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A B S T R A C T

Geopolymer concrete (GPC) is a sustainable alternative to conventional Portland cement concrete, utilising in
dustrial by-products like fly ash (FA) and ground-granulated blast-furnace slag (GGBS). However, optimising 
GPC’s compressive strength (CS) often requires costly and time-consuming experimental trials. This study de
velops a deep learning (DL) model based on convolutional neural networks (CNN) to predict the CS of FA/GGBS- 
based GPC. The model integrates key mix parameters such as material proportions, curing conditions, and the 
chemical composition of FA/GGBS binders, making it chemistry-informed. The CNN architecture includes two 
convolution layers, global max-pooling, and two fully connected layers, with 11 input variables and a single 
output for CS prediction. To optimise model accuracy, the enhanced bat algorithm (EBA) is designed for met
aparameter tuning. The model is trained and tested on a comprehensive dataset comprising experimental data 
extracted from published literature. The results demonstrate that the EBA-optimised CNN outperforms tradi
tional learning models, including support vector machine (SVM), extreme gradient boosting (XGBoost), and 
artificial neural networks (ANN), with higher performance in terms of R2, MAE, and RMSE. The model achieved 
R2 values of 0.997 for training and 0.978 for testing. Additionally, the Shapley additive explanations (SHAP) 
method was used to interpret the model, identifying the Na2O to binder ratio and curing age as the most 
influential factors on CS. This study highlights the potential of DL techniques, particularly chemistry-informed 
CNN with metaparameter optimisation, for accurately predicting the strength of GPC, providing a cost- 
effective solution for mix design and performance evaluation.

1. Introduction

Geopolymer concrete (GPC) is a type of concrete that uses by- 
products and alkaline activators instead of Portland cement to bind 
the aggregate together (Bahmani et al., 2024). The paste is typically 
made from a mixture of an alkali source (such as sodium hydroxide or 
potassium hydroxide) and an aluminosilicate source (such as fly ash, 
slag, or kaolin) (Jia et al., 2020; Shilar et al., 2022; Wang et al., 2025; 
Xiao et al., 2022; Zhou et al., 2024a). This results in a material that is 

more sustainable, environmental-friendly, and has improved mechani
cal properties (e.g., compressive strength, elastic modulus, splitting 
tensile strength and flexural strength) and durability (e.g., shrinkage, 
fire resistance, sulfate resistance and chloride penetration resistance) 
compared to traditional Portland cement concrete (Siddika et al., 2021; 
Zhou et al., 2024c). The production of GPC also generates less carbon 
dioxide emission, making it a more sustainable alternative for con
struction (Gao et al., 2025a; Kanagaraj et al., 2024). Among the various 
available geopolymer materials, fly ash (FA) and ground-granulated 
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blast-furnace slag (GGBS) have become the preferred options; this is due 
to their relative abundance and their silica and alumina content (Li 
et al., 2022; Shilar et al., 2023b; Shilar et al., 2025; Zhang, B. et al., 
2025). Hardjito and Rangan (2005) designed low-calcium FA-based 
GPC, the properties of which were also analysed via experiments. Ng and 
Foster (2013) explored a design approach to achieve ideal combination 
of GPC with a particular emphasis on enhancing compressive strength, 
where FA and GGBS were employed as primary components in pro
ducing GPC binder. In the design of GGBS/FA-based GPC, strength is a 
primary mechanical property considered in design (Amin, M. et al., 
2022; Shilar et al., 2023a; Zhang et al., 2024). It is typically determined 
through testing after a standard 28-day curing period (Zhou et al., 
2024b). However, the 28-day waiting time can hinder timely mix 
development and mix optimisation, where a wide array of materials and 
precursors are available (Gao et al., 2025b). As a result, there has been 
significant interest from both academia and industry in developing a 
reliable predictive model for the estimation of strength prior to mix 
development and testing.

A variety of models have been proposed to predict compressive 
strength of GPC and mortar. For example, Cong et al. (2020) developed a 
model to predict the properties of GGBS/FA GPC based on stress-strain 
and modulus of elasticity under combined tension and compression 
loading. However, the model predictions were not consistent with test 
results. Zhang et al. (2020) analysed the residual strength of low calcium 
FA-based GPC after high-temperature exposure and found that the 
experimental strengths were usually higher than the predicted values. Le 
et al. (2021) compared the revised Feret model (2019) and De Larrard 
model (1999) to predict the strength of FA-based geopolymer recycled 
aggregate concrete, with De Larrard model giving satisfactory results 
with only natural and recycled aggregate parameters determined in 
advance. A disadvantage of these models is that the calculation process 
solidifies the expression of the function, limiting the possibility of 
further improving prediction accuracy. For geopolymer binders, Ng and 
Foster (2013) developed a performance matrix-based approach on a mix 
of fly ash and slag, with consideration to particle packing density. While 
this approach is useful in optimising mix design using a given set of 
materials for strength, it is experimentally intensive (and thus 
time-costly).

In recent years, artificial intelligence in concrete mix design and 
performance prediction has been getting significant attention (Alyami 
et al., 2024; Wu et al., 2024; Zandifaez et al., 2023). Using machine 
learning (ML) in place of empirical methods for predicting concrete 
mechanical properties is advantageous due to its ability to account for 
nonlinear relationships between variables, together with the impact of 
other factors (Ai et al., 2022; Liu et al., 2024). Most ML algorithms 
divide data into training and testing sets and iterate until predictions 
meet requirements (Zhang et al., 2023; Zhang, T. et al., 2025), whereas 
empirical models can only iterate once, resulting in fitting parameters. 
This explains why simple regression often fails to deliver desired results. 
In the field of ML-based strength prediction of GPC, Ahmad et al. (2022)
conducted a study to compare the accuracy of three ML methods: de
cision tree (DT), AdaBoost, and bagging regressor (BR). The study aimed 
to predict the compressive strength of GPC, which includes FA. The 
results showed that the BR method had the highest accuracy among the 
methods tested. To improve prediction accuracy of strength for possible 
lower effect alternative to Portland cement mixes, Peng and Unluer 
(2022) utilised three ML methods to evaluate 28-day compressive 
strength of FA-based GPC; namely, support vector machine (SVM), 
artificial neural networks (ANN) and extreme learning machine (ELM). 
Gunasekara et al. (2021) proposed a hybrid model, consisting of ANN, 
Levenberg-Marquardt (LM) algorithm and Bayesian regularisation al
gorithm to characterise modulus of elasticity and tensile strength of 
high-calcium FA-based GPC, in which compressive strength is included 
as a model input. In Awoyera et al. (2020), tensile strength and flexural 
strength of GPC were modelled using ANN and genetic expression pro
gramming (GEP), where FA was substituted for silica fume and GGBS, in 

addition to sand. A comparative study on the capabilities of different ML 
approaches in modelling strength of GGBS/FA-based GPC was con
ducted by Gupta and Rao (2022). However, the comparison results 
demonstrated that prediction accuracy of these models is significantly 
impacted by input variable selection and model metaparameter setting.

The advancement of deep learning (DL) has revolutionised various 
fields in recent years, making it possible to tackle complex problems that 
were once not possible (Ai et al., 2023; Jiang et al., 2024). The combi
nation of feature extraction and pattern recognition in DL has enabled 
the creation of highly sophisticated models capable of performing 
complex tasks with high accuracy. Some of the areas where DL has been 
applied include computer vision, natural language processing, fraud 
detection, video streaming, transportation, etc. In the fields of concrete 
materials and structures, DL has also been utilised to address a variety of 
challenges. Damage diagnosis of concrete beams, for example, can be 
performed using a deep stacked autoencoder (SAE) network-based 
framework, as proposed by Yu et al. (2023). In their work, they 
employed principal component analysis (PCA) technique to extract 
features from the frequency responses of vibration measurements, which 
were then used as inputs to the deep SAE network. Jo and Jadidi (2020)
utilised deep belief networks to develop an automated classification 
system, which can be installed on unmanned aerial vehicles (UAV) to 
analyse RGB and infrared images for surface crack detection of concrete 
structures. On basis of generative adversarial network, Dunphy et al. 
(2022) proposed a deep transfer learning framework for multiple dam
age classification of concrete structure. In Yu et al. (2022), deep CNN 
models (i.e., AlexNet and GoogLeNet) were utilised for concrete crack 
detection and segmentation, which demonstrated outstanding perfor
mance despite the input images being polluted with various noises. CNN 
was also employed for evaluating workability properties of concrete, 
such as slump and slump flow, based on video captured during concrete 
mix procedure (Yang et al., 2021). Deng et al. (2018) employed CNN to 
develop a predictive model to estimate strength of recycled aggregate 
concrete, where the network input was in the form of 2 × 2 matrix 
containing water-cement ratio, fine aggregate replacement ratio, coarse 
aggregate replacement ratio and FA content (Oyebisi and Alomayri, 
2023). explored the application of deep neural networks (DNN) to pre
dict mechanical strengths of GPC made of corncob ash (CCA) and GGBS. 
The results showed that a 10-20-20-20-1 network topology was most 
effective for predicting compressive and flexural strengths, while a 
10-17-17-17-1 topology was best for split tensile strength. Among 
various DL methods, CNN, with remarkable ability to generalise, has 
been widely applied in concrete field. However, the performance of CNN 
is inextricably linked to the arrangement of its metaparameters, which 
act as a guide for training the network. Altering these metaparameters 
can produce remarkably diverse results for a CNN. Although a set of 
metaparameters may prove to be successful in one scenario, it may not 
yield the same level of performance in other situations. Thus, it is 
important to optimise the parameters of a CNN prior to utilising it in a 
specific application.

