity, ultimately lowering strength. This behavior is consistent with observations reported in
studies on fine aggregate grading optimization in high-performance concrete [41,42].
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Fig. 4. Compressive strength Vs. % M-Sand (a) 7-days (b) 28-days

3.1.4 Microstructure-Strength Mechanism of Manufactured Sand High-Performance
Concrete

The superior mechanical performance observed at approximately 60% manufactured sand
replacement can be attributed to an optimal balance between particle packing density and
interfacial transition zone (ITZ) characteristics. The use of manufactured sand improves
aggregate-paste interaction and reduces inter-particle voids, resulting in a denser and more
cohesive cementitious matrix with enhanced load transfer capability. At moderate replacement
levels, improved packing efficiency reduces capillary porosity and strengthens the ITZ. In contrast,
excessive M-sand content increases surface area and water demand, which adversely affects
workability and leads to localized void formation, thereby reducing strength. Furthermore, the
incorporation of metakaolin significantly enhances the microstructural properties through
accelerated pozzolanic reactions. The consumption of calcium hydroxide and the formation of
additional C-S-H and C-A-S-H gel phases contribute to pore refinement, increased matrix
stiffness, and improved bonding between paste and aggregates. Overall, the observed strength
enhancement is governed by the combined effects of optimized packing, improved interfacial
characteristics, and binder-chemistry-driven microstructural refinement.

3.2 Split Tensile and Flexural Strength

Fig.5 and 6 illustrate the variation in 28-day split tensile strength (STS) and flexural strength (FS)
of MSHPC as a role of manufactured sand (M-sand) replacement level at a constant W/B ratio of
0.30 for FA, SF and MK-based systems. Although split tensile strength and flexural strength tests
were conducted at both 7 and 28 days, only the 28-day results are presented here for brevity and
comparative discussion. For all SCM types, both STS and FS increase progressively as the M-sand
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content rises from 0% to approximately 60%, beyond which a gradual decline is observed,
indicating an optimal replacement level.

The strength enhancement up to 60% M-sand is attributed to the angular particle morphology and
rough surface texture of manufactured sand, which improve mechanical interlocking and ITZ
quality, thereby enhancing crack-bridging capacity and load transfer efficiency within the
cementitious matrix. Similar trends have been reported in studies on optimized fine aggregate
grading in high-performance concretes [11,41,51]
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Among the SCM systems, the metakaolin-based mix, i.e, M60M10A (a mix containing 60%
manufactured sand, 10% metakaolin, and a water-binder ratio of 0.30), consistently exhibits the
highest tensile and flexural performance, achieving peak values of approximately 6.6 MPa (STS)
and 8.5 MPa (FS) its improved split tensile strength (23.23%) and flexural strength (18.96%),
compared to control mix i.e.MOMAOA.This enhanced performance is attributed to the high
pozzolanic reactivity and micro filler effect of metakaolin, which contribute to pore refinement and
improved bonding between paste and aggregates through the formation of additional C-S-H and
C-A-S-H phases, as reported in [44, 46].

The reduction in strength beyond 60% M-sand replacement is associated with the increased
specific surface area and water demand of M-sand-rich mixes, which can adversely affect
workability and compaction, leading to higher void content and reduced binder continuity[39, 40].

3.3 Empirical Relationships Between Mechanical Properties

The relationships between cube compressive strength and the corresponding split tensile and
flexural strengths of FA-MSHPC based MSHPC were evaluated for specimens cured for 28 days. The
square-root form recommended by BIS code 1S:456-2000 for conventional concrete,

fi = 0.7\/fer MPa (1)

Equation 1 was adopted as a reference to examine the applicability of similar functional behavior
in MSHPC systems. Regression analysis was performed to quantify the strength interdependence
and to establish reliable predictive relationships.
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3.3.1 FA-MSHPC

