<]
TUDelft

Delft University of Technology

Cradle-to-gate assessment and optimization of sustainable geopolymer concrete

Zhang, Mingyang; Guo, Pengwei; Tan, Xiao; Du, Jiang; Meng, Weina; Bao, Yi

DOI
10.1016/j.jclepro.2025.147387

Licence
cCcBY

Publication date
2025

Document Version
Final published version

Published in
Journal of Cleaner Production

Citation (APA)

Zhang, M., Guo, P., Tan, X, Du, J., Meng, W., & Bao, Y. (2025). Cradle-to-gate assessment and
optimization of sustainable geopolymer concrete. Journal of Cleaner Production, 538, Article 147387.
https://doi.org/10.1016/j.jclepro.2025.147387

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without the consent
of the author(s) and/or copyright holder(s), unless the work is under an open content license such as Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.


https://doi.org/10.1016/j.jclepro.2025.147387
https://doi.org/10.1016/j.jclepro.2025.147387

Journal of Cleaner Production 538 (2026) 147387

: : : - ‘= skl
Contents lists available at ScienceDirect Cleaner
dicti

Journal of Cleaner Production

o %

ELSEVIER

journal homepage: www.elsevier.com/locate/jclepro

Check for

Cradle-to-gate assessment and optimization of sustainable | e
geopolymer concrete

a,b,*

. 3 . . . d . 3 . 3
Mingyang Zhang “, Pengwei Guo , Xiao Tan “®, Jiang Du“, Weina Meng “, Yi Bao*
@ Department of Civil, Environmental and Ocean Engineering, Stevens Institute of Technology, Hoboken, NJ, 07030, United States

Y Faculty of Civil Engineering and Geosciences, Delft University of Technology, Delft, 2628, CN, Netherlands

¢ College of Water Conservancy and Hydropower Engineering, Hohai University, Nanjing, Jiangsu, 210024, China

4 School of Civil Engineering, Chongqing Jiaotong University, Chongging, 400074, China

ARTICLE INFO ABSTRACT

Keywords:

Alkaline activators
Cost-benefit analysis
Geopolymer concrete
Life cycle performance
Solid waste
Sustainability

Geopolymer concrete (GPC) is a sustainable alternative to Portland cement concrete by eliminating Portland
cement. However, using alkaline activators compromises the sustainability of GPC. This paper presents a
comprehensive assessment of the cradle-to-gate life cycle cost, carbon footprint, and energy consumption of 2304
GPC mixtures which represent the state-of-the-art dataset, aiming to establish a holistic understanding of the
impacts of GPC design parameters on mechanical and sustainability performance. The cost-benefit characteristics
of solid wastes are considered, and strength-normalized sustainability parameters are discussed. Results reveal
that the formulation of GPC plays critical roles in mechanical and sustainability metrics. Inappropriate use of
alkaline activators and solid wastes can largely compromise both mechanical strength and sustainability metrics,
lower than their Portland cement counterparts. Based on the large dataset, this paper identifies the appropriate
upper and lower bounds for various ingredients to guide the design of GPC for balanced mechanical strength and

sustainability metrics.

1. Introduction

Concrete is the mostly consumed construction material, with an
annual consumption more than 30 billion tons in 2022 (Unsustalnable:
concrete and cement, 2022). Despite its relatively low unit cost and
carbon footprint compared to other structural materials like steel, the
large volume of concrete makes it a major contributor to carbon emis-
sions (Kilgore, 2023). Among various ingredients of concrete, cement is
a major contributor of emissions (Amran et al., 2022). Cement produc-
tion alone accounting for approximately 8 % of global emissions (Akan
et al.,, 2017). As governments and industries strive toward carbon
neutrality by 2050 (Guterres, 2020), the development of cleaner alter-
natives have become critical.

Geopolymer concrete (GPC) has emerged as a sustainable material
that uses alkaline activated binders to replace cement-based binders.
Previous research showed that various types of industrial by-products,
such as fly ash, slag, and metakaolin (Yang et al., 2024a), could be
used to produce alkaline activated binders, eliminating the material
cost, carbon footprint, and embodied energy associated with cement.

The binders are produced in a polymerization process by activating
aluminosilicate precursors with alkaline activators (e.g., NaOH,
NaySiO3) (Li et al., 2024). The polymerization process creates a
three-dimensional network of Si-O-Al-O bonds, forming geopolymer
gels (N-A-S-H or C-A-S-H) (Guo et al., 2021a), which act as binders that
hold aggregates (Liu et al., 2024). Previous research showed that GPC
reduced carbon footprint by up to 60 % (Zannerni et al., 2020), in
comparison with counterpart Portland cement concrete. In addition to
lower upfront carbon footprint, GPC also demonstrated high resistance
to chemical attack (e.g., acid attack), enhancing long-term durability
and lowering maintenance cost and emission of infrastructure in harsh
environments (Esparham and Ghalatian, 2022).

Although eliminating cement helps reduce material cost and carbon
footprint, some scholars have argued that using alkaline activators off-
sets sustainability metrics by introducing additional emissions (Liu
etal., 2020a), because NaOH and Na,SiO3 were respectively responsible
for 7.2 % and 39.5 % of the total emissions. The high emissions stem
from the energy-intensive manufacturing processes, such as
high-temperature electrolysis and chemical synthesis, which not only
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generate substantial emissions but also consume energy. Two knowl-
edge gaps have been identified: (1) Given the competing effects of
removing cement and introducing alkaline activators, it remains unclear
whether GPC is more sustainable than Portland cement concrete coun-
terparts. (2) The mechanical properties and sustainability of GPC are
dependent on many design variables, such as the dosages of alkaline
activators, aluminosilicate precursors, and aggregates. However, it is
unclear how GPC can be designed to achieve optimal sustainability.
These knowledge gaps have hindered wider applications of GPC in the
construction and rehabilitation of infrastructure.

To fill these knowledge gaps, this research addresses three research
questions: (1) How do the design variables of GPC impact sustainability
metrics, such as material cost, carbon footprint, and embodied energy?
(2) What are the appropriate ranges of design variables that can lead to
GPC with high mechanical performance and sustainability? (3) Does
GPC have better sustainability than other types of concrete when their
mechanical performance is controlled the same? Motivated by these
questions, the objectives of this research are to: (1) evaluate the effects
of design variables on the lifecycle performance of GPC; (2) identify
practical recommendations for designing GPC through optimizing
design variables; and (3) compare GPC with competing materials such as
ultra-high-performance concrete (UHPC) and conventional concrete in
terms of lifecycle performance.

This research involves two major challenges: (1) Holistic assessment
of lifecycle performance of GPC requires considering mechanical per-
formance like compressive strength which play critical roles in infra-
structure applications, as discussed in prior research (Guo et al., 2023a).
Using mechanical strength-normalized metrics provides meaningful
evaluations, but assessing the mechanical performance of GPC requires
costly experiments. (2) Comprehensive evaluation of GPC mixtures with
various materials and design variables requires extensive experiments,
which involve not only high cost but also substantial time.