The primary objective of this study is to develop a chemistry- 
informed and interpretable DL model for predicting the compressive 
strength of GPC containing FA and GGBS. Recent advancements in ML/ 
DL have demonstrated great potential in capturing complex and 
nonlinear relationships between input variables and output predictions. 
However, existing models often fail to account for the diverse chemical 
compositions and blend proportions of GGBS/FA binders, which 
significantly influence strength. This study adopts 1D-CNN to incorpo
rate not only the mix proportions and curing conditions but also the 
chemical makeup of the GGBS/FA blends. The model architecture con
sists of two convolution layers, followed by a global max-pooling layer 
and two fully connected layers. To enhance model accuracy and 
generalisation, the CNN metaparameters are optimised using the 
enhanced bat algorithm (EBA) that improves convergence and solution 
quality over standard methods. The specific objectives of this research 
are: 
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• To develop a robust DL model that integrates both the mix pro
portions and the chemical composition of GGBS/FA blends for more 
accurate compressive strength prediction.

• To optimise the metaparameters of the CNN using EBA to enhance 
the model accuracy.

• To interpret the model’s predictions by identifying and quantifying 
the influence of each input variable on the compressive strength of 
GPC, using Shapley additive explanations (SHAP).

2. Theoretical background

2.1. D convolutional neural network

1D-CNN is a type of convolutional neural network for dealing with 
sequential data (Nguyen et al., 2023). In 1D-CNN, the input, convolu
tional kernel and outputs of convolution and pooling layers are all 
one-dimensional, which is different from that of 2D-CNN. Since 1D-CNN 
adopts an end-to-end network structure, it is highly robust. Like 
2D-CNN, 1D-CNN also contains the characteristics of local connectivity 
and weight sharing, where local connectivity utilises spatial topology to 
establish non-fully connected spatial relationships between neighbour
ing layers to reduce the number of parameters required to train the 
network, and weight sharing is used to avoid the overfitting of trained 
model. In general, 1D-CNN is composed of an input layer, convolution 
layers, pooling layers, fully connected (FC) layers, and an output layer.

The function of convolution layer is to extract features from input 
data to perform a local convolution operation on the target input by 
sequentially sliding a convolution kernel, which is essentially a weight 
matrix learned by a local sensory field. The main feature of convolution 
layer is the utilisation of local connectivity and weight sharing. The one- 
dimensional convolutional operation is expressed as: 

yi = f

(
∑

i
kij*xi + bi

)

(1) 

where “*” denotes the convolutional operation; yi denotes ith output 
feature map; xi denotes ith input feature map; kij denotes the convolu
tion kernel; bi denotes the bias of ith feature map; f( ⋅) denotes the 
activation function. In CNN, there are several activation functions to be 
selected for conducting nonlinear transformation, including hyperbolic 
tangent function (tanh), sigmoid function, rectified linear unit (ReLU) 
and leaky ReLU (LReLU). The expression of four nonlinear activation 
functions is summarised in Fig. 1.

The pooling layer has the main function of removing redundant in
formation to extract important features while maintaining feature con

sistency, which can help prevent overfitting. There are two commonly 
used pooling methods: maximum pooling and average pooling, which 
can be represented by: 

pl =max
{
al} (2) 

pl =
l
k
∑

al (3) 

where p denotes the feature matrix obtained by pooling, l denotes the 
width of feature map, and a denotes the feature matrix after activation of 
convolution layer. Maximum pooling and average pooling calculate the 
maximum and mean values within adjacent rectangular regions, 
respectively; maximum pooling is more commonly used owing to its 
location-independent information.

The FC layer is used to comprehensively fuse the local features 
extracted from convolution and pooling layers to obtain all the features 
of input data. It is the same as the hidden layer in back-propagation (BP) 
neural network. Based on combined features, the prediction result will 
be generated using a regression activation function.

2.2. Bat algorithm

The bat algorithm (BA) is a stochastic search algorithm that simu
lates the ability of bats to detect and pursue prey and avoid obstacles 
using ultrasonic echolocation, thus correlating it with the global search 
function (Yang and Hossein Gandomi, 2012). The fundamental of BA is 
to map a population of N individual bats to NP feasible solutions in 
D-dimensional space, modelling the optimisation process as prey 
detection and search by individual bats in the population. In the opti
misation process, each individual bat changes its location by adjusting 
its own loudness and pulse rate, evaluating the superiority and inferi
ority of location according to fitness value, and replacing inferior solu
tion with better one, thus following the optimal individual bat and 
finding the global optimal solution. In a D-dimensional space, the 
updating of velocity and location of ith bat can be formulated as: 

fi = fmin + (fmax − fmin)β (4) 

vt+1
i = vt

i +
(
xt

i − x*)fi (5) 

xt+1
i = xt

i + vt
i (6) 

where fi denotes pulse frequency of ith bat; fmax and fmin denote the 
maximum and minimum pulse frequencies, respectively; xt

i denotes the 
location of ith bat at time t; vt

i denotes the velocity of ith bat at time t; x* 

Fig. 1. Comparisons of different activation functions.
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is the optimal solution among all individuals in the current iteration; β is 
a random number between 0 and 1.

During the local search process, the random walk is performed on the 
current optimal solution and a new optimal solution is generated. The 
formula of local search for optimal solution is given by: 

xnew = xpre + εAt (7) 

where xpre denotes the previous optimal solution; xpre is newly generated 
optimal solution after random walk; ε is a random number between 
0 and 1; At denotes the mean loudness of the whole population at time t.

In the initial stage of iterative search, the bats emit pulses with low 
frequencies and high loudness to extend the search range and enhance 
the global search ability of algorithm. When the approximate area of 
global optimum is localised, the loudness is reduced, and pulse emission 
rate is gradually increased to raise the local search ability to improve the 
solution accuracy. The updated formulae of loudness At+1

i and pulse 
emission rate Rt+1

i of ith bat are provided as follows: 

At+1
i = αAt

i (8) 

Rt+1
i =R0

i (1 − e− γt) (9) 

where At
i and Rt

i denote the loudness and pulse emission rate of ith bat at 
time t; α is a random number between 0 and 1; γ denotes pulse emission 
rate enhancement coefficient, which is above 0.

3. Dataset development and analysis

It is well known that a consolidated experimental database, which 
comprises all the influencing variables, is of great significance for the 
development of a highly accurate and robust data-driven surrogate 
model to predict compressive strength of GGBS/FA-based GPC. To 
ensure the reliability and relevance of the data used in this study, a 
systematic literature review was conducted following preferred report
ing items for systematic reviews and meta-analyses (PRISMA) guideline. 
First, relevant studies were identified through a comprehensive search 
of major databases, including Web of Science, Scopus and Google 
Scholar. The search was conducted using keywords, such as geopolymer 
concrete, fly ash, GGBS and compressive strength. Initially, more than 
900 groups of experimental data of GGBS/FA-based GPC of oven and 
ambient cured GPC concrete, of different mixes, and ages, were collected 
from 22 scientific papers published between 2001 and 2022 (Castel and 
Foster, 2015; Chithambaram et al., 2018; Das and Shrivastava, 2021; 
Deb et al., 2014, 2015; Fang et al., 2018; Jithendra and Elavenil, 2019; 
Karthik et al., 2017; Lee and Lee, 2013; Memon et al., 2011; Morsy et al., 
2022; Nath and Sarker, 2017; Noushini et al., 2016, 2020; Pavithra 
et al., 2016; Reddy et al., 2013; Roy et al., 2022; Tang et al., 2019; Upreti 
et al., 2022; Verma and Dev, 2021, 2022; Waqas et al., 2021).

In low-calcium GGBS/FA blended binders, a minimum volume of 
calcium silicate derived from the slag is needed to achieve practical 
strengths for structural concrete (characteristic strengths of 25 MPa and 
higher), without the use of externally applied heat (Davidovits, 2008; 
Kumar et al., 2010; Lee and Lee, 2013). In addition, the strength of 
blends with low volumes of slag can vary greatly depending on the 
preparation, condition, and properties of the activator and of the source 
materials (Davidovits, 2008). It is well recognised that the geo
polymerisation potential of FA is highly dependent on its source. Fly 
ashes with high glass content are more conducive to polymerisation, 
while those containing high levels of disruptive species can significantly 
slow down the reactions, potentially rendering the final product 
non-viable as a cementitious material replacement (Davidovits, 2008). 
The GGBS-to-total binder ratio of 0.3 for ambient is adopted based on 
experimental evidence demonstrating that slag content below 30 % fails 
to provide adequate calcium for strength-forming C-A-S-H gel under 
ambient condition, resulting in inconsistent setting and subpar 

mechanical properties (Lee and Lee, 2013; Nath and Sarker, 2014). 
Conversely, for oven-cured specimens, elevated temperature accelerates 
the dissolution and reaction of fly ash aluminosilicates, reducing the 
reliance on calcium from slag. Here, a lower threshold of 0.1 suffices, as 
validated by studies confirming that heat curing enables viable geo
polymerisation even with minimal slag content (Pavithra et al., 2016; 
Morsy et al., 2022). It is taken a priori that only fly ashes meeting min
imum requirements for polymerisation are incorporated into the mix, 
such as those defined according to criteria established in Fernández-
Jiménez and Palomo (2003) and Duxson et al. (2007), and summarised 
in Davidovits (2008).

Furthermore, all the experimental results employed standardised 
measurement techniques, primarily following ASTM C39 or equivalent 
protocols for compressive strength testing. Variations in specimen ge
ometry, such as cube versus cylinder tests, were addressed by applying a 
conversion factor of 0.85 to cube strength to ensure consistency with 
cylinder-based prediction, as adopted by Yi et al. (2006). Sample prep
aration protocols were rigorously reviewed: all included studies docu
mented curing conditions ranging from ambient temperatures of 
15–30 ◦C to oven curing at 60–120 ◦C, standard mould types, including 
steel or plastic, and consistent mixing procedures such as controlled 
alkali activator-to-binder ratios. Quality control measures involved 
cross-verification of extracted data by the first and second authors and 
exclusion of studies with incomplete methodological details, such as 
undocumented curing humidity or activator purity. This harmonisation 
ensured the dataset reflected reproducible, high-confidence experi
mental outcomes while minimising bias from heterogeneous protocols.

