
Computer Modeling in
Engineering & Sciences

echT PressScience

https://doi.org/10.32604/cmes.2026.083537

ARTICLE

Machine Learning Prediction of the Compressive Strength of
Nano-Silica-Modified Hybrid Geopolymer Mortar
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ABSTRACT: Geopolymer materials are increasingly recognized as sustainable alternatives to conventional cemen-
titious materials due to their lower environmental impact and promising engineering performance. Recent studies
have demonstrated that incorporating nanomaterials can further enhance the properties of geopolymer systems.
In particular, nano-silica has been reported to significantly improve the mechanical performance of geopolymer
materials. However, accurate prediction of compressive strength remains challenging because of the complex nonlinear
interactions among mix design parameters, activator chemistry, and curing conditions. This study develops a machine
learning framework to predict the 28-day compressive strength of nanosilica-modified hybrid geopolymer mortar
using a dataset of 73 mixes compiled from the literature. Five regression models, Linear Regression, Random Forest,
CatBoost, Extreme Gradient Boosting, and Extra Trees Regressor, were benchmarked using 10-fold cross-validation
and 100 repeated Monte Carlo simulations. The three best baseline-performing models, namely Extra Trees Regressor,
CatBoost, and Random Forest, were then optimized using Bayesian hyperparameter tuning with the Optuna framework
and Tree-structured Parzen Estimator sampler across 200 optimization trials. The optimized Extra Trees Regressor
achieved the best performance, with R2 values of 0.906 and 0.844, RMSE values of 5.43 and 6.24 MPa under
10-fold cross-validation and Monte Carlo simulation, respectively. Feature-importance analysis showed that binder
composition, including slag, fly ash, and metakaolin contents, was the dominant factor, contributing more than 50% of
the model importance, followed by nano-silica dosage at approximately 15%. While NaOH molarity, alkaline activator
content, and curing conditions exhibited comparatively lower influence, their contributions remained consistent
with established geopolymerization mechanisms. In addition, the optimized model was deployed as an open-access
web-based prediction tool to support practical strength estimation and mix-design decision-making.
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1 Introduction
Concrete remains the most widely used construction material in modern infrastructure due to its

versatility, mechanical strength, and economic feasibility. However, the primary binder used in concrete,
ordinary Portland cement (OPC), is associated with considerable environmental challenges. The production
of cement involves energy-intensive processes and the calcination of limestone, which results in substantial
carbon dioxide emissions. The cement industry is estimated to contribute approximately 7%–8% of global
anthropogenic CO2 emissions, making it one of the largest industrial sources of greenhouse gases [1–3].
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With growing concerns about environmental sustainability and climate change, researchers have been
actively exploring alternative binder systems to reduce the environmental footprint of conventional cemen-
titious materials. Among the most promising alternatives are alkali-activated materials and geopolymers,
which have gained significant attention due to their lower carbon emissions, excellent chemical resistance,
and favorable mechanical performance [4–6].

Geopolymers are inorganic aluminosilicate polymeric materials produced through the alkaline acti-
vation of silica- and alumina-rich precursor materials such as fly ash [7,8], ground granulated blast
furnace slag [9,10], and metakaolin [11,12]. When these aluminosilicate materials react with alkaline acti-
vating solutions, they undergo a dissolution, transportation, and polycondensation reactions that lead to
the formation of a three-dimensional aluminosilicate network commonly referred to as geopolymer gel
[13–15]. The resulting geopolymeric structure typically consists of sodium aluminosilicate hydrate (N-A-S-
H) or calcium aluminosilicate hydrate (C-A-S-H) gel, depending on the precursor composition. These gel
structures contribute significantly to the mechanical strength and durability of geopolymer materials [16].

Within geopolymer systems, geopolymer mortar, which consists of geopolymer binder combined with
fine aggregates and alkaline activating solutions, represents an important material for both structural and
repair applications. The properties of geopolymer mortar are influenced by several parameters, including
precursor composition, curing temperature, mixture proportions, and the type and concentration of alkaline
activators [17]. In most geopolymer systems, alkaline activation is achieved using sodium hydroxide (NaOH)
and sodium silicate (Na2SiO3) solutions. The NaOH molarity controls the dissolution of aluminosilicate
species and the availability of reactive silica and alumina required for geopolymerization. Higher NaOH
molarity generally enhances geopolymeric gel formation and compressive strength [18]. Although excessive
concentrations may reduce workability and cause undesirable microstructural changes. In addition, the
Na2SiO3/NaOH ratio influences the availability of soluble silica, while sodium silicate enhances polymeriza-
tion and contributes to a denser and more stable geopolymer matrix [19–21].

In recent years, nanotechnology has been increasingly applied in cementitious and geopolymer mate-
rials to improve their mechanical and durability properties. Nanoparticles possess extremely small particle
sizes and high specific surface areas, which allow them to act as nucleation sites for reaction products, refine
pore structures, and improve the microstructural characteristics of the binder matrix. Various nanoparticles,
including nano-TiO2, nano-Al2O3, nano-clay, carbon nanotubes, and nano-silica, have been investigated in
cementitious composites to enhance their mechanical performance and durability [22].

Among the different types of nanoparticles investigated in geopolymer systems, nano-silica (NS) has
attracted particular attention due to its extremely high surface area, high pozzolanic reactivity, and ability
to significantly improve the microstructure of cementitious and geopolymer matrices [23]. Nano-silica can
accelerate the geopolymerization process by providing nucleation sites for the formation of geopolymeric
gels, while also filling micro-voids within the matrix and improving particle packing density [24]. As a
result, the incorporation of nano-silica has been shown to enhance the compressive strength, reduce porosity,
and improve the durability of geopolymer composites [25]. Several recent studies have reported that small
additions of nano-silica significantly enhance the mechanical performance of geopolymer mortars due to
improved gel formation and microstructural refinement [26].

The incorporation of nano-SiO2 improves the mechanical properties and durability of geopolymer
mortar by producing a denser microstructure and refined interfacial zones [26]. Among the various
mechanical properties of geopolymer mortar and concrete, compressive strength is widely considered
the most important indicator of structural performance. Compressive strength reflects the load-bearing
capacity of a material and is a fundamental parameter in the design and evaluation of structural elements.
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In cementitious and geopolymer materials, the 28-day compressive strength is commonly used as the
standard indicator for evaluating the long-term mechanical performance of the material [27].