This study addresses the existing knowledge gaps in GPC research by
establishing an integrated framework that links mechanical perfor-
mance with sustainability indicators. Previous studies mainly focused on
experimental characterization or partial life cycle analyses, lacking a
systematic approach to simultaneously evaluate strength, cost, carbon
footprint, and energy consumption. Moreover, the influence of design
variables such as activator composition, precursor type, and curing
condition on both mechanical and environmental performance has not
been fully quantified. To bridge these gaps, this research develops a
comprehensive data-driven and cradle-to-gate LCA framework that en-
ables large-scale evaluation of GPC mixtures without extensive
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experimental testing. By incorporating generative Al for data augmen-
tation, machine learning for performance prediction, and strength-
normalized sustainability metrics, the study provides new insights into
the trade-offs between mechanical efficiency and environmental impact.
This framework not only fills the methodological gap between material
design and sustainability evaluation but also establishes practical design
boundaries for optimizing GPC mixtures.

The remainder of the paper is organized as follows: Section 2 pre-
sents the methodology. Section 3 presents and discusses the results.
Section 4 summarizes the findings and recommends future research
opportunities.

2. Methodology

The methodological framework (Fig. 1) integrates two inter-
connected components, which are data-driven modeling and cradle-to-
gate LCA. The data-driven modeling component involves two phases,
which are dataset construction and model development. Data con-
struction is composed of data collection (from literature) and data syn-
thesis using generative Al techniques. Generative Al techniques are
adopted to generate supplemental data, which are added to the data
collected from literature. The combined dataset is used to develop a
data-driven model, which provides essential data used to perform
cradle-to-gate LCA and evaluate the effects of parameters on the me-
chanical and sustainability metrics of GPC. The results are utilized to
analyze the ranges of design variables, aiming to derive recommenda-
tions that are useful to guide practitioners in designing sustainable GPC
in future practice.

2.1. Dataset collection and analysis

A comprehensive dataset was collected from diverse data sources,
including technical papers and reports (Liu et al., 2020a, 2020b; Ganesh
and Muthukannan, 2021; Bellum, 2022; Tayeh et al., 2022; Moradikhou
et al., 2020; Zaid et al., 2022; Guo et al., 2024a; Eltantawi et al., 2025;
Peng and Unluer, 2022; Abdellatief et al., 2024; Aisheh et al., 2022;
Oyebisi and Alomayri, 2023; Albidah et al., 2021, 2022; Janior et al.,
2021; Eisa et al., 2022; Raza et al., 2024; Kathirvel and Sreekumaran,
2021; Mayhoub et al., 2021; Zheng et al., 2023; Yang et al., 2024b;
Zhang et al., 2024; Ali et al., 2024; Karthik et al., 2024; Samadi et al.,
2024; Kumar et al., 2020; Ganesan et al., 2015; Deng et al., 2023; Reddy
et al., 2022), available in popular databases, such as ScienceDirect,
Google Scholar, and Web of Science. Relevant references were searched

Data driven modeling
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Fig. 1. Methodological framework.
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using keywords “geopolymer concrete”, “mixture design”, “compressive
strength”, “cost”, “carbon footprint”, and “embodied energy”. A total of
2304 GPC mixtures were identified, which include 16 design variables
(features). These variables were categorized into two groups: (1) 14
variables related to materials, including the contents of fly ash (Cpa1),
ground granulated blast furnace slag (Cgggs), silica fume (Csp), meta-
kaolin (Cyk), fine aggregate (Cpa), coarse aggregate (Cca), Molarity
(Mol), sodium hydroxide (Cgy), sodium silicate (Cgs), and additional
water (Caw), fiber volume ratio (FV), fiber diameter (FD), fiber length
(FL), and fiber’s elastic modulus (FM); and (2) 2 parameters related to
curing condition, including curing time (CT) and curing temperature
(D.

The statistical distribution (Fig. 2) of the 16 features and compressive
strength of GPC have demonstrated severe imbalance. The contents of
different materials exhibit wide ranges, and the frequency results show
uneven distributions. The statistics of the minimum, maximum, average
values, and standard deviation of each feature and compressive strength
are listed in Table A1, which corroborates the diversity and imbalance of
data instances.

A correlation analysis was conducted, and the results of Pearson
correlation coefficient are shown in Fig. 3. The 16 features are numbered
from 1 to 16, and compressive strength is numbered 17. The 16 features
exhibit low correlation (below 0.7), indicating that multicollinearity
issues do not occur (Mahjoubi et al., 2021). Data normalization was
performed to transform variables with different scales into the range of
0-1 using MinMaxScaler (Mahjoubi et al., 2022), aiming to improve
accuracy (Guo et al., 2021b) and consistency.
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2.2. Data augmentation

Generative Al provides an efficient approach for data augmentation
(Mahjoubi et al., 2023a). It typically involves two components: a
generator and a discriminator (Guo et al., 2024b). The generator
transforms random noise into synthetic tabular data that resembles real
samples, capturing both continuous and categorical features. The
discriminator receives either real or generated data and determines
whether it is genuine. This adversarial interaction allows the generator
to gradually learn complex feature distributions and capture subtle re-
lationships between variables. An illustration of this generative Al-based
data augmentation process is shown in Fig. 4.

Three representative generative Al methods were adopted: (1)
Conditional Tabular Generative Adversarial Network (CT-GAN) (Habibi
et al., 2023), which extends GANs to tabular data by conditioning
generation on discrete column values and using mode-specific normal-
ization; (2) Conditional Tabular GAN with Copula-based modeling
(CTAB-GAN), which enhances CT-GAN by using copula transformations
to better handle mixed data types and rare categories, thereby
improving the quality and diversity of generated samples (Zhao et al.,
2021); and (3) Tabular Variational Autoencoder (TVAE), a variational
autoencoder framework designed specifically for tabular data, which
models data distribution through probabilistic latent variables and is
particularly effective for generating continuous and categorical features
with complex interdependencies (Tan et al., 2024).

To ensure consistency, the number of synthetic samples was kept
equal to that of the original training dataset. Subsequently, the original
dataset collected from literature and the synthetic dataset generated by
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Fig. 2. Statistical distribution of input features and output variable.
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the generative Al model are merged to create a comprehensive dataset. 2.3. Machine learning algorithms and performance metrics
The dataset is then randomly split, with 80 % allocated for training the
machine learning models and the remaining 20 % reserved for testing. Six previously developed machine learning algorithms, which are

Linear Regression (LR) (Mahjoubi et al., 2022), Multi-layer Perceptron
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(MLP) (Prasad et al., 2009), Decision Tree (DT) (Zhou et al., 2024),
Random Forest (RF) (Han et al., 2019), Extreme Gradient Boosting
(XGBoost) (Guo et al., 2023b), and Light Gradient Boosting Machine
(LightGBM) (Guo et al., 2024c), were adopted. Their hyperparameters
were tuned through a combination of grid search (Mahjoubi et al.,
2023a) and k-fold cross-validation (Xu et al., 2024) to reduce the risk of
overfitting. In each iteration, one-fold was used for validation while the
remaining (k-1) folds were used for training. This process ensures that
all data contributes to training and validation.

The performance of machine learning models was evaluated using
four metrics, which are Mean Absolute Error (MAE), Root Mean Square
Error (RMSE), Mean Absolute Percentage Error (MAPE), and the Coef-
ficient of Determination (R%). These metrics are defined as follows:

1¢ 2
RMSE = |- Z (yipre _yi.test> (l)
n i=1
MAPE == Z Yipre Z Vet 40004 2)
n = Yitest
MAE = ’Yl pre — Yitest 3)
n 2
Z ( itest — yi,pre)

i
-

R2:171

(Yices - y)2

i

€]

™=

Il
—-

where Yjes: and y;pr denote the tested and predicted compressive
strength values, respectively; y is the average compressive strength; and
n represents the total number of samples.