Finally, the dataset, comprising a total of 376 groups of experimental 
data, is obtained for establishing a strength prediction model of GGBS/ 
FA-based GPC. The exclusions are based on several key factors. First, 
only mixes meeting minimum GGBS-to-binder ratios of 0.3 for ambient 
curing or 0.1 for oven curing are retained to ensure structural viability, 
as supported by prior research from Davidovits (2008). Second, fly ash 
samples that do not satisfy established polymerisation criteria regarding 
glass content and chemical composition are excluded, following the 
work of Fernández-Jiménez and Palomo (2003) and Duxson et al. 
(2007). Third, data lacking standardised compressive strength testing 
protocols such as ASTM C39 or equivalent, or involving uncorrected 
specimen geometries, are removed to maintain consistency. Fourth, 
studies with incomplete methodological details, such as undocumented 
curing conditions or missing mix parameters, are omitted to ensure 
reproducibility. Additionally, it is worth noting that in Karthik et al. 
(2017), bio-additives were used in the geopolymer concrete mix, while 
in Tang et al. (2019), recycled aggregates were incorporated into the 
mix. During the data collection process, only the reference mix cases in 
both references were considered, which did not include either 
bio-additives or recycled aggregates, as these are outside the scope of 
this study. This rigorous filtering process, while substantially reducing 
the dataset size, ensures homogeneity and reliability, aligning the data 
with the study’s objectives and minimising biases from inconsistent 
experimental protocols. The final curated dataset thus represents 
high-quality, reproducible results suitable for robust model develop
ment. Table 1 provides a summary of the studies included in the dataset, 
together with the number of data points extracted from each study and 
the key variables included. Fig. 2 presents the flowchart outlining data 
sources, collection, screening, refining and analysis process. The 
detailed information about the dataset is also available in the Supple
mentary Materials.

The variables in the dataset not only comprises constituent materials, 
curing conditions and measurements, including FA, GGBS, ratio of fine 
aggregate to binder (FBR), ratio of coarse aggregate to binder (CBR), 
ratio of water to solid (W/S), superplasticiser (SP), curing temperature 
(CT), oven curing hour (CH), concrete age (CA) and compressive 
strength (CS), but also includes the parameters related to chemical 
compositions of FA/GGBS blended binders, such as molar ratio (Ms) of 
silicon dioxide (SiO2) to sodium oxide (Na2O) and ratio of Na2O to 
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binder (nm). Although inherent variations in FA fineness, specific glass 
content, or minor impurities within the defined criteria remain, the 
model directly accounts for the resulting activator chemistry used with 
these binders. As critical variables of model, Ms and nm capture the 
effective alkalinity and silicate modulus driving the geopolymerisation 
reaction in the specific mix, thereby allowing the model to adapt to 
variations in the inherent reactivity of the source materials used across 
different studies included in the dataset. Table 2 displays the results of 

statistical analysis of these variables in the database, comprising max
ima (Max), minima (Min), median, mode, mean, range, skewness, kur
tosis, and standard deviation (Std). Among these statistical metrics, 
median, mode and mean indicate the central characteristics of data, 
whereas Max, Min, range, skewness, kurtosis and Std relate to irregular 
characteristics of data. Since the statistical results demonstrate wider 
ranges of influencing parameters of strength of GGBS/FA-based GPC, the 
robustness of designed data-driven model can be guaranteed for further 
practical applications. Fig. 3 portrays relative frequency distributions 
(RFD) and cumulative percents of all the parameters in the database via 
the column diagrams. The RFD describes the percentage of total obser
vations related to each value range, which corresponds to probability 
distributions utilised in statistics.

The influence of each parameter on strength of GGBS/FA-based GPC 
is analysed based on the previous studies. It is well known that in the 
blended system, where ambient curing is applied, increasing FA amount 
will decrease the strength of GPC (Castel and Foster, 2015; Hajimo
hammadi et al., 2019; Nath and Sarker, 2014). The GGBS, however, 
contributes to the improvement of strength of GPC. On the other hand, 
studies showed that increasing the slag content reduces the setting time 
and increases shrinkage (Lemougna et al., 2020). Nedeljković et al. 
(2018) concluded that lower slag contents, 30 % and 50 %, exhibited 
better workability and lower autogenous shrinkage. On the one hand, 
the study by Yadollahi et al. (2015) showed that strength increases with 
the increase of Na2O content from 4 % to 10 % and with silica modulus 
increase from 0.52 to 0.68; on the other hand, the strength decreases 
with increasing water/binder ratio from 0.36 to 0.44. Other researchers 
supported that decreasing water to binder ratio leads to an increase of 
strength (Allahverdi et al., 2008; Bakharev, 2005; Hajimohammadi 
et al., 2017; Luukkonen et al., 2020; Van Jaarsveld et al., 2002). In 
another study, Firdous and Stephan (2019) showed that low silica 
modulus of alkaline solution leads to efflorescence and a lower degree of 
polymerisation, thus reducing compressive strength. While at higher 

Table 1 
Summary of experimental dataset collected from literature.

Reference No of data 
samples

Key variables

Lee and Lee (2013) 5 FA, GGBS, alkaline solution
Upreti et al. (2022) 45 FA, GGBS, curing condition
Karthik et al. (2017) 6 FA, GGBS, alkaline solution, bio-additives, 

curing duration
Verma and Dev 

(2021)
50 FA, GGBS, alkaline solution, curing 

duration
Jithendra and 

Elavenil (2019)
10 GGBS, superplasticiser, curing duration

Tang et al. (2019) 3 FA, GGBS, recycled aggregate 
replacement ratio, curing condition

Roy et al. (2022) 34 FA, GGBS, alkaline solution, curing 
condition

Morsy et al. (2022) 60 FA, GGBS, alkaline solution, curing 
temperature

Das and Shrivastava 
(2021)

6 FA, GGBS, alkaline solution, curing 
condition

Fang et al. (2018) 5 FA, GGBS, alkaline solution
Waqas et al. (2021) 60 FA, GGBS, alkaline solution, aggregate, 

curing duration
Verma and Dev 

(2022)
44 Liquid to binder ratio, curing temperature, 

alkaline solution
Noushini et al. 

(2020)
48 FA, GGBS, curing condition

Fig. 2. Flowchart of the process of data sources, collection, screening, refining and analysis.

Table 2 
Statistical metrics of dataset for GGBS/FA-based GPC compressive strength prediction.

Parameter Metrics

Max Min Median Mode Mean Range Skewness Kurtosis Std

FA (kg/m3) 378 0 287 304 248 378 − 1.44 4.13 101
GGBS (kg/m3) 450 38.8 120 101 156 411 1.32 3.97 102
FBR 2.33 1.31 1.69 1.69 1.68 1.02 1.58 9.18 0.143
CBR 3.95 2.27 3.13 3.13 3.06 1.68 − 0.893 5.67 0.260
W/S 0.507 0.136 0.259 0.507 0.301 0.371 0.865 2.42 0.106
Ms 1.63 0.532 0.977 0.678 0.971 1.10 0.398 2.22 0.274
nm (%) 23.7 4.32 7.96 7.96 9.95 19.3 1.91 5.11 5.48
SP (%) 6.00 0 0 0 0.524 6.00 2.64 13.7 0.881
CT (◦C) 120 15.0 60.0 60.0 51.2 105 0.279 2.32 23.0
CH (h) 48.0 0 24.0 24.0 18.7 48.0 0.411 2.17 16.5
CA (day) 90.0 1.00 28.0 28.0 24.7 89.0 1.16 4.63 19.3
CS (MPa) 76.2 11.9 31.0 45.9 35.8 64.3 0.541 2.31 14.5
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silica modulus, the strength reduces again. This is due to the dissolution 
of aluminate and silicate species that increases with the reduction of 
silica modulus, and at higher silica modulus, the dissolution of the raw 
sample decreases. However, the mechanical properties of the resultant 
gel formed depend on the degree of polymerisation of the gel structure. 
Firdous and Stephan (2019) concluded that the optimum silica moduli 
depend on the composition of natural pozzolan. In a study by Kaze et al. 
(2021), it was found that the optimum silica modulus is about 1.3 and 
increasing the silica modulus further had a detrimental effect on the 
hardened properties of alkali-activated binder. Given the discussion 
above, it is concluded that no clear relationship is observable between 
silica modulus, or Na2O content, and strength. Rather, it is dependent on 
the binder properties (Adewumi et al., 2021; Allahverdi et al., 2008; 
Luukkonen et al., 2020).

The above analysis shows that the compressive strength of GGBS/FA- 
based GPC is influenced by a variety of factors, in different ways. 
Accordingly, all these influencing factors need to be considered in 
strength prediction model development. In view of this, each input of 
surrogate model is supposed to be independent of others to prevent in
formation from being redundant, which may lower the generalisation 
capacity of developed model. In this section, the independence of 
influencing parameters is evaluated using a correlation analysis, where 
the correlation coefficient (CC) between any two parameters is used as 

an indicator to assess their dependence (or similarity). In general, the 
value of CC ranges between − 1.0 and 1.0, where CC of 1.0 indicates the 
best correlation in the positive, and CC of − 1.0 indicates the best cor
relation in the negative. A CC value of zero indicates that there is no 
linear relationship between two parameters. The higher the absolute 
value of CC, the greater the correlation. If two parameters have stronger 
relationship based on their CC, one parameter should be eliminated 
since it can be expressed directly by the other. This research includes 
considering 11 influencing parameters for compressive strength of 
GGBS/FA-based GPC, thus contributing to an 11 × 11 CC matrix, as 
shown in Fig. 4. As described in the figure, all the CC values are in the 
range of [–0.68, 0.7], except that on the diagonal, which represents self- 
correlation with the value of one. Generally, if the absolute value of CC is 
no more than 0.7, only a low correlation exists between two parameters. 
Consequently, according to the results in the CC matrix, it can be 
concluded that all 11 influencing parameters can be employed as input 
variables to design the chemistry-informed surrogate strength predic
tion model.