In addition to experimental investigations, predictive modeling techniques have recently gained con-
siderable attention in the field of cementitious and geopolymer materials. Modeling approaches enable
researchers to analyze complex relationships among mixture parameters and develop a credible model
for forecasting compressive strength (CS). This is critical for saving time, energy, and money while also
providing guidance for scheduling the construction process and removing formwork. Various modeling
techniques have been applied for predicting the compressive strength of geopolymer materials, including
linear regression (LR), nonlinear regression NLR and multi-logistic regression models MLR [28,29] and an
artificial neural network (ANN) [29]. Artificial Neural Network-based models, particularly Deep Neural
Networks, have also been found to reliably predict. This provides a powerful tool to model complex
relationships in advanced complex cementitious materials such as geopolymer composites [30].

This study presents a novel machine learning framework for predicting the 28-day compressive strength
of nano-silica–modified geopolymer mortar. Current literature indicates that predictive machine learning
models for nano-silica–modified geopolymer mortar systems remain insufficiently explored. Although pre-
vious studies have applied statistical and machine learning techniques to geopolymer materials, most studies
focused on conventional geopolymer binders, adopted single-model approaches with limited validation, or
lacked rigorous validation procedures. To address this research gap, a comprehensive dataset comprising
73 experimental mixtures was compiled from the literature and used to develop and evaluate five machine
learning algorithms, namely Linear Regression (LR), Random Forest (RF), CatBoost, Extreme Gradient
Boosting (XGBoost), and Extra Trees Regressor (ETR). Furthermore, the three best-performing models
(ET, CatBoost, and RF) were optimized using Bayesian hyperparameter optimization through the Optuna
framework with the Tree-structured Parzen Estimator (TPE) sampler over 200 optimization trials. Unlike
previous studies, the proposed framework integrates a dual-validation strategy combining 10-fold cross-
validation and Monte Carlo simulation to enhance prediction robustness and generalization capability. In
addition, feature importance analysis was conducted to identify the key parameters governing compressive
strength, and a practical web-based tool was developed for real-time prediction of nano-silica–modified
geopolymer mortar strength. The compiled dataset and corresponding mixture parameters are summarized
in Table 1.

Table 1: Summary of the constituents of geopolymer mortar mixes reported in the literature.

Ref. A/B B (kg/m3) FA (kg/m3) SH (kg/m3) SS (kg/m3) Molarity SS/SH Ns (kg/m3) T (○C) CS (MPa)
[31] 0.4 450–500 1500 72.73 127.27 8–12 1.75 0–50 27–60 14.04–42.8
[32] 0.4 711–734 1173 97.78 195.56 8 2 0–21.3 20 19–59
[33] 0.3 1100 860 108 223 3 2.06 0–11 28 62.2–70.2
[34] 0.5 686–700 1033.5 100 250 12 2.5 0–14 23 66–74
[25] 0.4 714.2–723.8 1086.2 82.76 206.9 8 2.5 0–28.6 25 12.8–27.4
[35] 0.5 637–650 1040 92.9–130 195–232.1 12 1.5–2.5 0–13 23 44–70
[36] 0.6 460.61 1463 78.96 197.41 10 2.5 0–9.2 25 38–80
[36] 0.6 460.61 1463 78.96 197.41 10 2.5 0–9.2 60 42–82
[37] 0.7 450 1125 105 210 8–12 2 18 23–70 39–54
[38] 0.35 650 1300 65 163 10 2.5 13 27–60 31–69
[39] 0.5 432–450 432–450 64.28 160.71 16 2.5 0–17.3 25 19.7–28.3
Min. 0.3 432 432 64.28 127.27 3 1.5 0 20 12.8
Max. 0.7 1100 1500 130 250 16 2.5 50 70 82

St.Div. 0.1 154.78 281.26 17.01 35.07 2.6 0.34 12.46 14.97 17.79
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2 Background and Data Compilation
To develop the predictive model for compressive strength, a dataset was compiled from previously

published experimental studies on nano-silica-modified geopolymer mortar. Only studies reporting detailed
mixture compositions and corresponding compressive strength values were considered. These studies
provide the experimental data used to construct the modelling dataset and represent a wide range of mixture
parameters, curing conditions, and nano-silica dosages. Early experimental studies showed that nano-silica
significantly enhances compressive strength when used in small quantities. For example, an optimum nano-
silica dosage of approximately 1.5% by weight of binder was reported to increase the 28-day compressive
strength by nearly 95% compared with the control mixture. However, higher nano-silica contents may lead
to particle agglomeration and reduced workability, thereby negatively affecting compressive strength [36].

Adak et al. [31] investigated the influence of nano-silica on fly ash-based geopolymer mortar under
ambient curing conditions. Nano-silica was incorporated at dosages ranging from 0% to 10%, and the results
showed that compressive strength increased with nano-silica addition up to 6%, achieving an improvement of
approximately 16% compared with the control mixture. Beyond this dosage, compressive strength decreased
due to nanoparticle agglomeration and increased water demand.

Deb et al. [32] studied ambient-cured fly ash geopolymer mortar incorporating 3% nano-silica and
reported a compressive strength improvement of approximately 10%–20% compared with the control
mixture. The enhancement was mainly associated with reduced porosity and the nucleation effect of nano-
silica particles, which accelerate geopolymerization reactions and improve gel formation. Prakasam et al. [33]
evaluated FA/GGBS-based geopolymer mortar containing nano-silica at 1% and 2% by weight of fly ash. Their
results showed that compressive strength increased with the addition of nano-silica, reaching its highest value
at 2% nano-silica, representing an improvement of approximately 12% over the control mixture. This increase
was mainly attributed to additional N-A-S-H gel formation and improved microstructural densification.

Rathinam et al. [25] investigated geopolymer mortar produced from fly ash and GGBFS, with nano-
silica contents ranging from 0% to 4%. Their results indicated that compressive strength increased with the
addition of nano-silica and reached an optimum at 1% nano-silica, with strength improving by approximately
30% compared with the reference mixture. Higher nano-silica contents slightly reduced strength due to poor
nanoparticle dispersion and reduced workability. Studies on metakaolin-based geopolymer systems have also
confirmed the positive influence of nano-silica. Kamal et al. investigated nano-silica dosages ranging from 1%
to 4% under both ambient and hot curing conditions. Their results showed that 3% nano-silica significantly
improved compressive strength, achieving increases of approximately 110% under ambient curing and 95%
under hot curing conditions [39].

Despite the clear advantages of incorporating nano-silica, excessive nano-silica content can adversely
affect compressive strength. Selvarajan and Paramasivam [36] reported that nano-silica improved the
mechanical properties of geopolymer mortar up to a certain limit, but when the nano-silica content exceeded
approximately 2%, the compressive strength began to decline. This reduction was mainly related to poor
dispersion and nanoparticle clustering within the mixture, which created weak zones in the geopolymer
matrix. Moreover, the high surface area of nano-silica increased water demand, thereby reducing workability
and affecting the mixture’s homogeneity, ultimately resulting in lower compressive strength.