The quality of data generated using generative Al techniques was
assessed using three metrics: RMSE (Mahjoubi et al., 2023b), Correlation
Preservation (CP) (Xu and Veeramachaneni, 2018), and Diversity Index
(DI) (Zhang et al., 2022). A lower RMSE indicates better representation
of real data. CP reflects the consistency of variable relationships between
the synthetic and real datasets. Higher CP values represent stronger
alignment in internal structure, indicating that the synthetic data pre-
serves key patterns from the original. The formula for CP is shown in Eq.

(5).

CP(Cs,Cr) =

Z |Rs: — R 5

where R;; is the rank of variable i in the synthetic dataset Cs; R;,; rep-
resents rank of variable i in the real dataset; |R;; - Ry,;| denotes the ab-
solute difference in the ranking of variable ibetween the synthetic and
real datasets; and n is the total number of variables being compared.

The DI quantifies the variability of synthetic data relative to real data
by calculating the average Euclidean distance between each synthetic
instance (xs;) and its nearest real data sample (Xg). A higher DI reflects
greater diversity in the synthetic dataset, supporting better model
generalization and lowering the risk of overfitting. This metric, along-
side others, helps ensure that synthetic data is both representative and
sufficiently varied for effective model training. The formulas of DI are
shown in Eq. (6):

DI(Xs,Xz) = ZE Xsis Xr) 6

where n denotes the total number of synthetic samples; E (x;,;, Xg) refers
to the smallest Euclidean distance between a given synthetic point and
the real dataset.
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E(xsi, Xg) = @

where s;; refers to the value of feature j in synthetic sample i; rj repre-
sents the reference value for feature j in the real dataset; N is the total
number of features.

2.4. SHAP-based model explanation

Machine learning algorithms have demonstrated high predictive
performance in the field of materials engineering; however, their
complexity and lack of interpretability often raise concerns regarding
their practical applicability. These models are frequently regarded as
“black boxes”, offering limited insight into the reasoning behind their
predictions. To address this issue, Shapley Additive Explanations
(SHAP) (Mahjoubi et al., 2022) is widely adopted to enhance the
interpretability of machine learning models. Based on cooperative game
theory, SHAP provides both global and local interpretability by quan-
tifying the contribution of each input feature to the output of the model.
In this study, the SHAP framework is employed to identify and interpret
the relative importance of input variables, thereby enhancing the
transparency and trustworthiness of the machine learning models used
for predicting material properties. The SHAP algorithm is shown as
follows:

F=wo+ > v ®)

i=1

where y denotes the predicted output; y, represents the average output
value from the training dataset; n indicates the total number of features;
and y/(x;) corresponds to the Shapley value assigned to each feature’s
contribution to the output prediction, as defined by:

[sf!(n — Is| — 1)!

w(x:) = nl

{fsUfx}) f(s)} ©)
se{xq . Xn F\X;
where {xj, ...,xn}\xj denotes the set of all input features excluding the i-
th feature; |s| is the number of features in the subset s; f(s) denotes the
model prediction based on the features in subset s; and f(sU{x;}) is the
predicted output when the i-th feature is added to subset s.

2.5. Life cycle assessment

This study uses a Cradle-to-Gate boundary, concentrating only on the
production phase of concrete while excluding construction, usage, and
end-of-life stages. This approach allows for a focused evaluation of the
material’s early economic and environmental impacts. The analysis
centers on key sustainability indicators such as cost, carbon emissions,
energy consumption. It also explores the relationship between envi-
ronmental impact and mechanical performance by comparing
compressive strength per unit of material. This helps identify mixture
designs that achieve a balance between structural performance and
sustainability.

2.5.1. Inventory database

Inventory data for each raw material is collected, covering unit cost
(USD), carbon emissions (kg), and embodied energy (MJ) to produce 1
kg raw materials, as shown in Table A2. The raw materials considered
include fly ash, slag, silica fume, metakaolin, fine aggregate, coarse
aggregate, sodium hydroxide, sodium silicate, superplasticizer, water,
and steel fiber. This inventory database is used to calculate the total cost,
carbon emissions, and energy consumption per cubic meter of GPC.
These values are then normalized by the 28-day compressive strength to
obtain strength-normalized material cost, strength-normalized carbon
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footprint, and strength-normalized energy consumption metrics. This
approach enables a meaningful comparison of GPC mixes in terms of
both mechanical performance and environmental/economic impact.

2.5.2. Economy and environmental impacts

The total cost, carbon emissions, and energy consumption for pro-
ducing 1 m® of GPC under standard curing conditions are calculated
using Eq. (10) to Eq. (12), respectively. To assess resource efficiency,
strength-normalized indicators are calculated by combining the 28-day
compressive strength with the corresponding environmental and eco-
nomic impacts. These indicators offer a robust basis for comparing the
cost and environmental performance of GPC formulations. The devel-
oped machine learning model is initially used to predict the compressive
strength of GPC, and subsequently to support strength-normalized LCA
indicators.

n
M= "mr 10)
i=1
n
c=> an an
i=1
n
E=) en 12)
i=1

where M, C, E denote the cost, CO, emission, equivalent energy con-
sumption of producing 1 m° GPC, respectively; m, c;, e; are the unit cost,
CO emission, energy consumption used to produce the ith ingredient (i
=1, 2, ..., n); and r; is the mass of the ith ingredient.

2.5.3. Optimal material usage identification

Optimal material usage can be identified by evaluating three per-
formance indicators: strength-normalized cost, carbon footprint, and
energy consumption. For each mixture, the total cost, carbon footprint,
and energy consumption are calculated by summing the contributions of
individual materials based on their unit impacts. These totals are then
normalized by compressive strength to produce three strength-
normalized indicators. Boxplots for each indicator are used to deter-
mine their lower quartile (Q1 = 25 %) thresholds. Mixtures that fall
below the Q1 thresholds for all three indicators are considered to have
balanced, low environmental and economic impacts. By identifying the
minimum and maximum usage values for each material across these
optimal mixtures, the approach defines intersection ranges that repre-
sent the most sustainable and cost-effective usage levels for practical
applications.
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3. Results and discussion
3.1. Evaluation of data

To evaluate the effectiveness of data augmentation using generative
Al, synthetic data is produced through two distinct approaches
(Mahjoubi et al., 2023a): (1) Type I (semi-supervised): The input vari-
ables are generated by the generative models, while the output variables
are predicted by the trained machine learning models. (2) Type II (un-
supervised): Both the input and output variables of the synthetic data are
generated by generative models. The quality of synthetic data may vary
during generation, so a filtering mechanism is applied to improve reli-
ability. This process uses the input variables from the synthetic dataset
to predict the corresponding outputs. Samples with predicted outputs
deviating by more than 5 % from the originally generated values are
excluded, as discussed and validated in Fig. A2. This ensures only
high-quality data is retained for training. As shown in Fig. 5(a), models
trained with filtered (Type I) data consistently achieve lower RMSE
values than those using unfiltered (Type II) data. The LightGBM model
trained with CTGAN-generated data achieved the lowest RMSE,
demonstrating the best predictive performance. Therefore, CTGAN with
the Type I method was selected for data augmentation, and model
performance was evaluated across different augmentation ratios.