4. Development of EBA-optimised chemistry-informed 1D-CNN 
model

In this section, a novel chemistry-informed surrogate model is 

Fig. 3. Frequency distribution analysis of different parameters in this study.
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developed to predict the compressive strength of GGBS/FA-based GPC, 
which is based on DL technique. The relevant contents, including model 
configuration, network training and metaparameter adjustment, are 
presented in this section.

4.1. Model architecture

The architecture of the proposed 1D-CNN model for strength pre
diction of GGBS/FA-based GPC is shown in Fig. 5. The whole network is 
comprised of 1D input layer, convolution layers, pooling layer, FC layers 
and output layer. The input layer contains 11 neurons, corresponding to 
11 influencing factors of strength of GGBS/FA-based GPC, i.e., FA, 
GGBS, FAG, CAG, W/C, Ms, nm, SP, CT, CH and CA. Following the input 
layer, the first convolution layer (Conv1), involving several kernels, is 
added for compressive strength-sensitive feature extraction, where the 
kernel size is 3 × 1, the stride is one and the padding is “causal”. Then, 
the second convolution layer (Conv2) is connected to Conv1 for further 
exploring deep representations, with the kernel size of 3 × 1, stride of 
one and causal padding. After two convolution layers, a global max- 
pooling layer is employed for downsampling learned deep features to 
contribute a feature map, which is then input into the FC layers. In the 

proposed model, two FCs, namely FC1 and FC2, with the numbers of 
neurons in a reducing way, are adopted as the hidden layers for 
redundant feature elimination and pattern recognition, which outputs 
the strength of GGBS/FA-based GPC. In the convolution layers, the 
LReLU is used as the activation function, while the activation function of 
FC layers is sigmoid function.

Although the input features in this study are not inherently temporal 
or spatial, the use of 1D-CNN is motivated by its capability to learn and 
extract local patterns and feature interactions that may not be easily 
captured by more traditional models such as MLP networks. Addition
ally, even though the inputs are scalar quantities representing chemical 
and mix design parameters, their relationships are not strictly inde
pendent. The model benefits from the convolutional layer’s ability to 
detect local dependencies and co-variations among groups of features, 
such as the interplay between chemical activator ratios (Ms and nm) and 
binder content or water ratios. These interactions, while not sequential 
in a traditional sense, can still be captured effectively by 1D-CNN filters 
that scan across input dimensions. Furthermore, weight sharing in CNN 
kernels reduces overfitting risks with limited training data, where MLP 
networks are prone to overfitting with dense connections. Accordingly, 
1D-CNN offers a balanced approach that captures meaningful feature 

Fig. 3. (continued).
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interactions while maintaining generalisation performance, making it a 
suitable and effective choice for modelling compressive strength of 
GGBS/FA-based GPC.

4.2. Training of proposed 1D-CNN model

The procedure of 1D-CNN training includes prediction forward 
propagation and error back-propagation. First, the inputs of influencing 
factors of compressive strength of GGBS/FA-based GPC are passed 
through convolution layers, pooling layer, and FC layers to output a 
prediction value of strength, with initial connection weights and bias of 
network. Then, the errors between predicted strengths and real values 
are propagated from output layer back to the input layer reversely. In 
the back-propagation process, the network weights and biases are 
continuously updated so that the predicted strength values are close to 

corresponding real values (Dai et al., 2025; Wang, L. et al., 2024; Yu 
et al., 2025). This process is repeated until the error reaches a certain 
threshold, which indicates the network training is finished.

Since the network training is an optimisation procedure on basis of 
supervised learning, the optimisation objective, i.e., loss function, 
should be defined to indicate the error between real strength and 
network predictions. Here, the prediction of compressive strength of 
GGBS/FA-based GPC can be considered as a regression problem, so the 
root mean squared error (RMSE) between network outputs and 
measured strength results is defined as the loss, with the following 
mathematical expression: 

Loss(CS, ĈS)=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
Nts

∑Nts

k=1
(CSk − ĈSk)

2

√
√
√
√ (10) 

where CSk and ĈSk represent kth measured and predicted compressive 
strength values of GGBS/FA-based GPC, respectively; Nts is the total 
number of training samples.

In this study, the gradient descent method is adopted to optimise the 
weights and bias of 1D-CNN model. The forward propagation process of 
input samples can be formulated as: 

ol = fa
(

Wlol− 1 + bl
)

(11) 

where l denotes the layer number of network; ol denotes the output of lth 
layer of network; fa denotes the activation function; Wl and bl represent 
the weights and bias of lth layer of network, respectively. Then, the 
partial derivatives of loss function are calculated to update the 
connection weights and bias of the network, with the following 
expressions: 

Wl =Wl − α ∂Loss(CS, ĈS)
∂Wl (12) 

bl = bl − α ∂Loss(CS, ĈS)
∂bl (13) 

where α denotes the learning rate.

4.3. Metaparameter optimisation of 1D-CNN based on enhanced BA

It is widely known that after the network architecture is confirmed, 

Fig. 4. Correlation coefficient matrix of influencing factors of compressive 
strength of GGBS/FA-based GPC.

Fig. 5. Architecture of 1D-CNN for compressive strength prediction of GGBS/FA-based GPC.
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the generalisation capability of proposed 1D-CNN model is related to the 
setting of network metaparameters. Metaparameters are the parameters 
assigned to the 1D-CNN for guiding and controlling the training pro
cedure of network. Different assignments of metaparameters may lead to 
a wide variety of performance of trained model. Consequently, it is 
important to optimise the metaparameters of 1D-CNN to achieve the 
best performance of model in predicting compressive strength of GGBS/ 
FA-based GPC. In this study, the metaparameters of 1D-CNN comprise 
initial learning rate (ηilr), gradient decay factor (ηgdf), L2-regularisation 
factor (ηl2r), learning rate drop period (ηlrdp), learning rate drop factor 
(ηlrdf), kernel number of 1st convolution layer (ηfn1), kernel number of 
2nd convolution layer (ηfn2), neuron number of 1st FC layer (ηfc1) and 
neuron number of 2nd FC layer (ηfc2). The optimisation target (fitness) is 
defined as the combination of RMSE and R-squared between real 
strength results and network predictions in the training process, with the 
following expression: 

OT=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
Nts

∑Nts

k=1
(CSk − ĈSk)

2

√

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
Nts

∑Nts

k=1
(CSk − ĈSk)

2

√

+

⎡

⎢
⎢
⎢
⎣

Nts

(
∑Nts

k=1
CSk ĈSk

)

−

(
∑Nts

k=1
CSk

)(
∑Nts

k=1
ĈSk

)

[

Nts
∑Nts

k=1
CSk

2 −

(
∑Nts

k=1
CSk

)2][

Nts
∑Nts

k=1
ĈSk

2
−

(
∑Nts

k=1
ĈSk

)2]

⎤

⎥
⎥
⎥
⎦

2

(14) 

A lower fitness value indicates a better solution of metaparameters of 
1D-CNN. When the fitness approximates zero, the corresponding meta
parameters are optimal setting for the model to predict the strength of 
GGBS/FA-based GPC. Table 3 displays the types and optimisation 
boundaries of metaparameters of 1D-CNN.

Next, the BA will be used to resolve this optimisation problem for 
obtaining optimal metaparameters of 1D-CNN model. Despite the fact 
that BA has been successfully applied in various fields with the benefit of 
fast convergence, the relevant studies have proven that it suffers from 
the same shortcomings as other swarm intelligence algorithms, such as 
insufficient accuracy in finding optimal solution, low efficiency and easy 
to fall into the local optimum (He et al., 2024; Yuan et al., 2021). The 
main reason causing these problems is inflexible way of updating ve
locities and locations of bats. In standard BA, at the beginning of itera
tion procedure, the slow movement of individual bat may lead to long 
search time and inefficient convergence, while in the later stage of al
gorithm search, the accuracy of solution may be significantly affected 
due to the fast movement of bats.

Aiming for these issues in standard BA, this work proposes an 
enhanced BA (EBA) for metaparameter optimisation of 1D-CNN model 
that is developed for compressive strength prediction of GGBS/FA-based 
GPC, where two significant revisions are introduced. Inspired by the 
particle swarm optimisation (PSO) algorithm, EBA introduces an adap
tive inertia weight coefficient in the formula of velocity update of bats, 
thus enhancing the local optimisation capability when resolving multi- 
dimensional complex problems, which is a function of the iteration 
number. Essentially, in the early stage, the bats are assigned a larger 
inertia weight coefficient to enhance their exploration ability, leading to 

better convergence towards optimal solutions. In view of above con
cerns, this study puts forward a novel adaptive inertia weight coefficient 
based on hyperbolic tangent function, the expression of which is given 
by: 

τ(it)= τmin +

(τmax − τmin)

(

1 − tanh
(

ω it
Nts

− 5
))

2
(15) 

where it denotes current iteration number; τmin and τmax denote mini
mum and maximum inertia weights, respectively; ω is a constant to 
regulate the diffusion area of curve. Fig. 6 compares the curves of lin
early decreased inertia weight and nonlinear decreased inertia weights 
with different values of ω. It is observed that compared with linear 
curve, the nonlinear functions can keep a higher inertia weight for a long 
time initially, and then quickly decline to the minimal value in the later 
stage of algorithm iteration. This is beneficial for global optimal solution 
searching of algorithm. As shown in Fig. 6, different values of factor ω 
will contribute to different shapes of nonlinear curve. In this paper, ω is 
taken as 10, due to good symmetry of curve, which balances well the 
exploration and exploitation abilities of bats in different evolution 
stages.