Gökçegöz et al. [37] investigated the combined influence of nano-silica and NaOH molarity on MK–
GGBFS geopolymer mortar. Nano-silica was incorporated at 4%, while NaOH molarity varied between 4,
8, and 12 M. Their results showed that increasing molarity improved compressive strength due to enhanced
dissolution of aluminosilicate precursors. At 8 M NaOH, compressive strength increased from 39 to 46 MPa,
whereas at 12 M NaOH, it increased from 49 to 54 MPa with the addition of nano-silica.
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Overall, the reviewed studies consistently indicate that nano-silica enhances the compressive strength
of geopolymer mortar when used in small dosages, typically within the range of 1% to 3% by weight
of binder. The improvement is primarily attributed to enhanced geopolymerization, pore refinement,
and microstructural densification. However, higher nano-silica contents tend to reduce strength due to
particle agglomeration, increased water demand, and reduced workability. In addition, curing conditions
and alkaline activator concentration significantly influence strength development, with higher molarity
generally promoting improved performance. These findings highlight the complex interactions among
mixture parameters and justify the need for advanced predictive modeling approaches.

3 Modeling Phase

3.1 Statistical Assessment
Detailed information about each variable input parameter used in the model is presented

in Sections 3.1.1–3.1.9. While Table 2 shows some statistical characteristics of the collected datasets. A
histogram was created to illustrate the frequency distribution pattern of the continuous material property
datasets. This visualization helps examine the data’s distribution characteristics (such as normality), as well
as identify potential outliers and any skewness [28]. Additionally, statistical criteria including standard
deviation, variance, skewness, and kurtosis were computed to describe the distribution of each variable in
relation to compressive strength. Kurtosis is a statistical measure that reflects the extent to which the tails of a
data distribution differ from those of a normal distribution. It indicates the heaviness of the distribution tails,
whereas skewness represents the symmetry of the distribution. In contrast, skewness measures the degree to
which a distribution deviates from a normal distribution. For example, a skewness value of zero represents
a normal distribution, while a right skew corresponds to a lognormal distribution. Furthermore, variance
describes the level of dispersion within the dataset; a larger spread in the data results in a higher variance
around the mean [40].

Table 2: Summary of statistical analysis of input model parameters.

Model Parameters No. of Data Average Median St.Div. Min. Max. Variance Skewness Kurtosis
A/B 73 0.45 0.4 0.1 0.3 0.7 0.01 0.92 0

B (kg/m3) 73 598.55 643.5 152.85 432 1100 23,363.18 1.25 2.31
Fly ash 58 388.16 465 243.89 0 734 59,480.96 −0.3 −1.49

Slag 47 405.74 368.49 204.25 71.42 650 41,717.38 −0.34 −1.24
Cement 4 73.33 73.33 0 73.33 73.33 0 0 0

Metakaolin 9 345 432 113.95 225 450 12,985.31 −0.26 −2.56
FA (kg/m3) 73 1209.08 1173 281.26 432 1500 79,109.06 −1.23 1.56
SH (kg/m3) 73 84.27 78.96 17.01 64.28 130 289.45 0.78 0.09
SS (kg/m3) 73 181.35 195.56 35.07 127.27 250 1229.78 −0.21 −0.81

M 73 9.9 10 2.6 3 16 6.75 0.1 1.62
SS/SH 73 2.18 2.06 0.34 1.5 2.5 0.12 −0.35 −1.43

Ns (kg/m3) 73 13.55 13 12.46 0 50 155.24 1.31 1.63
T (○C) 73 31.48 25 14.97 20 70 224 1.54 0.67

CS (MPa) 73 43.43 42 17.79 12.87 82 316.44 0.23 −0.82

3.1.1 The Alkaline Solution to Binder Ratio (A/B)
The alkaline solution represents the total amount of alkaline activator used to activate the source binder

materials, including both sodium silicate and sodium hydroxide solutions at the required molarities. Based
on the collected datasets, the A/B ratio of the GPM mixtures modified with Ns ranged from 0.3 to 0.7, with
a mean value of 0.45 and a standard deviation of 0.1. Furthermore, the statistical analysis indicated that the
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variance was 0.01, the skewness was 0.88, and the kurtosis was 0. Fig. 1 presents the relationship between CS
and A/B, along with histograms illustrating the distribution of GPM mixtures incorporating Ns.

Figure 1: Marginal plot between CS and A/B content of GPM mixtures incorporated Ns.

3.1.2 Binder Content (B)
Fly ash, GGBFS, and MK are among the primary materials used by researchers as binder sources in

the production of GPM composites. Based on the collected datasets, the binder content ranged from 432 to
1100 kg/m3, with a mean of 599.75 kg/m3 and a standard deviation of 152.85 kg/m3. In addition, statistical
evaluation of the dataset showed that the variance, skewness, and kurtosis were 23,363.18, 1.23, and 2.39,
respectively. Fig. 2 illustrates the relationship between CS and binder (b) content, along with the frequency
distribution of the collected data for GPC mixtures incorporated with Ns.

3.1.3 Fine Aggregate Content (FA)
Natural and crushed sands were used as fine aggregates (FA) in GPM mixtures, as in conventional

concrete mixtures. The fine aggregate properties in the compiled dataset were obtained from studies in which
materials generally conform to ASTM C33 requirements. Based on datasets from the reviewed literature,
the FA content ranged from 432 to 1500 kg/m3, with a mean of 1204.57 kg/m3 and a standard deviation of
278.79 kg/m3. Additional details regarding other statistical assessment parameters and correlations between
CS and SH content are presented in Fig. 3.
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Figure 2: Marginal plot between CS and Binder content of GPM mixtures incorporated Ns.

Figure 3: Marginal plot between CS and FA of GPM mixtures incorporated Ns.
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3.1.4 NaOH Content (SH)
Sodium hydroxide (SH) is commonly available in solid form as pellets or flakes, typically with a purity

greater than 97%. It is dissolved in the required amount of water to prepare an SH solution with the desired
molarity. Based on the datasets collected in this study, the SH content in 1 m3 of GPM mixtures incorporating
Ns ranged from 64.28 to 130 kg/m3, with a mean of 84.5 kg/m3 and a standard deviation of 16.84 kg/m3.
Further details regarding other statistical assessment parameters, as well as the correlation between CS and
SH content, can be found in Fig. 4.

Figure 4: Marginal plot between CS and NaOH content of GPM mixtures incorporated Ns.