The augmentation ratio was defined as the number of synthetic
samples relative to the number of real samples. This ratio varied from 0
% to 100 % at an interval of 5 %, and the RMSE of the predictive models
was evaluated, as illustrated in Fig. 5(b). Varying the augmentation ratio
from 0 % to 100 % is a commonly adopted configuration in data
augmentation studies (Jaipuria et al., 2020; Al-Bwana et al.; Yang et al.,
2025). The lowest RMSE was observed at an augmentation ratio of 55 %,
corresponding to 1269 synthetic samples. This indicates that a moderate
level of data augmentation can enhance model accuracy. Beyond this
point, RMSE increased, suggesting that excessive synthetic data may
introduce noise or lead to overfitting. The optimal ratio results in a 4.87
% improvement in RMSE. Although this may not seem like a huge
improvement, it is significant considering that the baseline RMSE is
already low (2.707 MPa). This confirms that a moderate amount of
synthetic data can improve model performance. Fig. Al (Appendix)
presents a comparison of the distributions between the generated data
and the real data with optimal augmentation ratio (55 %). The results
show that the generative method produces synthetic data closely aligned
with the real data distribution, indicating its effectiveness for data
augmentation. The synthetic samples capture the key statistical patterns
and feature relationships of the original data, enhancing model
generalization.

Table 1 presents a comparison of three generative models (CTGAN,
CTABGAN, and VAE) using RMSE, correlation preservation, and di-
versity index. CTGAN achieves the lowest RMSE (13.86 MPa), indicating
the highest prediction accuracy among the three models. CTGAN and
CTABGAN show similar effectiveness in maintaining the correlation

275 CTGAN CTABGAN « VAE
£2.70{ *RMSE (0%)=2.707 et i
m 2.65 e % 5
72} o e
52.60 e

1at. RMSE-(55%)=2:579
2.55
0 20 40 60 80 100
Augmentation ratio (%)

(b)

Fig. 5. Illustration of: (a) performance of the LightGBM trained on synthetic data from various generative methods; (b) effect of augmentation ratio on the pre-

diction accuracy.
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Table 1
Comparison between different generative models.

Metric Goal Generative model

CTGAN CTABGAN VAE
RMSE Minimize 13.86 15.70 21.01
Correlation preservation Minimize 0.09 0.09 0.23
Diversity index Maximize 2.15 1.82 1.26

structure of the original data, each with a correlation difference of 0.09.
In contrast, VAE exhibits a higher deviation at 0.23, indicating weaker
correlation preservation. In terms of diversity, CTGAN outperforms the
others, achieving the highest diversity index (2.15), suggesting a
broader data distribution. These results collectively highlight CTGAN as
the most effective model across all metrics.

3.2. Evaluation of machine learning models

The hyperparameters of machine learning models (LR, MLP, DT, RF,
XGBoost, LightGBM) are listed in Table A3. These hyperparameters were
determined using Grid Search combined with 10-fold cross-validation.
Each parameter is briefly described, covering aspects such as learning
strategies. For example, in the XGBoost model, a maximum tree depth of
6 and a learning rate of 0.2 were selected to balance model complexity
and convergence speed. After determining the optimal hyper-
parameters, the model is validated using the testing dataset to assess its
performance.

The prediction performance of six models is listed in Table 2. The LR
model shows the lowest performance, with high MAE (>15 MPa), high
RMSE (>20 MPa), and lowest R? (0.47). The MLP model demonstrates
low accuracy (R2 = 0.87) on the testing set. Tree-based models include
DT, RF, XGBoost, and LightGBM exhibit strong predictive power, all
achieving R? values above 0.95 on the testing set. Notably, LightGBM
consistently delivers the best overall performance, with the lowest MAE
(3.62 MPa), RMSE (5.54 MPa), and MAPE (0.10 %) on the test data, and
the highest R? (0.97), confirming its robustness and accuracy in pre-
dicting compressive strength. These results underscore the strength of
tree-based models, especially LightGBM, in capturing complex patterns.

Fig. 6 compares the predicted and actual results from the six models
on both training and testing datasets. LR and MLP models show
noticeable scatter in their predictions. This indicates lower accuracy,
especially on the testing dataset. For DT, RM, XGBoost, and LightGAM
models, the predictions closely align with the actual values, indicating
strong model accuracy.

3.3. Parametric analysis

3.3.1. Impact of input variables on compressive strength

This section presents the SHAP analysis for the best-performing
model, LightGBM. SHAP reveals the influence of each input feature on
the predicted compressive strength, both for individual samples and
across the full dataset, as shown in Fig. 7. SHAP analysis highlights
ground granulated blast furnace slag as the most influential factor on the
compressive strength of GPC, followed by curing time and fly ash con-
tent, contributing 36.2 %, 14.0 %, and 7.4 % to the overall impact,
respectively. Sodium silicate and sodium hydroxide contents are also
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identified as significant, while fine aggregate is considered less im-
pactful by LightGBM. Features such as fiber length, fiber diameter, and
metakaolin content contribute minimally (less than 2 %).

From a mechanistic standpoint, these data-driven trends are consis-
tent with the underlying geopolymerization chemistry. The strong pos-
itive contribution of GGBS reflects its high calcium content, which
facilitates the formation of calcium-aluminosilicate-hydrate (C-A-S-H)
gels that densify the matrix and enhance compressive strength (Mishra
et al., 2024). Longer curing times promote polymerization and further
gel development, explaining their high SHAP scores. Moderate NaySiO3
and NaOH contents improve dissolution and polymerization of alumi-
nosilicate precursors, whereas excessive activator concentrations in-
crease viscosity and disrupt gel continuity, leading to strength reduction
(Zhang et al., 2014). Fly ash and metakaolin show relatively weaker
contributions due to their lower calcium content, forming N-A-S-H gels
with limited strength gain (Hanifa et al., 2025). The low SHAP values of
aggregates are expected, as they mainly act as inert fillers. These in-
terpretations confirm that the SHAP-derived variable importance aligns
with the physicochemical mechanisms governing geopolymer binder
formation.

3.3.2. Correlation between parameters

SHAP quantifies the impact of each parameter by analyzing the
correlation between input values and SHAP scores. As shown in Fig. 8
(b-g, k, 0), higher slag content, molarity, fiber volume, and curing time
exhibit clear positive linear trends with compressive strength. The
increasing value of such variables corresponds to larger SHAP values.
Specifically, Cggps > 250 kg/m3, Mol >12 mol/L, and FV > 0.5 %
enhance compressive strength. Silica fume and metakaolin show nega-
tive correlations with the compressive strength. Using less than 300 kg/
m® of silica fume and 500 kg/m® of metakaolin achieve higher strength,
as shown in Fig. 8(c) and (d), respectively. Fly ash content of 700-850
kg/m® and curing temperatures of 70-100 °C enhance compressive
strength, as indicated by elevated SHAP values, as shown in Fig. 8(a) and
(p), respectively. Fig. 8 (e, f, i, j) shows that aggregate, sodium silicate,
and extra water contents have minimal impact on compressive strength.
In contrast, Fig. 8(h) reveals that excessive sodium hydroxide clearly
reduces strength, likely due to disrupted geopolymerization from high
alkalinity (Asghar et al., 2023). Fiber characteristics (FM, FL, FD) in
Fig. 8(I-n) also affect strength, with moderate sizes being favorable.
Fibers with modulus above 190 GPa, such as steel fibers, contribute
positively (Aisheh et al., 2022).