The second revision is the addition of a random term into the velocity 
update formula, which aims at boosting the diversity of bat swarm. In 
the traditional BA, the velocity of individual bat is updated based on the 
optimal location in the swarm. However, if this optimal location is local 
optimum rather than global optimum, the algorithm may be trapped in 
local optimal solution. To address this issue, a random disturbance term 
is added by considering the location of a randomly selected bat in the 
swarm to help the algorithm jump out of local optimum. Accordingly, 
Eq. (5) can be reformulated as: 

vt+1
i = τvt

i +
(
xt

i − x*)fi +
(
xt

i − xr)lc (16) 

where xr denotes the location of randomly selected bat; lc is the learning 
factor, the expression of which is given in Eq. (17): 

lc= lcmin + (lcmax − lcmin)ϑ (17) 

where lcmin and lcmax denote the minimum and maximum learning fac
tors, respectively; ϑ is a random number between 0 and 1. On basis of 
EBA, the metaparameter optimisation procedure of 1D-CNN model for 
compressive strength prediction of GGBS/FA-based GPC can be divided 
into the following steps: 

1) Determine the algorithm parameters of EBA, including bat popula
tion size, solution dimension, initial pulse emission rate, maximum 
and minimum pulse frequencies, maximum and minimum inertia 
weights, maximum and minimum learning factors, maximum itera
tion number, etc.

2) Randomly initialise the individual bats in the swarm.

Table 3 
Types and optimisation boundaries of metaparameters.

Name Type Range

ηilr Decimal [1e-5, 3e-4]
ηgdf Decimal [0.80, 0.98]
ηl2r Decimal [1e-10, 1e-2]
ηlrdp Integer [10, 30]
ηlrdf Decimal [0.05, 0.30]
ηfn1 Integer [20, 40]
ηfn2 Integer [50, 80]
ηfc1 Integer [30, 50]
ηfc2 Integer [10, 30] Fig. 6. Comparison of different inertia weight coefficients.
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3) Calculate the fitness of each bat, and find out the individual bat with 
optimal fitness, which is regarded as optimal solution.

4) Utilise Eqs. ((4) and (6) and (15)–(17) to update the velocity and 
location of each individual bat.

5) Generate a random number rand1 between 0 and 1. If rand1 > Ri, use 
Eq. (7) to update the current individual bat.

6) Generate a random number rand2 between 0 and 1. If rand2 < Ai and 
OT(xnew) > OT

(
xpre
)
, use Eqs. (8) and (9) to update the loudness and 

pulse emission rate.
7) Re-evaluate the fitness of all the bats in the swarm and find out the 

optimal individual.
8) Judge whether the stopping criterion is satisfied. In this research, the 

algorithm will be terminated after the current iteration number is 
more than pre-set maximum number. If so, output the optimal so
lution; otherwise, go back to 3).

Fig. 7 shows the flowchart of 1D-CNN optimised by EBA for 
compressive strength prediction of GGBS/FA-based GPC.

4.4. Model performance evaluation metrics

In this study, multiple statistical evaluation metrics are employed to 
provide a comprehensive assessment of proposed 1D-CNN optimised by 
EBA for predicting compressive strength of GGBS/FA-based GPC. The 
metrics include coefficient of determination (R2), mean absolute error 
(MAE), symmetric mean absolute percentage error (SMAPE), mean ab
solute scaled error (MASE), mean directional accuracy (MDA) and mean 
absolute percentage error (MAPE). The corresponding mathematical 
expressions of these indicators are displayed in Eq. (18) to Eq. (22): 

R2=

⎡

⎢
⎢
⎢
⎣

Nt

(
∑Nt

k=1
CSk ĈSk

)

−

(
∑Nt

k=1
CSk

)(
∑Nt

k=1
ĈSk

)

[

Nt
∑Nt

k=1
CSk

2 −

(
∑Nt

k=1
CSk

)2
][

Nt
∑Nt

k=1
ĈSk

2
−

(
∑Nt

k=1
ĈSk

)2
]

⎤

⎥
⎥
⎥
⎦

2

(18) 

MAE=

∑Nt

k=1
|CSk − ĈSk|

Nt
(19) 

SMAPE=
100%

Nt

∑Nt

k=1

| ĈSk − CSk|

(|ĈSk| + |CSk|)/2
(20) 

MASE=

1
Nt

∑Nt

k=1
|CSk − ĈSk|

1
Nt − 1

∑Nt

k=2
|CSk − CSk− 1|

(21) 

MDA=
1

Nts

∑Nts

k=2

1sgn(CSk − CSk− 1)=sgn(ĈSk − CSk− 1)
(22) 

where CSk and ĈSk denote kth measured and predicted compressive 
strength values, respectively; Nt is the number of data samples.

5. Modelling results and discussion

5.1. Model training and test

A predictive model based on 1D-CNN is developed and validated for 

Fig. 7. Schematic of metaparameter optimisation of 1D-CNN for compressive strength prediction.
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application of compressive strength evaluation of GGBS/FA-based GPC, 
using experimental data collected from literature. The dataset is 
randomly divided into two groups for model training and testing based 
on the ratio of 7 to 3, in which 70 % of total data samples are used to 
train the model and the rest 30 % is used as test data for model per
formance evaluation. The model development and testing based on 1D- 
CNN and EBA are implemented through Deep Learning Toolbox in 
MATLAB v.2021b, on a desktop with the configuration of Intel i5- 
12400F CPU and 16 GB DDR4 RAM. It is well known that meta
parameter optimisation of 1D-CNN using meta-heuristic algorithms is a 

time-consuming task. To accelerate this process, GPU acceleration is 
adopted during the training period. The setting of EBA parameters is 
shown as: bat population size N = 30, solution dimension D = 9, initial 
pulse emission rate R0 = 0, maximum pulse frequency fmax = 2.8, min
imum pulse frequency fmin = 1.3, maximum inertia weight τmax = 0.85, 
minimum inertia weight τmin = 0.15, maximum learning factor lcmax =

0.6, minimum learning factor lcmin = 0.3, loudness and pulse emission 
rate enhancement coefficients α = γ = 0.9, and total iteration number 
Nts = 200.

Prior to training the model, all the input variables are standardised 

Fig. 8. Metaparameter optimisation process.
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using z-score normalisation. This ensures that all the features contribute 
comparably during raining and avoids undue influence from features 
with large numeric ranges (Hu et al., 2025; Zhang et al., 2024). Then, on 
basis of normalised training data, 1D-CNN model with the architecture 
in Fig. 5 is established via supervised learning. To avoid potential 
overfitting during model training, 5-fold cross-validation method is 
used. Particularly, original training dataset is randomly split into five 
equally sized subsets. The model then undergoes five rounds of training 
and validation. In each round, one subset is used as the validation set, 
while the rest four subsets constitute the training set. By averaging the 
validation results across all five rounds, this approach provides a more 
reliable assessment of actual performance of trained model and effec
tively gauges its ability to generalise to new data. Meanwhile, network 
metaparameters are tuned for optimal settings by minimising the fitness 
value in Eq. (14) via an iterative way based on EBA. Fig. 8 shows the 
iterative optimisation process of nine metaparameters of 1D-CNN for 
compressive strength prediction of GGBS/FA-based GPC. Apparently, all 
the metaparameters achieve their optimal values in about 110 itera
tions, which fully justifies rapid convergence capability of EBA in model 
parameter optimisation. Table 4 summarises final optimisation results of 
metaparameters of chemistry-informed 1D-CNN for strength prediction 
of GGBS/FA-based GPC.

To prove the effectiveness of proposed EBA in metaparameter opti
misation of 1D-CNN, an algorithm comparison was undertaken 
regarding accuracy and convergence. In this investigation, besides the 
proposed EBA, the standard BA and commonly used PSO with linearly 
decreasing inertia weight factor (LDIWF-PSO) are included. To make a 
fair comparison of algorithm performance, the swarm size and total 
iteration number are set the same for all three algorithms, i.e., 30 and 
200, respectively. Other parameters of BA are also the same as that of 
EBA. For LDIWF-PSO, other parameters are set as: minimum and 
maximum inertia weight factors are 0.15 and 0.85, respectively, and 
learning rate is 1.2. Fig. 9 shows the fitness development with increasing 
iteration of three optimisation algorithms in optimising metaparameters 
of 1D-CNN for compressive strength prediction of GGBS/FA-based GPC. 
From the results, it is clearly observed that LDIWF-PSO and BA have 
faster convergence, but they may be premature because of higher fitness 
values. The proposed EBA, despite slower convergence, has the lowest 
fitness due to great local search ability, which makes the algorithm still 
refine the solution at the later stage of iteration. This outcome suffi
ciently demonstrates that the proposed EBA outperforms BA and LDIWF- 
PSO for resolving complex optimisation problem, such as meta
parameter optimisation of 1D-CNN, which fully agrees with the findings 
in Yuan et al. (2021).

Based on the best metaparameters of 1D-CNN, the predictive model 
is established for compressive strength prediction of GGBS/FA-based 
GPC. Then, both training and test data were fed into the established 
chemistry-informed 1D-CNN model for performance assessment. Addi
tionally, to quantify the uncertainty of the proposed predictive model for 
practical applications, bootstrap resampling is employed to generate 
prediction intervals by sampling from the model’s error distribution. 
Fig. 10 demonstrates the assessment results in terms of response com
parison between experimental results and predicted strength at a 95 % 
prediction confidence level, where Fig. 10 (a) depicts the results of 
training data and Fig. 10 (b) corresponds to the results of test data. It is 
seen that the proposed chemistry-informed 1D-CNN is capable of being 
accurate in predicting the strength of GGBS/FA-based GPC, with a va
riety of mix cases and curing conditions. Despite a few outliers, the 
chemistry-informed 1D-CNN with metaparameter optimisation well 
traces the tendency of compressive strength. It provides a measure of 

prediction uncertainty, which is crucial for practical applications where 
variability in material properties and curing conditions can affect the 
outcome. Fig. 11 illustrates the prediction errors between experimental 
values and predicted results for both training and test datasets.