3.1.5 Na2SiO3 Content (SS)
Water glass, also known as sodium silicate (SS), is a liquid alkaline activator primarily composed of

Na2O, SiO2, and H2O. Based on previously reported studies on GPM mixtures incorporating Ns, the SS
content ranged from 127.27 to 250 kg/m3, with a mean value of 182.7 kg/m3 and a standard deviation of
35.6 kg/m3. Moreover, the relationship between CS and SS content in GPM mixtures is illustrated in Fig. 5.

3.1.6 Molarity (M)
In GPM research, the concentration of sodium hydroxide (SH) dissolved in water is expressed in terms

of molarity (M). Based on the datasets collected from the reviewed studies, the molarity of SH ranged from
3 to 16 M, with a mean value of 9.96 M and a standard deviation of 2.59 M. Furthermore, the statistical
analysis of the compiled datasets indicated that the variance, skewness, and kurtosis were 6.69, 0.05, and 1.58,
respectively. The relationship between CS and M, along with the frequency distribution of the GPM datasets
incorporated with Ns, is shown in Fig. 6.
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Figure 5: Marginal plot between CS and Na2SIO3 content of GPM mixtures incorporated Ns.

Figure 6: Marginal plot between CS and molarity of NaOH of GPM mixtures incorporated Ns.
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3.1.7 Na2SiO3/NaOH (SS/SH)
This parameter represents the ratio of sodium silicate (SS) to sodium hydroxide (SH) in the alkaline

activator solution prepared at the required molarity. Typically, the SS/SH solution is prepared approximately
24 h prior to mixing the GPM constituents to ensure proper dissolution and stabilization. Based on the
collected datasets, the SS/SH ratio ranged from 1.5 to 2.5, with a mean value of 2.19 and a standard deviation of
0.34. Furthermore, the relationship between CS and the SS/SH ratio, together with the frequency distribution
of the corresponding datasets, is presented in Fig. 7.

Figure 7: Marginal plot between CS and Na2SIO3/NaOH of GPM mixtures incorporated Ns.

3.1.8 Nano-Silica Content (Ns)
As discussed earlier, Ns is the most commonly utilized nanoparticle (NP) by researchers to enhance the

various properties of GPM composites. It is typically incorporated either as a binder replacement or as an
additive in the mixture. Based on the compiled datasets, the Ns content used to improve GPM composites
ranged from 0 to 50 kg/m3, with a mean value of 13.36 kg/m3 and a standard deviation of 12.39 kg/m3. In
addition, further statistical evaluation parameters, along with the correlation between CS and Ns content,
are shown in Fig. 8.

3.1.9 Curing Temperature
Ambient and oven curing regimes are commonly used to cure GPM composites. One of the primary

motivations for incorporating nanoparticles (NPs) into GPM mixtures is to facilitate a transition from oven
curing toward ambient curing conditions. Based on the compiled datasets, GPM specimens modified with
Ns were cured at temperatures ranging from 23○C to 70○C, with a mean curing temperature of 31.31○C
and a standard deviation of 14.8○C. Furthermore, statistical evaluation indicated that the dataset’s variance,
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skewness, and kurtosis were 219.05, 1.58, and 0.81, respectively. The variation of CS with Ns content, along
with the frequency distribution of the Ns datasets, is illustrated in Fig. 9.

Figure 8: Marginal plot between CS and Ns content of GPM mixtures incorporated Ns.

Figure 9: Marginal plot between CS and curing content of GPM mixtures incorporated with Ns.
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4 Model Development and Statistical Validation

4.1 Dataset Preparation and Preprocessing
The predictive modeling framework was developed using an experimental dataset comprising 73

geopolymer mortar mixtures. Prior to model development, the dataset was carefully prepared to ensure
reliable learning by the machine learning algorithm. Nine input variables were selected based on their
known influence on the geopolymerization process and compressive strength development. These variables
included molarity of the alkaline solution (M), binder components (fly ash, slag, and metakaolin), fine
aggregate content (FA), nano-silica dosage (Ns), alkaline activator components (NaOH and Na2SiO3), the
Na2SiO3/NaOH ratio, the alkaline-to-binder ratio (A/B), and curing condition (T). The 28-day compressive
strength (CS) of geopolymer mortar was defined as the target variable for regression modeling. Prior to
training, the dataset was inspected for inconsistencies and organized to ensure numerical stability and
compatibility with the selected machine learning algorithm.

4.2 Machine Learning Algorithms
Five regression algorithms with different learning paradigms were employed to capture the inherent

nonlinearity of geopolymer systems.

4.2.1 Linear Regression (LR)
Linear regression (LR) is a statistical method widely used to analyze the relationship between input

(independent) and output (dependent) variables. Recently, it has been widely implemented in various
machine learning libraries and thus has become extremely popular as a machine learning algorithm [41],
due to its simplicity and interpretability, it has been one of the most commonly used algorithms in both
research and practice. However, its popularity has declined in recent years as predictive accuracy has become
more critical. Nevertheless, LR remains an essential baseline model, providing fundamental insights into
data behavior and variable relationships [42].

LR can derive linear models in which the dependent variable (y) is a linear function of the independent
variables (x). In simple LR, only one independent variable (x) is present, whereas in multiple LR, two or more
independent variables (x) are present. In simple LR, the model is of the following form:

y = bo + b1x (1)

Eq. (1) above represents the equation of a straight line, where bo and b1 are the y-intercepts and the
slope, respectively. In multiple LR, instead of the line, a plane or a hyperplane is used. The model takes the
following form in multiple LR:

y = bo + b1x1 + b2x2 + b3x3 + ...bn xn (2)

In Eq. (2), there are n predictors (x1, x2, ..., xn) [43].

4.2.2 Random Forest Regression (RF)
The random forest algorithm is an ensemble technique. It can be used for both regression and

classification. The random forest algorithm uses simple decision trees as the base learners [44]. The training
and modeling process for the RF method is shown in Fig. 10 [45]. RF takes decision trees as a basic unit, and
a lot of decision trees are integrated to form a random forest [46,47].
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Figure 10: RF modeling flow chart.

4.2.3 Extreme Gradient Boosting (XGBoost)
XGBoost, or extreme gradient boosting, is a popular and powerful ML technique for building super-

vised regression models [48]. The algorithm is highly efficient and computationally effective. Specifically, a
second-order Taylor expansion is used to optimize the loss function, while a regularization term is introduced
to control model complexity and avoid overfitting. In addition, XGBoost adopts a block structure for data
storage and supports parallel computation. As a forward additive model, XGBoost integrates multiple weak
learners into a strong learner through boosting [45].