The empirical relationships for FA-MSHPC at 28 days are shown in Fig.7 (a-b). A strong
dependency between compressive strength and split tensile strength was observed, and the best-
fit relationship is:

fer = 0.631./f, MPa (2)

with a high correlation coefficient (R* = 0.99) indicating excellent agreement between predicted
and experimental results. The slightly lower coefficient compared to conventional OPC concrete
reflects the influence of M-sand and fly ash content to continuity and pore structure on tensile
behavior. Similarly, the relationship between compressive strength and flexural strength is
expressed as:

fr = 0.841,/f.,, MPa (3)

The strong correlation (R* = 0.99) indicates that flexural resistance in FA-MSHPC is primarily
governed by matrix stiffness, aggregate interlock, and crack-bridging mechanisms.
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Fig. 7. Empirical relationships for FA-MSHPC at 28 days: (a) cube compressive strength versus split

tensile strength, (b) cube compressive strength versus flexural strength

3.3.2 SF-MSHPC

The empirical relationships for SF-MSHPC at 28 days are presented in Fig.8(a-b). The correlation
between compressive strength and split tensile strength is given by:

for = 0643,/ MPa 4)

with a high coefficient of determination (R* ~ 0.99) indicating strong predictive reliability. The
improved proportionality constant compared to FA-MSHPC suggests enhanced tensile stress
transfer due to refined pore structure and improved interfacial bonding.

The flexural strength relationship is expressed as:

fr = 0.849./f.; MPa (5)

The high correlation confirms the role of silica-rich gel densification and improved matrix stiffness
in enhancing bending resistance.
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3.3.3 MK-MSHPC

The empirical relationships for MK-MSHPC at 28 days are shown in Fig. 9(a-b). The relationship
between compressive strength and split tensile strength is:

fer = 0.657.\/f,;, MPa (6)

with an excellent correlation (R? = 0.99), indicating strong agreement between experimental and
predicted values. The higher coefficient reflects improved tensile resistance due to dense
aluminosilicate gel formation in metakaolin-based systems. The flexural strength relationship is
expressed as:

fr = 0.867./f.x MPa (7)

The strong correlation (R* = 0.99)  confirms that flexural performance in MK-MSHPC is
significantly influenced by matrix densification and enhanced crack-bridging behavior.
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Fig. 9. Empirical relationships for MK-MSHPC at 28 days: (a) cube compressive strength versus
split tensile strength, (b) cube compressive strength versus flexural strength

3.4 Structural Implications of Optimized Manufactured Sand High-Performance
Concrete

The improved mechanical performance of the optimized MSHPC mix has important implications
for structural applications. The enhanced tensile and flexural strengths indicate improved
resistance to crack initiation, which is beneficial for structural serviceability. The refined interfacial

15



Basavalingappa et al. / Research on Engineering Structures & Materials x(x) (xxxx) xx-xx

characteristics and denser cementitious matrix contribute to more effective stress transfer
between aggregate and paste, resulting in improved stiffness and load distribution under
compressive and bending stresses. The strong correlation observed between compressive, split
tensile, and flexural strengths suggests improved overall structural integrity and reduced
susceptibility to brittle failure. Furthermore, the reduction in capillary porosity associated with
lower water-binder ratios and optimized mineral admixture content indicates the potential for
improved durability-related properties, as reported in the literature [52, 53]. However, it should
be noted that durability-related aspects such as permeability, long-term performance, and
microcrack propagation were not directly evaluated in the present study and require dedicated
experimental investigation. Therefore, the above implications are inferred based on mechanical
performance and supported by existing literature[54]. These characteristics suggest that the
optimized MSHPC may be suitable for high-performance structural concrete applications where
enhanced strength and mechanical reliability are required.