5.2. Performance evaluation

Besides 1D-CNN, several ML techniques have been employed for 
compressive strength prediction of GPC by scholars over the last few 
years, with promising results, including SVM (Le et al., 2024), XGBoost 
(Gad et al., 2024), ANFIS (Wang et al., 2024), and GPR (Singh and 
Rajhans, 2024). To demonstrate the superiority of proposed method in 
this research, a comparison study is carried out by comparing 
chemistry-informed 1D-CNN with EBA-optimised metaparameters to 
existing predictive models, such as SVM, XGBoost, ANFIS, GPR and 
1D-CNN without metaparameter optimisation. The inputs of these ML 
models are set the same as that of EBA-optimised chemistry-informed 
1D-CNN. To ensure a fair comparison, the metaparameters of SVM, 
XGBoost, ANFIS, and GPR are also optimised during the training phase. 
The selected metaparameters and corresponding optimisation results are 
summarised in Table 5. For the baseline 1D-CNN model, the network 
architecture mirrors that of the proposed model, with the convolution 
kernel size set to four, the number of kernels set to 40, and the two fully 
connected layers comprising 40 and 20 neurons, respectively.

To comprehensively evaluate the performance of different ML 
models and demonstrate the superiority of proposed EBA-optimised 
chemistry-informed 1D-CNN for compressive strength prediction of 
GGBS/FA-based GPC, a number of statistical performance assessment 
indicators are considered in this research, including R2, MAE, SMAPE, 
MASE, MDA and MAPE. The correlation analyses of different models for 
compressive strength prediction of GGBS/FA-based GPC are presented 
in Figs.12 to 17, respectively, where Figs. 12–17 (a) indicate the results 
for training data and Figs. 12–17 (b) correspond to the results for test 
data. It is observed that for the prediction results of all six models, most 
data points in the figures are uniformly scattered around the regression 
line, and only a few data points are out of the boundary lines of ±20%. 
Among these ML models, the proposed chemistry-informed 1D-CNN 
optimised by EBA possesses the best capability in strength prediction 
of GGBS/FA-based GPC, with R2 of 0.990 and 0.975 for training and test 
samples, respectively.

Although the ANFIS has a higher R2 of 0.983 for training data, it 
performs the worst for the test data, with the lowest R2 of 0.915, which 
indicates the overfitting problem of trained model. The CNN has 
outstanding prediction performance on data with lower strength, but it 
fails to generate similar accuracy for the GPC with compressive strength 
less than 40 MPa. The XGBoost and GPR have similar performance on 
strength prediction, with R2 of 0.959 and 0.976 for training data, 
respectively, and 0.930 and 0.931 for test data, respectively. The SVM 
outperforms ANFIS, GPR, XGBoost and CNN, but is still not as good as 
the EBA-optimised 1D-CNN regarding R2 value for both training and test 
data. Therefore, from the perspective of coefficient of determination, the 
presented EBA-optimised chemistry-informed 1D-CNN demonstrates the 
optimal capability in the assessment of strength of GGBS/FA-based GPC.

Fig. 18 presents a comprehensive performance comparison of 
different models in terms of multiple statistical indicators of MAE, 
SMAPE, MASE, MDA and MAPE, via Radar plots, in which the evaluation 
indicators are calculated on basis of whole dataset. Essentially, higher 
MDA corresponds to the model with better performance. Unlike MDA, 
the lower values of MAE, SMAPE, MASE and MAPE, the more accurate 

Table 4 
Optimal metaparameters of 1D-CNN for compressive strength prediction.

Name ηilr ηgdf ηl2r ηlrdp ηlrdf ηfn1 ηfn2 ηfc1 ηfc2

Optimum 3E-04 0.808 0.006 30 0.296 40 79 37 25
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the evaluated model. By comparison, it is noticeable that proposed EBA- 
optimised chemistry-informed 1D-CNN has the best assessment in
dicators of GGBS/FA-based GPC compressive strength prediction among 
all the models, with the values of MAE, SMAPE, MASE, MDA and MAPE 
of 1.23, 0.037, 0.091, 0.952 and 0.038, respectively. The relative errors 
of five indicators between proposed EBA-optimised chemistry-informed 
1D-CNN and other models of XGBoost, SVM, GPR, CNN and ANFIS are 
139 %, 15.2 %, 47.1 %, 39.9 % and 49.1 % for MAE, 124 %, 17.6 %, 43.9 
%, 37.4 % and 64.4 % for SMAPE, 140 %, 15.2 %, 47.1 %, 40.0 % and 
49.1 % for MASE, 3.32 %, 0.25 %, 0.53 %, 0.25 % and 2.48 % for MDA, 
and 125 %, 21.1 %, 46.3 %, 31.7 % and 62.4 % for MAPE, respectively. 
Overall, the chemistry-informed 1D-CNN with metaparameters opti
mised by EBA has been proven to be the best choice for predicting 
strength of GGBS/FA-based GPC.

To further verify the superiority of the proposed chemistry-informed 
1D-CNN with metaparameters optimised by EBA for modelling the 
compressive strength of GPC, a comparative study was conducted, 
focusing on the R2 and MAE metrics of models from existing studies 
based on their respective test datasets. In the study by Peng and Unluer 

(2022), SVM, back-propagation neural network (BPNN), and extreme 
learning machine (ELM) were used to model compressive strength of 
FA-based GPC. Gupta and Rao (2022) employed ANN, multiple linear 
regression (MLR), and multivariate nonlinear regression (MNLR) for 
28-day compressive strength prediction of slag/FA-blended GPC. 
Ahmad et al. (2021) utilised ANN, boosting, and AdaBoost algorithms to 
evaluate compressive strength of FA-based GPC; Amin et al. (2022)
developed models using decision tree (DT), SVM, and random forest 
(RF) to predict mechanical strength of slag/FA-blended GPC. Nguyen 
et al. (2024) applied LightGBM, SVM, and cascade forward neural 
network (CFNN) for strength prediction of slag/fly ash-blended GPC. 
Abdel-Mongy et al. (2024) used gene expression programming (GEP) 
and ANN to model compressive strength of slag/FA-blended GPC. The 
comparison results are presented in Table 6. The proposed model clearly 
outperformed those from the literature, achieving a higher R2 of 0.975 
and a lower MAE of 1.20 on the test dataset, demonstrating significant 
improvements in both predictive accuracy and model generalisation. 
This superior performance can be attributed to the integration of both 
mix proportions and chemical composition, which allows the model to 

Fig. 9. Comparison of different algorithms for optimising metaparameters of 1D-CNN for compressive strength prediction.

Fig. 10. Sequential comparison of compressive strength between real values and predictions from EBA-optimised chemistry-informed 1D-CNN with 95 % confi
dence interval.
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better capture the complex relationships influencing compressive 
strength, leading to more accurate predictions than those produced by 
the other models in the literature.

Fig. 19 displays the Violin plot, which visualises the distributions of 
absolute deviations between measured compressive strength and 

predictions from different models by employing hybrid box-plot char
acteristics and probability density kernel at each end. Compared to 
conventional box-plot, it explains the complete distribution of dataset. 
As shown in the figure, the values of Q25 (25 % quartile), Q50 (median) 
and Q75 (75 % quartile) of different ML/DL models are − 0.606, − 0.031 
and 0.805 for SVM, − 3.485, − 1.314 and 0.665 for XGBoost, − 1.703, 
0.008 and 1.643 for ANFIS, − 0.703, 0.150 and 0.857 for GPR, − 0.940, 
− 0.045 and 0.595 for CNN, and − 0.793, 0.023 and 0.764 for proposed 
EBA-optimised chemistry-informed 1D-CNN, respectively. From the 
analysis results, it is apparent that the proposed model is more accurate 
in mimicking the strength of GGBS/FA-based GPC than other models.

5.3. Analysis of model activation function and computational efficiency

To assess the impact of different activation functions on the strength 
prediction performance of the proposed chemistry-informed 1D-CNN, a 
comparative study was conducted on four activation functions: Sigmoid, 
Tanh, ReLU, and LReLU. The study evaluated these functions using 
metrics of MAE, SMAPE, MASE, MDA, MAPE, and R2, with the com
parison results presented in Fig. 20 as radar plots. It is evident that 
LReLU outperforms all other activation functions across most evaluation 
metrics, followed by ReLU, Sigmoid, and Tanh. Specifically, LReLU 
consistently delivers the best performance, achieving the lowest values 
of MAE, SMAPE, MASE, and MAPE, indicating superior prediction ac
curacy. It also performs strongly in MDA and R2, with the highest values 
for both, making it the most balanced and effective activation function 
for predicting the compressive strength of GPC. ReLU follows closely, 
performing well across all metrics, though slightly trailing behind 
LReLU. Sigmoid performs better than Tanh but still lags both LReLU and 
ReLU. Tanh, on the other hand, demonstrates the poorest performance 
across all metrics, with the highest values for MAE, SMAPE, MASE, and 
MAPE, and lower values for MDA and R2. The superior performance of 
LReLU is attributed to its ability to address the vanishing gradient 

Fig. 11. Sequential comparison of prediction errors between experimental values and results from EBA-optimised chemistry-informed 1D-CNN.

Table 5 
Metaparamters and optimisation results of SVM, GPR, ANFIS, and XGBoost.

Model Metaparameter Scale Optimum

SVM Box constraint [0.001, 1000] 0.239
Kernel scale [0.001, 1000] 0.862
Epsilon [0.001, 1] 0.514
Kernel function Gaussian, linear, quadratic, 

cubic
Gaussian

GPR Basis function Constant, zero, linear Constant
Kernel function Isotropic/nonisotropic 

exponential, Isotropic/ 
nonisotropic Matern 3/2, 
Isotropic/nonisotropic 
Matern 5/2, Isotropic/ 
nonisotropic rational 
quadratic, Isotropic/ 
nonisotropic squared 
exponential

Nonisotropic 
squared 
exponential

Kernel scale [0.001, 1000] 0.027
Sigma [0.0001, 100] 18.53

ANFIS No. of 
membership 
function

[2, 7] 3

Membership 
function type

Triangular, Gaussian, 
trapezoidal

Gaussian

Epoch [10, 1000] 100
XGBoost Learning rate [0.001, 0.3] 0.018

No. of estimators [50, 2000] 76
Maximum depth [3, 12] 6
Minimum child 
weight

[1, 10] 1
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problem, which affects Sigmoid and Tanh, particularly during back
propagation. LReLU maintains a small, non-zero gradient for negative 
inputs, preventing neurons from becoming inactive and enhancing the 
model’s training. This characteristic enables LReLU to capture better 
and propagate relevant information, leading to improved performance 

across both error and evaluation metrics. Therefore, selecting LReLU as 
the activation function for the proposed 1D-CNN model is a well- 
supported choice.