4.2.4 CatBoost
Categorical Gradient Boosting (CatBoost) is a supervised machine learning (ML) algorithm that

employs symmetric decision trees to perform both classification and regression tasks [49]. The CatBoost
algorithm is recognized for its strong ability to handle large, complex datasets, producing stable predictions
by aggregating multiple model outputs. One of the key advantages of CatBoost is its ability to handle categor-
ical variables effectively while using boosting techniques with a relatively small number of hyperparameters.
These characteristics enable efficient model training and significantly reduce computational time during the
estimation process [50]. In the CatBoost framework, categorical features are incorporated directly into the
learning process, allowing the model to utilize information from the entire dataset. The algorithm initially
performs a random permutation (shuffling) of the training samples, which helps minimize prediction bias
and prevents target leakage. During the transformation of categorical features into numerical representations,
the algorithm sequentially computes the target value for each sample, then assigns corresponding weights and
priorities to improve model learning and prediction accuracy [49,51]. In this study, the CatBoost regressor
was employed to develop the predictive model, which performs strongly on regression problems, particularly
with small- to medium-sized datasets and complex nonlinear relationships. The algorithm was selected due
to its ability to reduce prediction bias, improve model stability, and handle feature interactions effectively.

4.2.5 Extra Trees (ETR)
Extra Trees Regressor (ETR), also known as Extremely Randomized Trees or Extra Trees [52], which

is an ensemble regression method that builds multiple decision trees and averages their predictions as
illustrated in Fig. 11. Unlike Random Forests, it introduces additional randomness by selecting both random
data subsets and random split thresholds, rather than optimizing splits. This reduces tree correlation and
improves generalization.



14 Comput Model Eng Sci. 2026;147(3):10

Figure 11: Extra tree model principle.

It is computationally efficient since it avoids split optimization, making it suitable for large, high-
dimensional datasets. The increased randomness enhances robustness to overfitting, though it may
sometimes lead to less optimal splits. Overall, ETR provides a fast and effective alternative to Random Forests
with a balanced bias–variance trade-off [53].

4.3 Dual-Validation Strategy
First, a 10-fold cross-validation (K-Fold CV) was applied [54]. In this method, the dataset was divided

into ten equal subsets. During each iteration, nine subsets were used for model training while the remaining
subset was used for testing. This process was repeated ten times so that each subset served as a test set once.
The average performance across all folds provides a reliable estimate of the model’s predictive capability [54].

Second, Monte Carlo was performed to further assess the model’s robustness [55]. In this approach,
the dataset was randomly shuffled and split into 80% training data and 20% testing data, and this process
was repeated 100 times. The mean performance obtained from these repeated random splits provides a
more comprehensive evaluation of model stability and reduces the potential influence of random sampling
bias [56].

4.4 Performance Evaluation Metrics
The predictive performance of the developed models was evaluated using several statistical indicators

commonly employed in regression studies. These metrics included the coefficient of determination (R2),
Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), Pearson correlation coefficient
(r), and the Index of Agreement (IoA).

R2 measures the proportion of variance in the observed data explained by the model, while RMSE
quantifies the magnitude of prediction errors. MAPE provides a normalized measure of prediction accuracy
expressed as a percentage. The r evaluates the linear correlation between predicted and experimental values.
In addition, the Index of Agreement (IoA) was used to assess the overall agreement between predicted



Comput Model Eng Sci. 2026;147(3):10 15

and observed compressive strength values. These metrics collectively provide a comprehensive evaluation
of the predictive capability and reliability of the developed machine learning model. The mathematical
formulations of these metrics are given in the following equations:
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In Eqs. (5)–(7), f ex p
c and f pred

c represent the mean values of the 28-day compressive strength recorded
experimentally and predicted by the model, respectively. A perfect prediction is achieved when R2 and IoA
are equal to 1, indicating complete agreement between predicted and experimental values. While RMSE and
MAPE values approaching 0 indicate minimal prediction error. R2 and IoA, complementary methods for
evaluating model performance, are used to analyze their uncertainty. In addition to conventional statistical
metrics, model uncertainty was evaluated using the uncertainty factor (θ), defined as the ratio of the
experimentally measured compressive strength to the predicted value.

θ j =
f ex p
c , j

f pred
c , j

(8)

The distribution of the uncertainty factor is described by its mean and coefficient of variation CoVθ

θ = 1
n

n
∑
j=1

θ j (9)

CoVθ =
σθ

θ
(10)

An ideal predictive model has a mean bias ratio of θ = 1, indicating that the model achieves a balanced
tendency with neither systematic underestimation nor overestimation. Overall, the complete methodological
procedure and validation framework are concisely illustrated in Fig. 12.
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Figure 12: Machine learning framework for predicting compressive strength.

4.5 Model Performance Results and Discussion
The five candidate models, LR, RF, XGBoost, CatBoost, and ETR models were evaluated in three stages:

a baseline comparison in their default configuration, Bayesian hyperparameter optimization of the three
top performers, and a diagnostic evaluation of the tuned models. All evaluations were conducted using the
proposed dual-validation strategy incorporating 10-fold cross-validation and 100-repetition Monte Carlo
simulation, The performance of the developed models at each stage of the proposed framework is discussed
in detail in the subsequent subsections.

4.5.1 Baseline Performance of Models
All five models were first trained and evaluated in their default configuration to establish a baseline

ranking and identify which models would benefit from the additional cost of hyperparameter tuning. The
10-fold cross-validation results (mean ± SD across folds) are reported in Table 3, and the corresponding
100-repetition Monte Carlo results (mean ± SD across repetitions) in Table 4.

Table 3: Baseline 10-fold cross-validation performance of the five candidate models.

Model RMSE (Mpa) MAPE (%) R2 r IoA θ− CoVθ

ETR 5.534 ± 1.711 10.040 ± 3.276 0.902 ± 0.096 0.950 ± 0.026 0.973 ± 0.033 0.997 ± 0.030 0.133 ± 0.042
CatBoost 5.858 ± 1.684 11.762 ± 4.909 0.890 ± 0.082 0.947 ± 0.029 0.968 ± 0.035 0.991 ± 0.035 0.144 ± 0.050

RF 7.273 ± 1.743 14.804 ± 4.544 0.830 ± 0.124 0.913 ± 0.056 0.950 ± 0.042 0.988 ± 0.051 0.183 ± 0.057
XGBoost 7.783 ± 2.554 13.528 ± 3.888 0.806 ± 0.224 0.898 ± 0.102 0.945 ± 0.064 1.016 ± 0.074 0.215 ± 0.076

LR 13.332 ± 3.564 29.466 ± 11.896 0.430 ± 0.338 0.667 ± 0.223 0.797 ± 0.123 1.027 ± 0.136 0.359 ± 0.118
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Table 4: Baseline Monte Carlo performance performance of the five candidate models.