3.5 Correlation Analysis and Multicollinearity Assessment

The Pearson correlation heatmap (Fig. 10) illustrates the linear relationships among input and
output variables. A strong positive correlation is observed between curing age and compressive
strength (r ~ 0.80), indicating the significant influence of hydration and pozzolanic reactions on
strength development. In contrast, the water-to-binder (W/B) ratio exhibits a moderate negative
correlation with strength properties (r # -0.30 to —0.40), confirming that increased water content
leads to higher porosity and reduced matrix densification. Additionally, strong inter-correlation is
observed among compressive, split tensile, and flexural strengths (r > 0.90), indicating consistent
mechanical behavior across different strength measures. The Variance Inflation Factor (VIF)
analysis (Table 5) indicates the presence of moderate to high multicollinearity among certain
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Fig. 10. Pearson correlation heatmap of input and output features
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In particular, the W/B ratio shows high multicollinearity (VIF > 10), while the percentage of mineral
admixture exhibits moderate multicollinearity (VIF = 7). The one-hot encoded variables (MK, SF,
FA) also present relatively elevated VIF values (x5-6), which is expected due to the inherent
dependency among dummy variables. However, the machine learning models employed in this
study, particularly tree-based ensemble methods such as Random Forest and XGBoost, are
inherently less sensitive to multicollinearity, as they rely on feature splitting rather than coefficient
estimation. Therefore, all input variables were retained in the model to preserve their physical
interpretability and contribution to concrete behavior.

Table 5. Variance inflation factor (VIF) values of input variables

Feature VIE VIE
(Compressive Strength) (Split Tensile & Flexural Strength)
% of Mineral admixture 7.0000 7.0000
% of M-Sand 3.0667 3.0642
W/B 12.5716 10.5630
No. of Days 3.6591 NA
MK 5.6607 5.6497
SF 5.6607 5.6497
FA 5.6607 5.6497

3.6 Machine Learning
3.6.1 Machine Learning Prediction and Comparative Analysis

Parity plots (Fig.11 (a-f)) compare experimentally measured and predicted compressive strength
values obtained using ANN, NLR, RF, AdaB, GB, and XGBoost models. Among all models, XGBoost
demonstrated the highest predictive accuracy, with data points tightly clustered around the 1:1
reference line. This is further supported by the highest testing R* value (0.9904) and the lowest
MAE and RMSE.

The high training R? value observed for the XGBoost model suggests a strong fitting capability,
which may indicate slight overfitting due to model complexity. However, the consistently high-test
performance (R? ~ 0.99) indicates satisfactory generalization capability. The use of cross-validation
further supports the reliability and robustness of the developed model. Future work may involve
additional hyperparameter optimization, such as controlling tree depth and regularization
parameters, to further reduce overfitting while maintaining predictive accuracy. The superior
performance of XGBoost is attributed to its regularized gradient-boosting framework, which
effectively captures complex nonlinear interactions among mix design parameters. GB and RF
models also demonstrated strong predictive capability with slightly higher dispersion, whereas
ANN and AdaBoost exhibited comparatively greater scatter, particularly at higher strength levels,
indicating relatively lower generalization performance for the present dataset.

The obtained results are consistent with recent studies reporting the superior performance of
ensemble-based models for predicting concrete strength properties. For instance,[55, 56] reported
that GB-based algorithms outperform ANN and conventional regression models in predicting
compressive strength of high-performance and sustainable concretes. Huang et al[57] further
demonstrated that XGBoost effectively captures the variability associated with manufactured sand
concrete. Compared to these studies, the present work achieved marginally higher prediction
accuracy (R? > 0.99), indicating improved robustness and generalization capability of the proposed
ML framework.
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Fig. 11. Parity plots comparing experimentally and predicted compressive strength of MSHPC
using different models: (a) ANN, (b) NLR, (c) RF, (d) AdaB, (e) GB, and (f) XGB

3.6.2 Split Tensile Strength

Parity plots (Fig. 12(a-f)) illustrate the predictive performance of different machine learning
models for split tensile strength (STS). Among the models, XGBoost demonstrates the closest
agreement between experimental and predicted values, followed by Gradient Boosting (GB) and
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Fig. 12. Parity plots comparing experimentally and predicted split tensile strength of MSHPC
using different models: (a) ANN, (b) NLR, (c) RF, (d) AdaB, (e) GB, and (f) XGB

Random Forest (RF) models. In contrast, ANN and AdaBoost (AdaB) exhibit comparatively higher
dispersion, particularly at higher tensile strength levels. The high training R? value observed for
the XGBoost model suggests a strong fitting capability, which may indicate a degree of overfitting
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due to model complexity. However, the consistently high-test performance indicates that the model
maintains good generalization ability. The use of cross-validation further supports the reliability of
the model predictions, although careful tuning of model complexity is necessary to ensure optimal
performance.