The mechanistic interpretation of these correlations further supports
the data-driven findings. Higher slag content increases calcium avail-
ability, which promotes C-A-S-H gel formation and accelerates early
strength gain (Mishra et al., 2024). Elevated molarity enhances pre-
cursor dissolution, yielding a more interconnected gel network (Shilar
et al., 2022); however, extremely high NaOH content causes excessive
alkalinity, leading to microcracking and pore coarsening that reduce
strength (Zhang et al., 2014). Moderate sodium silicate dosage provides
additional soluble silica, balancing polymerization kinetics and gel
structure (Shilar et al., 2022). Increased curing temperature and time
facilitate dehydration and condensation reactions, thus improving ma-
trix densification (Du et al., 2021). The role of fibers, particularly those
with higher modulus, is to bridge microcracks and enhance post-peak
behavior (Du et al., 2021), consistent with their modest but positive

Table 2

Prediction performance of various machine learning models.
Metrics LR MLP DT RF XGBoost LightGBM

Train Test Train Test Train Test Train Test Train Test Train Test

MAE 15.33 15.10 6.39 7.58 0.46 5.10 2.21 4.99 1.44 4.11 1.21 3.62
RMSE 20.80 20.50 8.50 10.48 2.23 7.35 3.74 7.30 2.68 6.49 2.84 5.54
MAPE 0.46 0.52 0.19 0.22 0.01 0.14 0.06 0.15 0.04 0.12 0.03 0.10
R? 0.57 0.47 0.93 0.87 0.99 0.95 0.09 0.95 0.99 0.96 0.99 0.97
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3.4. Life cycle assessment results

3.4.1. Cost analysis

(a) (b)

Fig. 7. Impact of input variables on compressive strength: (a) SHAP plot, and (b) pie chart.

mixtures cost less than 300 USD/m?. This suggests that although a few
high-cost outliers exist, likely due to the use of expensive materials such
as steel fibers or elevated binder contents, most mixtures remain at low
costs. Fig. 9(b) shows the strength-normalized cost, which ranges from
0.57 USD/MPa to 53.4 USD/MPa, with an average of 5.88 USD/MPa.
Most mixtures fall below 6 USD/MPa, suggesting reasonable cost-

Fig. 9(a) shows the total unit cost (from 35.75 USD/m°> to 1861.53 efficiency for achieving strength.
USD/m®) of rubberized GPC, with an average of 271.18 USD/m®. Most
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Fig. 9(c) presents the proportion of each raw material’s cost relative
to the total cost of GPC. Fly ash, slag, fine and coarse aggregate
contribute less than 20 %. Due to their high unit costs, NaOH and
NaySiOs contribute more to the total cost, reaching up to 30 % in certain
mixtures. The contributions of silica fume and metakaolin vary widely
(0-90 %). Their unit costs are significantly higher than those of fly ash
and slag. Steel fiber contributes the highest share to the total cost among
all materials, accounting for approximately 20 %-95 %. This due to its
high unit cost, which impacts on the total cost of GPC.

3.4.2. Carbon emission

Fig. 10(a) presents the total carbon footprint. Emissions range from
52.59 kg/m°® to 1729.5 kg/m®, with an average of 476.35 kg/m>. Most
GPC mixtures emit less than 500 kg/m?, indicating moderate carbon
footprint across most designs. Fig. 10(b) shows the strength-normalized

carbon footprint for mixtures cured for 28 days, representing the carbon
emissions required to achieve 1 MPa of compressive strength. This
metric ranges from 1.7 kg/MPa to 98.1 kg/MPa, with an average of 12.4
kg/MPa. Mixtures with very low compressive strengths (e.g., 3-5 MPa)
exhibit disproportionately high carbon intensity, often exceeding 100
kg/MPa. However, the majority remain below 15 kg/MPa. Fig. 10(c)
shows the contribution of each raw material to the total carbon emis-
sions. Fly ash, slag, silica fume, water, fine aggregate, and coarse
aggregate exhibit relatively low contributions, typically accounting for
less than 10 %, due to their lower emission factors or moderate usage
levels in most mixtures. In contrast, metakaolin and steel fiber display
significant variability, with their carbon shares up to 60 % and 90 %,
respectively. This wide range reflects differences in mixture design
strategies, while some mixtures exclude these components entirely.
Notably, NaOH and Na,SiO3 contribute substantially to the total carbon
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emissions, reaching up to 40 % and 65 % in certain mixtures. This is and environmental impact.
primarily due to their high emission factors and relatively large dosages
required for alkali activation in GPC. Their dominance in the carbon 3.4.3. Energy efficiency
profile underscores a critical trade-off between mechanical performance Fig. 11(a) presents the total energy consumption associated with
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terials in GPC mixtures.

producing 1 m® of GPC, as determined from the LCA results. Energy
demands range from 320.9 MJ/m> to 9519.6 MJ/m?>, with an average of
2491.7 MJ/m®. The wide range in total energy consumption is primarily
attributed to significant variability in material composition across the
GPC mixtures. Mixtures with minimal use of high-energy materials, such
as steel fiber or chemical activators, tend to fall on the lower end of the
spectrum. In contrast, mixes with high steel fiber or alkali activator
content show significantly higher energy demand. Most of mixtures fall
below 3000 MJ/m3, suggesting that most designs maintain moderate
energy requirements. Fig. 11(b) shows the strength-normalized energy
consumption for mixtures cured for 28 days, which represents the en-
ergy input required to achieve 1 MPa of compressive strength. This
metric varies significantly, ranging from 8.7 MJ/MPa to 429.6 MJ/MPa,
with an average of 60.7 MJ/MPa. Most mixtures remain under 100 MJ/
MPa, indicating a reasonable balance between energy use and

mechanical performance in most cases.

Fig. 11(c) shows the contribution of each raw material to the total
energy consumption for GPC. The trend mirrors that of carbon emis-
sions: fly ash, slag, silica fume, water, fine aggregates, and coarse
aggregate contribute less than 10 %, while metakaolin and steel fiber
vary widely, reaching up to 70 % and 80 %, respectively. NaOH and
NaySiO3 show the high contributions (up to 40 % and 55 %) due to their
high emission factors and required dosages.

3.4.4. Optimal material usage range

The optimal material usage based on Q1 values is shown in Fig. 12.
This figure shows material ranges yielding the lowest 25 % of strength-
normalized cost, carbon, and energy across all mixtures. The intersec-
tion ranges identify material usage linked to low environmental and
economic impacts. Fly ash and slag are effective up to 859 kg/m> and
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700 kg/m?>, while silica fume and metakaolin are limited to 55 kg/m>
and 190 kg/m>. Aggregates show the widest ranges, up to 1453 kg/m®
(fine) and 1800 kg/m3 (coarse). Steel fiber is absent from the optimal
zone, indicating its high cost and environmental load. Sodium hydroxide
and sodium silicate are acceptable up to 80 kg/m> and 325 kg/m5,
requiring careful dosage to balance strength and sustainability.