Model RMSE MAPE (%) R2 r IoA θ− CoVθ

ETR 6.325 ± 1.824 12.268 ± 3.535 0.834 ± 0.125 0.927 ± 0.057 0.953 ± 0.036 0.997 ± 0.041 0.147 ± 0.038
CatBoost 6.827 ± 1.977 14.205 ± 5.043 0.812 ± 0.130 0.920 ± 0.058 0.942 ± 0.042 0.991 ± 0.050 0.167 ± 0.047

RF 7.733 ± 1.899 16.776 ± 4.733 0.755 ± 0.175 0.890 ± 0.077 0.926 ± 0.052 0.986 ± 0.060 0.191 ± 0.047
XGBoost 8.340 ± 2.085 15.606 ± 4.127 0.714 ± 0.193 0.870 ± 0.083 0.919 ± 0.052 1.011 ± 0.058 0.196 ± 0.051

LR 14.058 ± 3.711 30.674 ± 10.298 0.188 ± 0.815 0.641 ± 0.146 0.757 ± 0.099 1.032 ± 0.167 0.339 ± 0.104

ETR consistently emerged as the strongest baseline across both validation protocols, achieving the
lowest RMSE (5.534 ± 1.711/6.325 ± 1.824 MPa) and MAPE (10.040 ± 3.276%/12.268 ± 3.535%) and the
highest R2 (0.902 ± 0.096/0.834 ± 0.125). CatBoost ranked second across all metrics, with Random Forest
and XGBoost showing more moderate performance and progressively wider gaps relative to ETR. Linear
Regression substantially underperformed all nonlinear models; its RMSE was more than twice that of ETR,
and its Monte Carlo R2 (0.188 ± 0.815) indicates that it explains very little of the experimental variance when
tested on unseen mixtures. The high SD of LR (R2 SDs of 0.815 and 0.338) further reflects its instability across
different train-test splits, consistent with the strongly nonlinear character of the input-output relationships
in nano–silica–modified geopolymer mortar.

The bias ratio (θ−) was close to unity for the four ensemble models (0.986–1.016), indicating broadly
unbiased predictions. ETR additionally exhibited the lowest CoVθ (0.133 ± 0.042/0.147 ± 0.038), confirming
the most stable and consistent predictions across the dataset. Based on these baseline results, the three best-
performing models, ETR, CatBoost, and RF, were selected for Bayesian hyperparameter optimization.

4.5.2 Bayesian Hyperparameter Optimization
Hyperparameter tuning was performed using Bayesian optimization implemented through the Optuna

framework [57] with the Tree-structured Parzen Estimator (TPE) sampler. Bayesian optimization is preferred
over grid search and random search because it builds a probabilistic surrogate model of the objective function
and concentrates subsequent trials in regions of the search space most likely to improve performance. A total
of 200 trials were run per model, with the objective being the mean 10-fold cross-validation R2 evaluated
on the full dataset. A fixed random seed (42) was used throughout to ensure reproducibility. The optimal
hyperparameter configurations identified by Optuna are reported in Table 5.

The search spaces are summarized below:

• Extra Trees and Random Forest, the search ranges were: n estimators (100–1000), max features (0.1–1.0),
max depth (5–50), min samples split (2–20), min samples leaf (1–10), and ccp alpha (0.0–0.10).

• CatBoost: iterations (500–3000), learning rate (0.001–0.3), depth (3–8), l2 leaf reg (1.0–30.0), min data
in leaf (1–30), random strength (0.001–10.0), and bagging temperature (0.0–1.0).

For each tuned model, the optimized configuration was accepted only if it yielded a strictly higher 10-
fold CV R2 than the corresponding default model. All three models satisfied this criterion. As presented
in Tables 6 and 7, the tuned configurations were therefore adopted for all subsequent analyses. Performance
was reassessed using a set of complementary indicators: coefficient of determination (R2), root mean square
error (RMSE), mean absolute percentage error (MAPE), Pearson correlation coefficient (r), index of agree-
ment (IoA), and the bias-corrected uncertainty statistics (θ− and CoVθ) under both 10-fold cross-validation
and 100-repetition Monte Carlo simulation.
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Table 5: Optimal hyperparameters identified by Bayesian (Optuna TPE).

Hyperparameter ETR CatBoost RF
n_estimators 450 – 600
max_features 0.913 – 0.659

min_samples_split 3 – 2
min_samples_leaf 1 – 1

max_depth 29 – 39
ccp_alpha 0.022 – 0.065
iterations – 1500 –

learning_rate – 0.290 –
depth – 5 –

l2_leaf_reg – 29.40 –
min_data_in_leaf – 26 –
random_strength – 0.063 –

bagging_temperature – 0.794 –

Table 6: Comparison of default and tuned model performance under 10-fold cross-validation.

Model Config. RMSE (MPa) MAPE (%) R2 r IoA θ− CoVθ

ETR Default 5.53 10.04 0.902 0.950 0.973 0.997 0.133
ETR Tuned 5.43 10.51 0.906 0.952 0.974 0.992 0.134

CatBoost Default 5.86 11.76 0.890 0.947 0.968 0.991 0.144
CatBoost Tuned 5.65 11.78 0.898 0.951 0.970 1.001 0.146

RF Default 7.27 14.80 0.831 0.913 0.950 0.988 0.183
RF Tuned 6.93 13.09 0.846 0.920 0.957 0.997 0.171

Table 7: Comparison of default and tuned model performance under Monte Carlo simulation.