Future work may involve further hyperparameter tuning, such as controlling tree depth and
regularization parameters, to minimize overfitting while maintaining predictive accuracy. The
observed prediction trends are consistent with previous machine learning studies. Zhang et al. [49]
reported improved predictive capability for tensile strength in high-performance concrete
incorporating silica fume and metakaolin, while Huang et al. [51] highlighted the effectiveness of
manufactured sand-based systems in data-driven modeling. Furthermore, Paudel et al. [50]
demonstrated that ensemble-based models such as Gradient Boosting outperform ANN-based
approaches in predicting split tensile strength. The close agreement of the present results with
these findings further validates the robustness of the proposed modeling framework.

3.7 Flexural Strength

FS exhibited trends similar to compressive and split tensile strengths. Replacement of natural sand
with manufactured sand improved flexural performance up to an optimum level, primarily due to
enhanced stress transfer and stronger matrix-aggregate bonding. Beyond the optimum
replacement level, a marginal reduction in flexural strength was observed, likely due to increased
fines content and initiation of microcracks. SF and MK significantly enhanced FS by refining pore
structure and improving ITZ characteristics. Lower W/B ratios consistently produced higher FS by
reducing porosity and limiting microcrack propagation under bending stresses.
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Fig. 13. Parity plots comparing experimentally measured and machine learning-predicted flexural
strength of MSHPC using different models: (a) ANN, (b) NLR, (c) RF, (d) AdaB, (e) GB, and (f) XGB

Parity plots (Fig. 13(a-f)) reveal that the XGBoost model provides the most accurate flexural
strength predictions, followed by GB and RF models, whereas ANN and AdaB exhibited
comparatively lower predictive capability. The high training R? value observed for the XGBoost
model suggests a strong fitting capability, which may indicate slight overfitting due to model
complexity. However, the consistently high-test performance indicates satisfactory generalization
capability. The use of cross-validation further supports the reliability and robustness of the
developed model. The superior performance of XGBoost is attributed to its regularized gradient-
boosting framework, which effectively captures complex nonlinear relationships among the mix
design parameters.

3.8 Comparative Performance of Machine Learning Models

Table 6 and Fig.14 present a comprehensive comparison of ML model performance for predicting
the compressive, split tensile and flexural strength of MSHPC. The testing R* shown in Fig.14(a)
indicate that ensemble-based models consistently outperform single and regression-based
approaches across all mechanical properties. Among all models, XGBoost exhibits the highest
testing R? values, exceeding 99% for compressive and split tensile strength and approaching 98%
for flexural strength.
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Fig. 14. Comparison of machine learning models for predicting mechanical properties of
MSHPC: (a) testing R? and (b) testing RMSE
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The RMSE comparison in Fig.14(b), together with the MAE and MSE values reported in Table 6,
further confirms the superiority of XGBoost, which yields the lowest prediction errors across all
mechanical properties. GB and RF models also demonstrate high accuracy, whereas ANN and AdaB
show comparatively lower generalization capability. The close agreement between graphical
trends and statistical indicators validates the robustness and reliability of the proposed ML
framework. To statistically validate the superior performance of the XGBoost model, a paired t-test
was conducted on the prediction errors obtained from XGBoost and the second-test performing
model (GB). At a 90% confidence level, the results indicate a statistically significant improvement
(p < 0.05), confirming that the observed performance gain is not attributable to random variation.