Fig. 21 shows the training and inference times of different models for 
predicting the compressive strength of GPC. Notably, CNN has the 

Fig. 12. Regression analysis of SVM for predicting compressive strength of GGBS/FA-based GPC.

Fig. 13. Regression analysis of XGBoost for predicting compressive strength of GGBS/FA-based GPC.

Fig. 14. Regression analysis of ANFIS for predicting compressive strength of GGBS/FA-based GPC.
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shortest training time due to the lack of metaparameter optimisation, 
while the other models require longer training times as they optimise the 
metaparameters. As expected, the proposed model, with a deep network 
architecture, has the longest training time. This is likely due to the 
complexity of the deep network, which involves more layers and 

parameters that require additional computational resources and time to 
train. However, despite this longer training time, the proposed model 
stands out with the shortest inference time. This is because the deep 
architecture of the model, once trained, allows for faster and more 
efficient processing during inference, benefiting from optimised feature 

Fig. 15. Regression analysis of GPR for predicting compressive strength of GGBS/FA-based GPC.

Fig. 16. Regression analysis of CNN for predicting compressive strength of GGBS/FA-based GPC.

Fig. 17. Regression analysis of proposed model for predicting compressive strength of GGBS/FA-based GPC.
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extraction and reduced complexity in the prediction phase. In real-world 
applications, predictive models are typically pre-trained offline and then 
utilised to evaluate the compressive strength of GPC. Since inference 
time is a key factor, the proposed chemistry-informed 1D-CNN, with 
hyperparameters optimised by EBA, offers a significant advantage, 
making it the preferred choice for the practical application where rapid 

prediction is crucial.

5.4. Error analysis across input subgroups

To identify potential biases or systematic errors in the model pre
dictions, post hoc analysis is conducted by stratifying the test dataset 
into subgroups based on key input parameters, such as curing temper
ature, SP content, and Na2O-to-binder ratio (nm). For curing tempera
ture, two categories are considered: ambient curing (<30 ◦C) and oven 
curing (≥60 ◦C). Fig. 22(a) shows the distribution of prediction errors 
for both subgroups. The proposed chemistry-informed 1D-CNN model 
exhibits slightly higher prediction errors for mixes with ambient curing, 
where the error distribution is wider, indicating greater variance in 
predictions. This is likely due to slower geopolymerisation kinetics 

Fig. 18. Radar plots for strength prediction performance comparison of different models.

Table 6 
Comparison of proposed model with existing models in the literature for 
strength prediction of GPC.

Reference Model Evaluation metrics

R2 MAE

Peng and Unluer (2022) SVM 0.956 2.05
BPNN 0.916 1.59
ELM 0.904 2.85

Gupta and Rao (2022) ANN 0.904 1.56
MLR 0.812 6.11
MNLR 0.674 5.89

Ahmad et al. (2021) ANN 0.874 3.86
Boosting 0.961 1.69
AdaBoost 0.938 2.16

Amin et al. (2022) DT 0.921 3.22
SVM 0.930 3.76
RF 0.939 3.21

Nguyen et al. (2024) LightGBM 0.877 3.37
SVM 0.863 2.89
CFNN 0.942 3.84

Abdel-Mongy et al. (2024) GEP 0.656 11.21
ANN 0.810 5.85

Our study Proposed 0.975 1.20

Fig. 19. Violin plot for distribution analysis of absolute deviations of 
different models.
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under ambient conditions, which the proposed model may not fully 
capture. In contrast, oven-cured samples show a narrower error distri
bution, indicating that the model performs more consistently when 
simulating accelerated reactions at higher curing temperature.

For SP content, two subgroups are analysed: those with no SP and 
those with SP. Fig. 22 (b) shows that mixes containing SP exhibit a wider 
error distribution, suggesting that the model’s predictions are less 
consistent for these mixes. This may be owing to the nonlinear effect of 
SP on workability and strength development, which may not be fully 
captured by the proposed model. On the other hand, mixes without SP 

show a more concentrated error distribution, indicating better predic
tion performance in this category.

The Na2O-to-binder ratio (nm) is also examined by dividing the 
samples into low (nm<10 %) and high (nm ≥ 10 %) categories. Fig. 22
(c) reveals that the performance of the proposed model is less consistent 
for samples with high Na2O-to-binder ratios. The error distribution for 
these mixes is wider compared to the low Na2O-to-binder ratio samples, 
indicating higher prediction errors. This suggests that the model may 
struggle more with mixes having higher alkali activator dosages, which 
could introduce complexities in the geopolymerisation process that the 
proposed model does not fully account for.

5.5. Model robustness analysis

In this section, the robustness of proposed chemistry-informed 1D- 
CNN optimised by EBA for predicting compressive strength of GPC is 
assessed. Training datasets are randomly selected from the entire data
set, with ratios ranging from 50 % to 90 %, incremented by 10 %. To 
assess the model’s robustness, 100 independent trials are performed for 
each ratio. During each trial, the model is trained on the selected subset, 
and its performance is tested using the remaining data. Box plots in 
Fig. 23 summarise the distribution of six evaluation indicators, including 
MAR, SMAPE, MASE, MDA, MAPE, and R2. The results show significant 
improvement in model performance as the training ratio rises. Indicators 
such as MAE, SMAPE, MASE, and MAPE decrease, indicating higher 
accuracy, while MDA and R2 increase, suggesting better model fit and 
predictive capability. Notably, the performance gains start to diminish 
after reaching the training ratio of 70 %, indicating that 70 % offers the 
optimal balance between performance improvement and computational 
efficiency. Beyond this point, higher training ratios lead to increase 
variability in error, as reflected by wider interquartile ranges in the box 
plots. Therefore, it is reasonable to conclude that the 70 % ratio used in 

Fig. 20. Radar plots for strength prediction performance evaluation of different activation functions.

Fig. 21. Training and inference times of different models for compressive 
strength prediction of GPC.
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this study strikes a good balance between model accuracy and compu
tational cost. These results highlight the robustness and reliability of the 
proposed model across varying amounts of training data.

5.6. Interpretation of chemistry-informed EBA optimised 1D-CNN model

Different from conventional empirical models with unambiguous 
feature representations, the proposed chemistry-informed 1D-CNN 
model optimised by EBA needs further investigation on the 

Fig. 22. Post hoc analysis of prediction error patterns for key input variables of proposed model.

Fig. 23. Distributions of evaluation metrics of proposed model with different ratios of training to total data.
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interpretation of complex and nonlinear relationships between influ
encing factors and compressive strength of GGBS/FA-based GPC. Hence, 
model interpretation is undertaken in this section to determine the 
contribution of each input variable of the proposed model to the 
strength prediction. Here, SHAP method is employed to interpret the 
proposed model for strength prediction of GGBS/FA-based GPC. Here, 
the SHAP values are calculated based on normalised input variables, 
indicating that they will not affect the ranking of inputs by feature 
scales. Fig. 24 displays global interpretation by averaging absolute 
values of SHAP of each model input based on training data. It is evident 
that nm, W/S, and CA the most significant impact on the model output, 
with the highest SHAP values over 3. For instance, the study in Yadollahi 
et al. (2015) also identified the Na2O to binder ratio as a critical factor, 
corroborating our results. Following this, CT and Ms also demonstrate 
considerable influence, though to a slightly lesser extent. GGBS and FA 
show moderate importance, each contributing notably to the model 
predictions. CH and FBR are somewhat less influential but still play a 
role in the model performance. CBR and SP have the smallest SHAP 
values, indicating that they have the least impact on the model output 
among the variables considered. Overall, importance ranking of model 
inputs in Fig. 24 illustrates which variables make the greatest contri
butions to prediction capability of developed chemistry-informed 
1D-CNN optimised by EBA, and how these variables influence 
compressive strength prediction in the context of a macro-level 
perspective.

In addition to conducting global interpretation of proposed model, 
SHAP is also capable of disclosing the dependence of input variables on 
model output; that is, variation tendency of SHAP value with model 
inputs, which offers more elaborate understanding of how SHAP values 
vary with input variables. The corresponding results of all 11 input 
variables are portrayed in Fig. 25. It is seen that GGBS stands out with a 
strong positive effect, where SHAP values increase up to 8 as its dosage 
reaches 400 kg/m3, confirming its major role in enhancing strength 
through increased calcium content and C-A-S-H gel formation. 
Conversely, FA demonstrates a diminishing contribution, with SHAP 
values declining to − 5 at around 300 kg/m3, indicating that excessive 
FA may dilute the reactivity. W/S exhibits a steep negative trend, where 
SHAP values fall from 9 to − 10 as the ratio increases from 0.15 to 0.5, 
emphasising the detrimental effect of excess water on matrix densifi
cation and strength. nm demonstrates a strongly positive effect, with 
SHAP values increasing linearly up to 13 at around 24 of nm, empha
sising the crucial role of alkali content in activating the geopolymeric 
reaction and accelerating strength gain. Ms shows a parabolic trend, 
with peak SHAP values near 4 at 1.2 of Ms, indicating an optimal acti
vation point beyond which excess alkalinity may reduce workability or 
cause gel instability. CBR and CH show moderate positive effects, with 

SHAP values rising to around 5 for 3.5 of CBR and 24 h of CH, suggesting 
that a balanced coarse aggregate to binder ratio and sufficient early 
curing duration favor strength gain. FBR presents a wider spread SHAP 
range from − 6 to 8, suggesting a more complex influence that may 
depend on interactions with other mix proportions. SP, with the SHAP 
ranging from − 3 to 4, shows relatively mild but varied effects, implying 
that while superplasticiser aids workability, its direct influence on 
strength is limited. CT shows mixed behavior, but reaches SHAP values 
as high as 13 around 90 ◦C, confirming the importance of elevated 
temperature in accelerating geopolymerisation. CA significantly affects 
early strength, with SHAP values climbing to 5 by 28 days, then tapering 
off, indicating that most strength is developed early. In summary, GGBS, 
nm, W/S ratio, Ms, CT and CA are the most impactful parameters, while 
FA, SP, and FBR exert more moderate or situational influence on 
compressive strength.