3.4.5. Recommendations

The intersection ranges in Section 4.3 provide design constraints for
selecting the optimal mixture. Design recommendations are based on 3D
plots (Fig. 13) showing trade-offs among strength-normalized cost,
carbon emissions, and energy consumption. Each point represents a mix,
enabling direct comparison across economic and environmental metrics.
All three indicators were normalized using MinMaxScaler and weighted
equally (0.33) to reflect balanced importance. Mixes with low values in
all three metrics cluster near the origin. Based on 28-day compressive
strength, the optimal GPC mixture exhibits a cost of 0.74 USD/MPa, a
carbon footprint of 1.84 kg CO2/MPa, and an energy demand of 10.32
MJ/MPa, combined impact score of 0.0071. This mixture comprises
264.0 kg fly ash, 264.0 slag, 1453.0 kg fine aggregate, 13.4 kg NaOH
solution, 72.3 kg NaySiO3 solution, 178.3 kg water. The compressive
strength of the optimal mixture is 88.0 MPa. Its optimal performance is a
result of using low-impact materials, including the exclusion of fibers
and low dosages of NaOH and NaySiOs, along with high compressive
strength.

The top 5 % optimal designs shown in Fig. 13 are analyzed for their
material composition and performance characteristics. Notably, fly ash
ranges from 0 to 859 kg/m?>, and slag varies up to 550 kg/m?, indicating
their flexible role as primary binders. Metakaolin appears in limited
quantities, with a maximum of 46.2 kg/m?>, while silica fume is absent
across all top-performing mixtures. Fine and coarse aggregates show
considerable variation, ranging from 308 to 1453 kg/m> and 0-1253 kg/
m® respectively, reflecting adjustments in total aggregate content.
Among the alkaline activators, NaOH and Na,SiO3 are present in some
mixtures, with maximum values of 61.6 kg/m® and 183 kg/m?
respectively. Water content varies from 82.0 to 178.3 kg/m°, depending
on the mix proportions. Steel fiber is not used in any of the top 5 %
mixtures, suggesting that its inclusion may not contribute positively
under the selected optimization criteria.

3.4.6. Comparison between GPC and other concrete

Fig. 14 compares the cost, carbon emissions, and energy
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Fig. 13. Evaluation of optimal design based on strength-normalized cost, car-
bon emission, and energy consumption for each mixture. The color bar in-
dicates the combined effect.
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consumption of GPC, UHPC, and CC at each 10 MPa strength interval,
with 10 randomly sampled data per level. At lower strength levels, GPC
shows a wider variation and higher dispersion than CC, suggesting
greater formulation diversity and sensitivity to precursor composition
and activator dosage. The mean cost and energy of GPC rise steadily
with strength, accompanied by expanding upper limits, indicating an
increasingly resource-intensive production process. In contrast, CC
maintains relatively stable mean values with narrow upper and lower
bounds across all strength ranges, reflecting its standardized production
and limited variability in mixture proportions. UHPC, though having the
highest energy and carbon intensity, shows a steadier rise and smaller
fluctuation at high strengths, implying a more consistent performance-
oriented design strategy. Comparatively, GPC bridges the gap between
CC and UHPC: it demonstrates superior sustainability potential over
UHPC, especially at moderate strength levels, but with higher environ-
mental loads than CC.

Fig. 15(a) to 15(f) compares the total cost, carbon emission, energy
consumption, as well as their strength-normalized counterparts between
GPC and conventional concrete (CC). The comparison includes
randomly sampled 100 GPC mixtures and 100 CC mixtures, all with
compressive strength below 100 MPa. Statistical analysis shows that the
lower bound of GPC performance aligns with that of CC, indicating that
some GPC mixtures can achieve comparable sustainability. However,
most GPCs exhibit higher cost, carbon emissions, and energy con-
sumption than CC. Many GPC mixtures have a higher environmental
impact due to the large amounts of alkaline activators, which require
energy and carbon-intensive production. Since the cement content in CC
is not particularly high, replacing it with large amounts of industrial
waste does not lead to a significant reduction in cost and environmental
impact.

Fig. 16(a)-16(f) compares GPC and UHPC across total cost, carbon
emission, energy consumption, and their strength-normalized counter-
parts. The comparison includes randomly sampled 100 GPC mixtures
and 100 UHPC mixtures (Guo et al., 2023b), all with compressive
strength exceeding 100 MPa. Contrary to common assumptions, GPC
demonstrates slightly improved sustainability performance overall.
Statistical analysis indicates that while a few GPC mixtures show
marginally higher impacts, the general trend reveals better sustain-
ability compared to UHPC. In GPC, the amount of steel fiber used is
comparable to that in UHPC (Liu et al., 2025), making this component’s
contribution to cost and environmental impact effectively equivalent.
Although GPC extensively incorporates industrial by-products such as
fly ash and slag to replace a significant portion of carbon and
energy-intensive Portland cement, the use of alkaline activators like
NaOH and NaySiOs contributes substantially to its overall environ-
mental impact. Strength-normalized indicators confirm similar sustain-
ability performance between GPC and UHPC.

3.5. Graphic user interface

The GUI was developed using the PyQt5 framework in Python
(Fig. 17). It provides an interactive platform for users to input mixture
design parameters and then uses a pre-trained machine learning model
to predict compressive strength and sustainability indicators (cost, car-
bon emissions, energy consumption). Strength-normalized metrics are
also provided, enabling users to evaluate both mechanical performance
and environmental efficiency. The pie charts show the contributions of
different raw materials to total cost, carbon emissions, and energy
consumption.

3.6. Discussion

3.6.1. Advantages of machine learning-LCA framework

Evaluating the mechanical and sustainability performance of geo-
polymer concrete (GPC) mixtures traditionally requires extensive
experimental programs due to the large number of design variables,
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Fig. 14. Comparison of (a) total cost; (b) total carbon emission and (c) total energy consumption of GPC, UHPC, and CC mixtures across strength ranges.

including precursor types, activator compositions, and curing condi-
tions. Such experimental efforts are not only time-consuming and costly
but also constrained by the limited availability of testing facilities and
the complexity of mix interactions. Moreover, incorporating economic
and environmental considerations adds additional complexity to the
design process.

Currently, data-driven approaches provide a more economical and
efficient way to evaluate the mechanical performance of GPC. By
leveraging existing experimental data and advanced machine learning
algorithms, these approaches can accurately predict compressive
strength and other key mechanical properties without the need for
extensive laboratory testing. This not only reduces the cost and duration
of experimentation but also enables rapid screening of a wide range of
mixture compositions.

In this context, the integration of data-driven modeling and LCA
provides an effective alternative to conventional trial-and-error experi-
mentation. By combining generative Al for data augmentation, machine
learning for predictive modeling, and cradle-to-gate LCA for sustain-
ability evaluation, this framework enables reliable prediction and

optimization of GPC performance without exhaustive laboratory testing.
This approach not only accelerates the discovery of sustainable and
high-performance mixtures but also provides a scalable foundation for
data-informed material design.