Table 6. Statistical evaluation of machine learning models for prediction of mechanical properties
of MSHPC

Mechanical property  Model  R?(Training)  R* (Testing) = MAE MSE RMSE

ANN 0.8512 0.7755 32585 16,0381 4.0048
NLR 0.9910 0.9837 0.7754 09687  0.9843

. AdaB 0.8871 0.8740 26784 95199  3.0854
Compressive Strength RF 0.997 0.9722 1.0055  2.0944  1.4472
GB 0.9950 0.9875 0.7182 08540 09241

XGB 1.00 0.9904 0.4048  0.6545  0.8090

ANN 0.7336 0.6689 02280 00861 02934

NLR 0.9892 0.9891 0.0383  0.0023  0.0489

. . AdaB 0.9156 0.9003 01463  0.0294 01714
Split Tensile Strength RF 0.9952 0.9742 0.0464  0.0047  0.0687
GB 0.9942 0.9872 0.0430 00031  0.0560

XGB 1.00 0.9918 0.0225 00019  0.0441

ANN 0.9945 0.9659 0.0623  0.0084  0.0917

NLR 0.9663 0.9487 0.0949 00149  0.1224

AdaB 0.8857 0.8606 0.1544 00354 0.1883

Flexural Strength RF 0.9923 0.9527 0.0886  0.0151  0.1232
GB 0.9706 0.9570 0.0744 00101  0.1007

XGB 1.00 0.9783 0.0392 00054  0.0739

Overall, the close agreement between the graphical trends in Fig.14 and the numerical performance
metrics in Table 6 validates the robustness and generalization capability of the developed machine
learning framework. The combined analysis clearly establishes that ensemble learning models,
particularly XGBoost, provide the most reliable and accurate predictions for the mechanical
properties of MSHPC, thereby offering an effective data-driven tool for optimizing high-
performance concrete mix designs.

3.9 Explainable Al: Global Feature Attribution

Figures 15-17 present the SHAP-based interpretation of the XGBoost models developed for
predicting compressive, split tensile, and flexural strengths of MSHPC. The mean absolute SHAP
value plots (Figs. 15a, 163, and 17a) quantify the relative importance of each input variable, while
the corresponding summary (beeswarm/violin) plots (Figs. 15b, 16b, and 17b) illustrate both the
magnitude and direction of feature influence across the dataset. The SHAP force plots (Figs. 15c,
16c, and 17c) provide local interpretability by decomposing individual predictions into
contributing feature effects. For compressive strength (Fig. 15), curing age is identified as the most
dominant parameter, exhibiting the highest mean SHAP value. The summary plot clearly indicates
that higher curing durations contribute positively to strength development, whereas lower curing
ages yield negative contributions. This behavior is consistent with progressive hydration and
continued pozzolanic reactions leading to densification of the cementitious matrix.

For split tensile and flexural strength (Figs. 16 and 17), the relative importance of curing age is
reduced due to limited variability within the dataset, and the predictions are primarily governed
by mixture design parameters. Among these, the water-to-binder (W/B) ratio emerges as the most
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influential variable, consistently showing negative SHAP contributions at higher values. This
reflects the increase in capillary porosity and reduction in matrix compactness associated with
higher water content. Conversely, lower W/B ratios enhance particle packing and improve
mechanical performance.

The percentage of manufactured sand (% M-sand) exhibits a nonlinear influence on strength, as
observed from the spread of SHAP values in the summary plots. Intermediate replacement levels
(approximately 40-60%) tend to produce positive contributions, whereas very high or very low
replacement levels result in reduced performance. This trend aligns with the experimental
observations reported in Section 3.1. The effect of mineral admixture is represented through one-
hot encoded variables (FA, SF, MK), enabling independent evaluation of each material without
imposing ordinal bias. Among these, silica fume (SF) generally demonstrates the most significant
positive contribution, particularly in tensile and flexural strength models, due to its high pozzolanic
reactivity and micro-filling ability. Metakaolin (MK) also contributes positively but to a
comparatively moderate extent, while fly ash (FA) exhibits relatively lower or slightly negative
contributions under certain conditions, especially at early ages.
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Fig. 15. SHAP interpretation for compressive strength prediction:(a) Global feature importance
(mean [SHAP]), (b) SHAP summary (violin distribution), (c) SHAP force plot illustrating local
feature contribution
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Fig. 16 SHAP interpretation for split tensile strength prediction:(a) Global feature importance
(mean |SHAP]),(b) SHAP summary (violin distribution),(c) SHAP force plot illustrating local
feature contribution
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Fig. 17 SHAP interpretation for flexural strength prediction:(a) Global feature importance
(mean |SHAP]),(b) SHAP summary (violin distribution),(c) SHAP force plot illustrating local
feature contribution