Additionally, the SHAP-extracted insights are consistent with known 
experimental results and theoretical perspectives of geopolymer chem
istry. For example, the strong positive relationship between nm and 
compressive strength, evidenced by a SHAP value increase of 13 at 
higher nm levels, is well-supported by geopolymerisation theory. Alkali 
concentration plays a critical role in facilitating the dissolution of 
aluminosilicate precursors and promoting gel nucleation, as described 
by Davidovits in 2008. These findings are further validated by experi
mental work from Yadollahi et al. (2015), which demonstrated a 40 % 
increase in compressive strength when Na2O content was elevated from 
4 % to 10 % in low-calcium geopolymer systems. The parabolic de
pendency observed for Ms underscores the dual functionality of soluble 
silicates in geopolymer systems. An optimal Ms ratio ensures a balance 
between silicate activation and gel polymerisation, whereas excessive 
SiO2 content hinders reaction kinetics. This behaviour aligns with 
research by Firdous and Stephan (2019), who identified an ideal Ms of 
approximately 1.3 for natural pozzolan-based geopolymers. Beyond this 
threshold, compressive strength diminishes due to suppressed raw ma
terial dissolution and slower reaction rates. The SHAP analysis re
inforces the beneficial contribution of GGBS, attributed to its calcium 
content, which promotes the formation of C-A-S-H gels. Conversely, fly 
ash exhibits a negative influence at higher dosages exceeding 300 
kg/m3, a trend consistent with its slower reactivity in low-calcium sys
tems under ambient curing conditions, as reported by Castel and Foster 
(2015) and Nath and Sarker (2014). The dilution effect associated with 
excessive fly ash incorporation is further corroborated by XRD studies 
from Hajimohammadi et al. (2019), which revealed a decline in gel 
phase content when the FA/GGBS ratio surpasses 2. These findings 
demonstrate that SHAP provides detailed insights into the influence of 
different variables on strength, making it a powerful tool for exploring 
the performance boundaries or defining close-ended design solutions.

5.7. Assessment of model error and characteristic strength

The model error (ME) for the family of products that fit within the 
boundaries of the test data, and an estimate for the characteristic 
strength of a desired mix, may be determined by considering the least 
conservative half of the model predictions plotted against normal in
verse probability (z). This is shown in Fig. 26(a) and the model results 
are demonstrated to be approximately normally distributed. The mean 
ME (i.e., ME at z =0) and coefficient of variation (CoV) of the ME are 
1.013 and 0.072, respectively. For a 75 per cent confidence of a 95 per 
cent characteristic strength (fć

)
based on the applied model, the mean 

compressive strength (fcm) (as determined from the model) is multiplied 
by mean(ME) x (1–1.75 x CoV). Based on n =113 tests, fć = 0.88fcm. Or 
expressed in terms of mix design, a target mean strength should be taken 
such that fcm ≥ 1.14fć. It is worth noting here that other variabilities, 
such as, for example, due to test machine load cell calibration, sample 
preparation, curing environment, etc., are directly included in the un
derpinning data from which the model is derived and, thus, in the model 

Fig. 24. Global interpretation (importance ranking) of model input variables 
based on SHAP.
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Fig. 25. Dependence analysis of model inputs based on SHAP.
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CoV. In Fig. 26(b), the model error is compared to the age of the spec
imen at the time of testing – it is observed that the results are not biased 
based on the testing age.

6. Conclusions

GGBS/FA-based GPC is emerging as a promising and eco-friendly 
alternative to conventional cement-based construction materials. Its 
advantages lie in the utilisation of industrial waste and low carbon di
oxide emission. However, the main obstacle in utilising GPC is ensuring 
that it possesses the required mechanical properties, particularly in 
terms of compressive strength. Despite the complexity of the production 
process, researchers have been working diligently to create a compre
hensive formula that considers all the influencing factors that impact 
mechanical properties of GPC. However, due to many contributing 
factors, it is challenging to develop such a formula through only 
experimental means. In this study, a chemistry-informed interpretable 
model is developed based on 1D-CNN to assess the strength of GGBS/FA- 
based GPC. To enhance prediction accuracy, the metaparameters of the 
model were fine-tuned using EBA. The method was trained and evalu
ated using a comprehensive dataset comprising experimental tests of 
GGBS/FA-based GPC.

The key findings of the research are: 

• The use of EBA results in improved efficiency for optimising meta
parameters of 1D-CNN in predicting compressive strength of GGBS/ 
FA-based GPC compared to BA and LDIWF-PSO. This is attributed to 
its ability to achieve high accuracy and quicker convergence.

• The 1D-CNN model, optimised using EBA, exhibits exceptional re
sults in the determination of compressive strength of GGBS/FA-based 
GPC. Its performance outstrips that of SVM, XGBoost, ANFIS, GPR 
and 1D-CNN with pre-defined metaparameters, as evaluated through 
multiple statistical metrics.

• The SHAP method was employed to analyse the sensitivity of each 
input variable of EBA optimised 1D-CNN model, which provides both 
global and local insights into how each input variable influences 
compressive strength prediction. In the analysis of global level, the 
results show that nm, CA, W/S and GGBS are the most critical pa
rameters that have a substantial impact on output of surrogate 
model. In the analysis of local level, the results illustrate that GGBS, 
nm, SP, CT, CH and CA are the factors that generate positive con
tributions to strength of GGBS/FA-based GPC, while FA, FBR, CBR 
and W/S demonstrate negative correlations with model output.

• From analysis of testing data samples using the derived trained 
model, target mean strengths for a designed mix should not be less 
than the specified characteristic strength multiplied by a factor of 
1.14.

• The chemistry-informed approach transforms SHAP outputs from 
statistical indicators to actionable materials science insights. Users 
gain direct guidance on alkali-activation tuning, GGBS/FA 
balancing, and curing optimisation, reducing trial-and-error in mix 
design.

Although the chemistry-informed 1D-CNN model optimised by EBA 
shows promising results, its performance depends on the quality and 
representativeness of the dataset, which may not capture all real-world 
variations. The model’s generalisation is also limited by a fixed set of 
input variables, and further optimisation may be needed as new pa
rameters emerge. In addition to this, the model requires significant 
computational resources for training, especially during metaparameter 
tuning. Although SHAP values improve interpretability, the model’s 
complexity may still pose challenges in providing simple, actionable 
insights for mix design.

To address these issues, future research should focus on expanding 
the dataset to include a wider range of material sources, testing condi
tions, and mix designs to improve the model’s generalisation. Incorpo
rating additional relevant variables or exploring more flexible input 
features could further enhance the model’s robustness. Additionally, 
future work will look into incorporating more detailed material char
acterisation, such as fineness and specific amorphous content, where 
consistently available. Data augmentation approaches, such as the syn
thetic minority oversampling technique (SMOTE) and adversarial 
generative networks (GAN), will be employed to generate artificial data 
in future work. These techniques are expected to enhance model gen
eralisability and improve the prediction accuracy of compressive 
strength for GGBS/FA-based GPC, especially for under-represented mix 
designs. Further optimisation of the model may also involve the devel
opment of more efficient training algorithms to reduce computational 
demand. Moreover, increasing the interpretability of the model through 
simpler or more intuitive methods could make it more accessible for 
practical applications in mix design. Finally, integrating real-time data 
and adaptive transfer learning techniques could allow the model to 
continuously improve and stay relevant across varying material com
positions and curing conditions.

On the other hand, the proposed model in this research can be 
adapted for other aluminosilicate systems, such as binders containing 
metakaolin or biomass ash. However, challenges may arise in terms of 
the input parameter space and model design. The primary challenge is 
the variability in chemical composition and reactivity among different 
aluminosilicate sources. For instance, metakaolin and biomass ash may 
exhibit different alumina and silica content compared to fly ash and 
GGBS, leading to variations in geopolymerisation kinetics and 
compressive strength development. To address this challenge, addi
tional data specific to metakaolin or biomass ash-based geopolymers 

Fig. 26. Model error versus: (a) normal inverse probability; (b) Age in days.
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will be incorporated in future work to extend the model’s applicability 
to these alternative binder systems. Furthermore, domain adaptation 
transfer learning technique will be employed to adapt the model, 
leveraging knowledge from a source domain, such as GGBS/FA-based 
GPC, and transferring it to a target domain, such as metakaolin or 
biomass ash-based GPC, with minimal data. However, a key issue in 
domain adaptation is the potential feature discrepancy between the 
source and target domains. These discrepancies may arise due to dif
ferences in the chemical composition, curing conditions, or other ma
terial characteristics between the source and target systems. To mitigate 
this problem of feature discrepancies, in future work, we will add a 
discrepancy term to the loss function of the proposed 1D-CNN model. 
This term would explicitly penalise the model for mismatches in the 
feature distributions between the source and target domains, encour
aging the model to learn domain-invariant features. Methods such as 
maximum mean discrepancy (MMD) or adversarial domain adaptation 
could be incorporated into the loss function, allowing the model to align 
better the feature spaces of the source and target domains. By incorpo
rating domain adaptation transfer learning technique, the model can 
better generalise across different binder systems and improve prediction 
accuracy for other aluminosilicate systems.

Lastly, future research should experimentally validate SHAP-derived 
insights by systematically testing mixtures designed with critical values 
of nm or Ms as identified by the proposed model. Controlled experiments 
could confirm whether these thresholds indeed correspond to optimal 
performance. Additionally, incorporating advanced material character
isation techniques such as nuclear magnetic resonance spectroscopy and 
X-ray diffraction would help clarify the underlying chemical mecha
nisms and resolve any remaining ambiguities in reaction pathways.
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