3.6.2. Representativeness of synthetic data

The reliability of synthetic data generated by generative Al is
essential for achieving robust model performance. To evaluate data
quality and representativeness, three complementary indicators were
employed: RMSE, CP, and DI. RMSE assesses how realistically the syn-
thetic samples reproduce the statistical characteristics of the real data-
set. CP measures the consistency of inter-feature relationships between
real and synthetic data, while DI quantifies the diversity of generated
samples, ensuring that data augmentation enriches the dataset without
redundancy. As summarized in Table 1, the CTGAN-generated samples
exhibited the lowest RMSE, highest CP, and largest DI, indicating that
the synthetic data are realistic, structurally consistent, and sufficiently
diverse. Fig. Al further confirms that the distribution of CTGAN-
generated samples closely aligns with that of the real data,
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demonstrating that the model effectively captures key statistical char-
acteristics. Additionally, a comparison between models trained on
augmented datasets and those trained solely on real data (Fig. 5) shows a
4.87 % reduction in RMSE, verifying that synthetic data enhance model
generalization rather than introducing bias. Together, these results
confirm that the generated data are both representative and reliable for
model training, forming a solid foundation for improving the general-
ization and stability of predictive models.

3.6.3. Generalization of machine learning

The generalization capability of the best-performing machine
learning model, LightGBM, was evaluated through 10-fold cross-
validation, a widely adopted approach to mitigate overfitting and
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assess model robustness. Although no independent external dataset was
available for validation, this method effectively ensures that each subset
of data contributes to both training and testing. The consistently high R
values (>0.94) across all folds demonstrate that the model achieves
strong generalization performance without signs of overfitting, as shown
in Fig. 18. This confirms that the model captures stable and consistent
relationships between inputs and strength.

In addition, the influence of synthetic data proportion on model
performance was systematically investigated by varying the augmen-
tation ratio from 0 % to 100 % (Fig. 5 b). The lowest RMSE was achieved
at an augmentation ratio of 55 %, while higher ratios resulted in
degraded performance, confirming that excessive synthetic data may
lead to overfitting. This analysis demonstrates that model performance
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improves only when the generated samples enrich data diversity rather
than dominate the dataset. Therefore, the combined use of cross-
validation and controlled augmentation ratio effectively mitigates
overfitting and enhances model generalization to unseen GPC mixtures.
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3.6.4. Benefits of strength-normalized sustainability metrics

This research incorporates strength-normalized sustainability met-
rics. These indicators include cost per unit strength (USD/MPa), carbon
emission per unit strength (kg COy/MPa), and energy consumption per
unit strength (MJ/MPa), representing the eco-efficiency of a mixture,
reflecting how effectively mechanical performance is achieved relative
to environmental and economic burdens. Within the current dataset,
strength-normalized sustainability metrics reveal trade-offs between
strength and resource efficiency. For instance, mixtures with excessive
use of NaOH and NaySiOs3 exhibit disproportionately high cost- and
energy-normalized values despite achieving high compressive strength,
indicating diminishing sustainability returns at higher activator con-
centrations. Conversely, certain mixtures with moderate binder contents
and optimized curing conditions achieve a balanced performance, with
normalized carbon footprint and energy demand comparable to those of
conventional concrete. Such mixtures highlight the importance of mix
design optimization for achieving practical sustainability rather than
merely reducing absolute emissions or cost. In practical terms, these
normalized metrics can guide performance-based material selection. For
example, GPC mixtures with strength-normalized carbon footprints
below 10 kg CO2/MPa and costs below 6 USD/MPa can be considered
both structurally and environmentally efficient for medium-strength
infrastructure applications. For ultra-high-strength GPC, while abso-
lute impacts are higher, strength-normalized indicators remain
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competitive with UHPC, underscoring their potential for structural ap-
plications requiring superior durability and load resistance.

3.6.5. Challenges and future research

The analysis in Section 3.4 is not fully comprehensive, as the current
dataset only includes conventional fiber-reinforced geopolymer mix-
tures. Within this scope, fibers and alkali activators are identified as the
main contributors to cost and environmental impact. However, in
certain cases, their use may still be justified for improved mechanical
performance and durability. Although steel fibers were excluded due to
their higher cost and environmental footprint, they offer notable struc-
tural advantages in applications requiring high tensile strength, cracking
control, or impact resistance (Du et al., 2024). Therefore, the selection of
fiber type should balance environmental, economic, and structural
considerations.

Compared with conventionally manufactured chemical activators,
those derived from industrial or agricultural wastes show strong po-
tential to replace traditional water glass (Wang et al., 2025; Rajan and
Kathirvel, 2021). Solid waste such as rice husk and waste glass can be
calcined and blended with NaOH to produce a low-carbon solid acti-
vator (Nassar et al., 2025a, 2025b; Rodriguez-Morales and
Escalante-Garcia, 2024). Likewise, almond shell ash rich in KOH and
K2CO3 can completely replace conventional activators while reducing
carbon emissions by up to 56 % (Fan et al., 2025). A low-carbon acti-
vator synthesized from waste glass powder via a hydrothermal process
with NaOH (6 M, 60-80 °C, 48 h) demonstrated comparable reactivity to
commercial waterglass with up to 40 % lower carbon footprint (Navarro
et al., 2025). In conclusion, future studies should focus on developing
cost-effective, low-carbon activators using solid waste to replace alkali
solutions and water glass.

The optimal upper and lower bounds of the material volumes were
determined from the current dataset. Within this range, the results
provide valuable guidance for mix optimization and simplify the design
process of geopolymer concrete. Nevertheless, the dataset remains
limited in scope, and these bounds may not fully represent the vari-
ability of materials and mix proportions in real-world applications.
Future studies should aim to expand the dataset to cover a wider range
of mixture designs and experimentally validate the upper and lower
bounds to enhance their reliability and practical relevance. The accu-
racy of the LCA results is influenced by the quality and consistency of the
inventory data. The data used were compiled from multiple literature
sources, which may differ in terms of material composition, geograph-
ical origin, manufacturing process, and reporting methodology. Such
inconsistencies can introduce uncertainties and potential biases into the
life cycle results, affecting the comparability and reliability of the
assessment. Therefore, future studies should prioritize the development
of a standardized, region-specific inventory database for geopolymer
concrete. Establishing such a database would significantly improve the
consistency and transparency of LCA evaluations, enabling more reliable
and data-informed decision-making in sustainable material design and
selection.

As the dataset developed in this study primarily focuses on two-part
GPC mixtures activated by liquid alkalis, the proposed data-driven and
LCA-based framework is equally applicable to one-part GPC systems. To
extend this approach, new datasets specific to one-part GPC incorpo-
rating parameters such as solid activator dosage and precursor compo-
sition need to be established. Similarly, a corresponding life cycle
inventory database should be developed to capture the environmental
impacts associated with solid activator production and use. Future
research will focus on expanding the framework to one-part GPC,
thereby enhancing its general applicability across different types of
geopolymer systems.