Model Config. RMSE (MPa) MAPE (%) R2 r IoA θ− CoVθ

ETR Default 6.33 12.27 0.834 0.927 0.953 0.997 0.147
ETR Tuned 6.24 12.13 0.844 0.931 0.955 0.995 0.147

CatBoost Default 6.83 14.21 0.812 0.920 0.942 0.991 0.167
CatBoost Tuned 6.77 14.12 0.818 0.922 0.943 0.996 0.168

RF Default 7.73 16.78 0.755 0.890 0.927 0.986 0.192
RF Tuned 7.55 15.33 0.766 0.892 0.934 0.999 0.184

Tuning produced consistent, if model-dependent, gains across both protocols. The ETR model exhibited
the smallest variation after tuning, with the 10-fold cross-validation R2 increasing from 0.902 to 0.906 and
the Monte Carlo (MC) R2 improving from 0.834 to 0.844. Similarly, the RMSE decreased from 5.53 to
5.43 MPa under cross-validation and from 6.33 to 6.24 MPa under MC simulation, accompanied by marginal
improvements in both Pearson’s correlation coefficient (r) and index of agreement (IoA), while the MAPE
remained nearly unchanged. CatBoost demonstrated consistent improvements across all evaluation metrics,
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with R2 increasing from 0.890 to 0.898 in cross-validation and from 0.812 to 0.818 in MC simulation.
Concurrently, the RMSE decreased from 5.86 to 5.65 MPa and from 6.83 to 6.77 MPa for the respective
validation protocols. Among the investigated models, Random Forest exhibited the most pronounced relative
improvement following optimization. The R2 increased from 0.831 to 0.846 under cross-validation and from
0.755 to 0.766 under MC simulation. In parallel, the RMSE decreased from 7.27 to 6.93 MPa and from 7.73
to 7.55 MPa, respectively. Moreover, the MAPE was reduced from 14.80% to 13.09% under cross-validation
and from 16.78% to 15.33% under MC simulation. The bias-corrected coefficient of variation (CoVθ) also
decreased from 0.183 to 0.171 in cross-validation and from 0.192 to 0.184 in MC simulation, indicating
improved predictive consistency and a more uniform model fit. The modest gains for all three tuned models
reflect that their default configurations are already well-suited to small-to-medium tabular regression.

4.5.3 Final Tuned Model Selection and Diagnostics
The optimized ETR model was selected as the final predictive model owing to its superior overall

performance, characterized by the highest 10-fold cross-validation R2 (0.906), the lowest RMSE (5.43 MPa),
the lowest MAPE, and the strong consistency between cross-validation and Monte Carlo simulation results.
These findings indicate the model’s robustness and its reliable generalization to unseen geopolymer mortar
mixtures. The diagnostic performance of the three optimized models is illustrated in Figs. 13 and 14, where
the predicted compressive strengths are compared with the corresponding experimental values under both
10-fold cross-validation and Monte Carlo simulation frameworks.

Figure 13: Actual and predicted CS for the ETR, CatBoost, and RF models.
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Figure 14: Real data and predicted values of CS based on different algorithms.

The trend plots in Fig. 13 show that the optimized ETR model achieved the closest agreement with
the experimental compressive strength values across the full strength range of the dataset (approximately
13–82 MPa). The model successfully captured both the low-strength behaviour of ambient-cured fly ash-
dominant mixtures and the high-strength responses of slag and metakaolin-based systems, demonstrating
its strong capability to model the nonlinear relationships governing nano-silica–modified geopolymer
mortar. CatBoost also exhibited strong predictive performance, although slight smoothing was observed at
higher strength levels (>70 MPa). In comparison, RF showed more noticeable smoothing of rapid strength
variations, indicating relatively lower sensitivity to localized nonlinear trends within the dataset.

The correlation plots presented in Fig. 14 further confirm the reliability of the developed models,
with most predictions clustered near the 1:1 reference line and within ±20% of it. Among the investigated
algorithms, the optimized ETR model produced the tightest clustering and lowest dispersion under both 10-
fold cross-validation and Monte Carlo simulation, reflecting its superior prediction accuracy and stability.
The few observed outliers were mainly associated with mixtures containing extreme nano-silica contents
or unusual activator ratios that were sparsely represented in the dataset. Overall, the combined results of
the baseline evaluation, Bayesian optimization, and diagnostic analysis support selecting the optimized ETR
model as the final predictive model for subsequent analyses.

4.6 Sensitivity Analysis and Feature Interpretation
To further interpret the predictive model, a feature importance analysis was performed using the trained

ETR model to quantify the relative influence of key design parameters on the 28-day compressive strength
of geopolymer mortar (GPM), as illustrated in Fig. 15. Since Extra Trees is an ensemble tree-based method,
the obtained importance values indicate how strongly each input variable contributes to reducing prediction
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error within the trained model. Therefore, these results should be interpreted together with the known
chemical and microstructural mechanisms governing geopolymerization and strength development.

Figure 15: Relative importance of mixture parameters affecting the compressive strength of nano-silica–modified
geopolymer mortar.

The results indicate that total binder content (including slag, fly ash, and metakaolin) is the most
influential parameter, contributing more than 50% to the prediction of compressive strength. This finding
is consistent with previous studies showing that binder composition governs geopolymerization reactions
and controls the formation of C–(A)–S–H and N–A–S–H gels responsible for strength development [5]. The
compressive strength increased significantly with increasing GGBFS content, highlighting the important role
of calcium-rich precursors in enhancing geopolymer reactivity [58,59].

Nano-silica was identified as the second most influential parameter on compressive strength, consistent
with its known role in geopolymer and cementitious systems. Due to its extremely fine particle size and
high specific surface area, nano-silica acts as a micro-filler, improves particle packing density, provides
nucleation sites for gel formation, and supplies additional reactive silica that promotes the development
of a denser aluminosilicate gel network [60,61]. However, its influence is dosage-dependent. At optimum
contents, nano-silica enhances matrix densification and strength, whereas excessive amounts may cause
particle agglomeration, increase water demand, reduce workability, and create weak zones within the matrix.
Previous studies similarly reported strength improvement up to an optimum nano-silica dosage followed
by strength reduction at higher contents [25,31,32]. Molarity and NaOH content also showed considerable
influence, confirming that alkaline concentration strongly affects dissolution of aluminosilicate precursors
and reaction kinetics. Similarly, the Na2SiO3/NaOH ratio plays a key role in controlling silica availability and
gel structure, as reported in prior studies [62].

In contrast, fine aggregate content and curing conditions exhibited comparatively lower importance
scores, indicating that, within the investigated range, chemical parameters predominantly govern the
compressive strength of geopolymer mortar. This behavior can be attributed to the fact that aggregates
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primarily serve as inert fillers within the matrix, contributing to particle packing, dimensional stability,
and workability rather than actively contributing to strength development. Consequently, their influence
on mechanical performance remains secondary compared to that of the binder system. In alkali-activated
materials, the geopolymerization process is fundamentally controlled by the chemistry of the precursor and
activator [4,63]. Although heat curing can accelerate reaction kinetics, particularly in low-calcium fly ash
systems, the incorporation of slag and nano-silica appears to reduce dependence on elevated-temperature
curing by promoting matrix densification and strength development under ambient conditions [64,65].

To further enhance the interpretability of the developed model and provide a more physically mean-
ingful explanation of the observed trends, partial dependence plots (PDPs) were generated for key variables,
including nano-silica content, NaOH molarity, and slag content, as shown in Fig. 16. Unlike marginal plots,
which reflect only pairwise relationships, PDPs illustrate the isolated effect of each variable on the predicted
compressive strength while averaging out the influence of all other input parameters. This enables a more
reliable interpretation of nonlinear interactions captured by the optimized ETR model.