The SHAP force plots further validate these findings at the individual prediction level. For instance,
higher W/B ratios consistently drive predictions downward, whereas optimal M-sand replacement
and reactive mineral admixtures (particularly SF and MK) contribute positively toward strength
enhancement. Overall, the SHAP analysis reveals that compressive strength is strongly governed
by curing kinetics, whereas tensile and flexural properties are predominantly controlled by matrix
quality parameters such as W/B ratio, mineral admixture type, and M-sand replacement. These
findings demonstrate the capability of explainable Al to provide physically meaningful insights into
material behavior beyond conventional statistical analysis.
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4. Conclusions

This study demonstrates that the combined use of manufactured sand and mineral
admixtures significantly enhances the mechanical performance of high-performance
concrete. The optimal mix proportion was identified at 60% manufactured sand replacement
with 10% mineral admixture, which consistently yielded superior strength characteristics.
Among the mineral admixtures investigated, metakaolin-based MSHPC exhibited the highest
experimental strength performance, followed by silica fume and fly ash systems. This
improvement is attributed to the high pozzolanic reactivity of metakaolin, leading to
enhanced formation of C-S-H and C-A-S-H phases, improved pore refinement, and stronger
interfacial transition zone (ITZ) bonding.

The optimized mix (M60M10A) achieved a maximum compressive strength improvement of
33.33% compared to the control mix, with peak performance observed at 28 days of curing,
highlighting the critical role of curing kinetics in strength development.

The water-to-binder (W/B) ratio was identified as a key governing parameter, with strength
consistently decreasing as W/B increased from 0.30 to 0.40. Lower W/B ratios resulted in
improved matrix densification and reduced capillary porosity, leading to enhanced
mechanical performance confirming the importance of maintaining alow W/B ratio for high-
performance concrete.

The combination of metakaolin at 10% and 60% of M-Sand i.e.M60M10A, replacement
significantly improved split tensile strength (23.23%) and flexural strength (18.96%),
compared to control mix, confirming its effectiveness in improving crack resistance and load
transfer through microstructural refinement.

The effect of manufactured sand replacement was found to be nonlinear, with approximately
60% replacement providing optimal performance. This is attributed to improved particle
packing, reduced void content, and enhanced aggregate-paste interaction, whereas higher
replacement levels led to reduced workability and increased porosity.

SHAP-based explainable machine learning analysis revealed that curing age exhibited a
strong positive contribution toward strength development, whereas higher W/B ratios
consistently produced negative contributions due to increased porosity and reduced matrix
densification. Manufactured sand replacement exhibited a nonlinear threshold-dependent
behavior, with approximately 60% replacement providing the most beneficial contribution
to mechanical performance.

The XGBoost model achieved the highest predictive accuracy (R? > 0.99) among all models,
demonstrating its effectiveness in capturing complex nonlinear relationships in MSHPC
systems. The integration of SHAP further enabled transparent and physically interpretable
insights into model predictions.

This study presents an integrated experimental and explainable machine learning
framework for optimizing sustainable high-performance concrete while reducing
dependence on natural river sand and Portland cement. The incorporation of 60%
manufactured sand and partial cement replacement using mineral admixtures such as fly ash,
silica fume, and metakaolin contributes toward sustainable construction by reducing
ecological degradation associated with river sand mining and lowering the environmental
burden associated with cement production.

Future research should focus on long-term durability performance, microstructural
characterization, and structural-scale validation of optimized MSHPC mixes under varying
environmental and loading conditions.
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