4. Conclusion

This paper presents a comprehensive assessment of the cradle-to-gate
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life cycle cost, carbon footprint, and energy consumption of 2304 GPC
mixtures which represent the state-of-the-art dataset, aiming to establish
a holistic understanding of the impacts of GPC design parameters on
mechanical and sustainability performance. Based on the above in-
vestigations, the following conclusions can be drawn:

e Based on existing GPC, among three categories of ingredients (fibers,
alkaline activators, and granular ingredients), steel fibers exhibited
the highest impacts on material cost (95 %), carbon footprint (90 %),
and energy consumption (80 %); NaOH and NaySiO3 demonstrated
the second highest impacts: up to 30 % for cost, up to 65 % for carbon
footprint, and up to 55 % for energy consumption; and granular in-
gredients had the lowest contributions to the cost, carbon footprint,
and energy consumption, suggesting that an effectiveness ranking of
steel fibers > alkaline activators > granular ingredients including
solid wastes. However, despite their higher cost and environmental
impacts, steel fibers offer superior structural performance in terms of
tensile strength, crack control, and toughness, and their inclusion
may still be justified in applications where such properties are crit-
ical. Future studies should focus on developing cost-effective, low-
carbon activators using solid wastes to partially or fully replace alkali
solutions and water glass, thereby further enhancing the sustain-
ability of geopolymer production.

The upper limits of the contents of various materials are recom-
mended based on the LCA, aiming to minimize strength-normalized
cost and environmental impacts: Fine and coarse aggregates contents
are no higher than 1453 kg/m> and 1800 kg/m?>, respectively. Fly
ash, slag, silica fume, metakaolin, NaOH, and NaySiO3 contents are
no higher than 859 kg/m?, 700 kg/m?, 55 kg/m®, 190 kg/m?®, 80 kg/
m?, and 325 kg/m?, respectively.

Ultra-high-strength GPC (compressive strength >100 MPa) and
ultra-high-performance concrete (compressive strength >120 MPa)
exhibited comparable cost, carbon footprint, and embodied energy.
Overall, normal-strength GPC (compressive strength <100 MPa) had
higher cost, carbon footprint, and embodied energy than the Port-
land cement concrete counterpart due to the high dosages of alkali
activators.

The data adopted in this study were sourced from available refer-
ences. The data contained inconsistencies in materials, geographical
origins, manufacturing processes, and reporting formats. These in-
consistencies reduce the reliability of assessments. As a result, there is a
critical need for dedicated research to develop a standardized, region-
specific database for GPC. Establishing such a database will enhance
the consistency and accuracy of assessments, ultimately supporting
data-informed decision-making in material selection and formulation
design.
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Table A1

Distribution of mixture design variables and compressive strength of GPC
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Foundation [award number: CMMI-2046407].

No. Symbol Unit Minimum Maximum Mean STD

1 Cra1 kg/m3 0.0 1199.0 286.8 203.3
2 CoBs kg/m® 0.0 1175.0 184.8 235.8
3 Csp kg/m3 0.0 800.0 22.1 84.4
4 Cuk kg/m3 0.0 1500.0 64.7 185.9
5 Cra2 kg/m3 0.0 1900.0 816.7 377.9
6 Cea kg/m® 0.0 1800.0 676.4 571.9
7 Mol mol/L 0.0 20.0 12.4 2.4
8 Csy kg/m3 0.0 500.0 77.0 45.3
9 Css kg/m® 0.0 750.0 180.9 89.2
10 Caw kg/m3 0.0 396.0 33.9 58.2
11 Fv % 0.0 5.0 0.4 0.7
12 FD mm 0.0 1.4 0.09 0.04
13 FL mm 0.0 65.0 6.0 10.1
14 FM GPa 0.0 250.0 47.6 80.9
15 CT days 0.0 365.0 23.5 27.1
16 T °C 7.0 240.0 25.2 25.3
17 fe MPa 3.6 180.0 48.1 31.1

Table A2

Inventory data for each raw ingredient used in LCA

No. Materials Cost (USD/kg) Carbon footprint (kg/kg) Energy consumption (MJ/kg)
1 Fly ash 0.026 Guo et al., 2023b 0.005 Guo et al., 2023b 0.10 Mahjoubi et al., 2025
2 Slag 0.100 Guo et al., 2023b 0.085 Guo et al., 2023b 1.3 Mahjoubi et al., 2025
3 Silica fume 0.800 Guo et al., 2023b 0.014 Guo et al., 2023b 0.018 Mahjoubi et al., 2025
4 Metakaolin 0.500 Guo et al., 2023b 0.332 Guo et al., 2023b 3.48 Mahjoubi et al., 2025
5 Fine aggregate 0.010 Guo et al., 2023b 0.002 Guo et al., 2023b 0.022 Mahjoubi et al., 2025
6 Coarse aggregate 0.014 Guo et al., 2023b 0.004 Guo et al., 2023b 0.022 Mahjoubi et al., 2025
7 Sodium hydroxide 0.380 Guo et al., 2024a 1.915 Guo et al., 2024a 8.75 Jamieson et al., 2015
8 Sodium silicate 0.170 Guo et al., 2024a 1.514 Guo et al., 2024a 5.37 Kaplan et al., 2023
10 Water 0.001 Guo et al., 2023b 0.0003 Guo et al., 2023b 0.00574 Chiaia et al., 2014
11 Steel fiber 5.0 Guo et al., 2023b 2.65 Guo et al., 2023b 20.56 Mahjoubi et al., 2025
Table A3

Optimal hyperparameter for various machine learning models

Algorithms

Hyperparameters

Descriptions

LR
MLP

DT

RF

XGBoost

fit intercept = True
normalize = False
S; =100

S2 =50

a = 0.00003

I, =0.001
batch_size = ’auto’
Imax = None
ng=2

S = ’best’
criterion: squared error
n, = 90

dmax = None
Lyin=1

ng=2

criterion: mse

ne = 200

=02

70=0
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Whether to calculate the intercept for this model
Whether to normalize the input features before fitting
Number of neurons in first hidden layer

Number of neurons in second hidden layer
Strength of the L2 regularization term

Learning rate

Size of minibatches used for optimization
Maximum number of leaf nodes

Number of features to consider for the best split
Strategy for splitting nodes

Squared error is adopted as the splitting criterion
Whether to calculate the intercept for this model
Maximum depth of the tree

Minimum number required to be at a leaf node
Number of features to consider for the best split
The function to measure the quality of a split
Number of estimators

Learning rate

Minimum loss reduction for a further leaf partition

(continued on next page)



M. Zhang et al. Journal of Cleaner Production 538 (2026) 147387
Table A3 (continued)
Algorithms Hyperparameters Descriptions
dmax = 6 Maximum depth of each tree
reg alpha = 0 L1 regularization term coefficient
reg lambda = 1 L2 regularization term coefficient
LightGBM np=2 Number of boosting iterations
ne = 69 Number of boosting rounds
,=0.32 Learning rate
dmax = -1 Maximum depth of the tree
b= 1.0 Fraction of training data in each boosting iteration
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Fig. A1l. Comparison of real and synthetic dataset distributions.
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Fig. A2. Effect of deviation threshold on data filtering performance in generative data augmentation. As the threshold increases from 5 % to 20 %, the augmentation
ratio rises steadily, indicating that more synthetic samples are retained. However, the average RMSE also increases, suggesting reduced data quality and model
accuracy at higher thresholds. A 5 % threshold achieves the lowest RMSE and a reasonable augmentation ratio, representing the best trade-off between data quality

and sample quantity.

Data availability

Geopolymer concrete datasets are available at: https://github.

com/2740267974/Geopolymer-Concrete-data.
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