Figure 16: Partial dependence plots for (a) nano-silica content, (b) molarity of NaOH, and (c) slag content, derived
from the tuned ETR model.

Fig. 16a indicates that nano-silica exhibits a nonlinear influence on compressive strength, with strength
initially increasing at low dosages before stabilizing or slightly decreasing beyond the optimum range, likely
due to nanoparticle agglomeration. Fig. 16b shows that increasing NaOH molarity enhances compressive
strength up to approximately 10–12 M, after which the beneficial effect becomes less pronounced. Simi-
larly, Fig. 16c confirms the strong positive contribution of slag content, with compressive strength increasing
substantially up to approximately 400–500 kg/m3 before gradually approaching a plateau.

5 Implementation and Practical Application
A user-friendly open-access web application was developed to predict the 28-day compressive strength

of geopolymer mortar using the Extra Trees (ET) model, which demonstrated the highest predictive
performance among all evaluated models. The tool enables users to input key mixture design parameters,
including Molarity (M), Fly ash, Slag, Metakaolin, Fine Aggregate, Nano-Silica content, NaOH, Na2SiO3, the
Na2SiO3/NaOH ratio, the Alkaline-to-Binder ratio, and curing condition. Based on these inputs, the trained
model provides an instant prediction of compressive strength.
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The application features an interactive interface that allows researchers and engineers to easily adjust
mixture parameters and obtain rapid strength estimates without requiring machine-learning expertise. Addi-
tionally, the platform displays model validation results from both 10-fold and Monte Carlo cross-validation
(100 repetitions), providing transparency into the predictive reliability of the developed model.

A screenshot of the web interface is shown in Fig. 17. The application’s source code is publicly available
at https://github.com/briarpt-rgb/geopolymer-mortar-strength-predictor, and the online prediction tool is
accessible at https://geopolymer-mortar-strength-predictor.streamlit.app/.

Figure 17: Screenshot of the developed compressive strength prediction tool.

6 Conclusions
This study developed and evaluated machine learning models to predict the 28-day compressive

strength of nano-silica-modified hybrid geopolymer mortar using a dataset of 73 mixtures compiled from
the literature. Five machine learning algorithms, including LR, RF, CatBoost, XGBoost, and ETR, were
comparatively assessed using 10-fold cross-validation and Monte Carlo simulation. Based on the obtained
results, the following conclusions can be drawn:

• The three best-performing models, namely ETR, CatBoost, and Random Forest, were further refined
through Bayesian hyperparameter optimization using the Optuna TPE sampler over 200 trials. Among
all evaluated models, the optimized ETR achieved the highest predictive accuracy, with R2 values of
0.906 and 0.844 under 10-fold cross-validation and Monte Carlo simulation, respectively, whereas the
baseline LR model exhibited the lowest predictive capability. Hyperparameter optimization produced
consistent improvements across the ensemble models, with Random Forest showing the greatest relative
enhancement: the R2 value increased from 0.831 to 0.846 and the MAPE decreased from 14.80%
to 13.09% under 10-fold cross-validation. These results demonstrate the effectiveness of systematic
optimization and confirm the ETR model’s superior ability to capture the complex nonlinear behavior
governing geopolymer mortar strength.

https://github.com/briarpt-rgb/geopolymer-mortar-strength-predictor
https://geopolymer-mortar-strength-predictor.streamlit.app/
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• The reliability and robustness of the optimized ETR model were further confirmed through bias and
error analysis. The model exhibited negligible systematic bias, with θ− values of 0.992 and 0.995 under
10-fold cross-validation and Monte Carlo simulation, respectively. Moreover, the low CoVθ values (0.134
and 0.147), high agreement indices (r = 0.952 and 0.931; IoA = 0.974 and 0.955), and relatively low
prediction errors (RMSE = 5.43 and 6.24 MPa; MAPE = 10.51% and 12.13%) demonstrate stable, accurate,
and consistent predictive performance across both validation strategies.

• Feature importance analysis of the Extra Trees Regressor (ETR) model revealed that precursor binder
composition (slag, fly ash, and metakaolin contents) was the dominant factor governing the 28-
day compressive strength of geopolymer mortar, contributing more than 50% of the total model
importance. Nano-Silica dosage ranked as the second most influential parameter at approximately
15%, followed by NaOH molarity and alkaline activator content. In contrast, the alkaline-to-binder
ratio, Na2SiO3/NaOH ratio, fine aggregate content, and curing conditions exhibited comparatively
smaller contributions. These findings are physically interpretable and consistent with the established
chemical and microstructural mechanisms of geopolymerization, thereby supporting the reliability and
robustness of the model predictions.

• Finally, an open-access, user-friendly web tool application was developed as a practical tool for
estimating 28-day compressive strength of geopolymer mortar modified with nano silica based on
mixture design parameters, enabling rapid assessment for researchers and practitioners.

Limitations and Future Work Recommendations
A key limitation of this study is that the model is developed from a small size dataset (73 mixes),

reflecting the current scarcity of available data on nano-silica–modified geopolymer systems.
Although the use of dual validation approaches, including 10-fold cross-validation and Monte Carlo

simulation, enhances the internal reliability of the developed models, the absence of independent external
validation remains a limitation. Future studies should incorporate larger and externally validated exper-
imental datasets to further evaluate and improve the generalizability and robustness of the proposed
prediction framework.
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Abbreviations
The following abbreviations are used in this manuscript:

C-A-S-H Calcium-alumino-silicate-hydrate
N–A–S–H Sodium aluminosilicate hydrate
GPM Geopolymer mortar
AAM Alkali Activated Mortar
Ns Nano-silica
CS Compressive strength
R2 Coefficient of determination
RMSE Root mean squared error
MAE Mean absolute error
SI Scatter index
ML Machine Learning
LR Linear regression
RF Random Forest
XGBoost Extreme Gradient Boosting
ETR Extra Trees Regressor
NLR Nonlinear regression
MLR Multi-logistic regression
ANN Artificial neural network
TPE Tree-structured Parzen Estimator
CV Cross Validation
MC Monte Carlo
A/B Alkaline solution to binder ratio
SH Sodium hydroxide
SS Sodium silicate
SS/SH Sodium silicate to sodium hydroxide ratio
M Molarity of sodium hydroxide
FA Fine aggregate
T Curing temperature
A Geopolymer mortar specimens’ ages
B Binder content
Nm Nanometer
NPs Nanoparticles
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