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Article Info  Abstract 

Article History: 
 One-part alkali-activated concrete (OPAAC) is regarded as a sustainable substitute 

for traditional concrete and demonstrates significant potential in practical field 
constructions. This paper explores the properties of OPAAC made using a binder 
system that consists of ground granulated blast furnace slag, sodium metasilicate 
(SMS), and calcium hydroxide. Three mix designs for grades M15, M20, and M25 
were formulated. The performance evaluations revealed that higher SMS content 
and water-to-binder ratio favored the workability of mixes. The hardened-state 
tests suggested that OPAAC showed an enhancement in compressive strength (CS), 
flexural strength (FS), and split-tensile strength (STS) with an increase in SMS 
content. The highest CS, FS, and STS recorded were 32.72, 6.20, and 3.44 MPa, 
respectively. Various machine-learning models were tested to estimate the 
strength of developed concrete. The gradient boosting model showed the best 
performance among others with an average test R² of 0.9684 and was able to 
successfully predict the strength. OPAAC also exhibited crucial environmental and 
economic advantages, including carbon reduction by 55-59% and cost savings by 
12-16% compared to conventional concrete. Therefore, the outcomes show that 
OPAAC does not only present a comparable material performance but also an eco-
friendly and less expensive option for the field construction activities. 
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1. Introduction 

In the construction sector, concrete is the most utilized construction material on the earth, second 
only to water. This is mainly because of its abundance, affordability, and resilient nature. It is 
estimated that the annual production of concrete may rise from current 14 billion m³ to 20 billion 
m³ by 2050 [1]. But due to its dependency on traditional cement, there are serious environmental 
issues. Cement manufacturing is a very energy-consuming process that accords to about 8% of total 
man-made CO2 emissions in the world with an amount of emission close to 0.80-0.95 kg of CO2–
equivalent per kilogram of ordinary Portland cement (OPC) [2]. In order to reach net-zero emission 
targets, the industry is increasingly using blended cements, such as Portland slag cement, Portland 
pozzolana cement, and composite cement. Composite cement (CC) is a more sustainable variant of 
blended cement with 23-47 % lower carbon emissions and it is largely used in various construction 
applications in Indian construction industry [3]. This has been largely due to the higher level of 
ground granulated blast furnace slag (GGBS) and fly ash (FA) and reduced content of clinker of 35-
65 % [4]. In spite of the current developments, OPC continues to be a major contributor to carbon 
emission, thus explaining the need to focus on other binders that possess the latent to decrease 
carbon emissions and reduce the energy requirements. At the same time, the alternative binders 
should be locally available and economical with comparable strength and durability. Over the past 
decades, alkali-activated binders (AABs) were identified to be more sustainable substitute of the 
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conventional OPC. AABs utilize the industrial wastes such as FA, GGBS or metakaolin, as alumina-
silicate precursors. These precursors are triggered by alkaline solutions (referred to as two-part 
AABs), which leads to the generation of stable alumina-silicate gels that act as a binding agent for 
aggregates and provide concrete with the normal strength properties. Traditional two-part AABs 
have already proved to have huge reductions in embodied carbon and their life-cycle analysis 
shows that they emit 40-80 % less CO2 than OPC [5,6]. These values are mainly due to the avoidance 
of clinker and the use of industrial by-products. Apart from the enormous reductions in emissions, 
they happened to possess excellent mechanical properties and longevity compared to OPC [7,8]. 
Though two-part AABs are slowly gaining acceptance and several countries have already 
developed standards for their usage. Their application is currently hampered by the necessity to 
manage concentrated activator liquids, which is a safety, storage, and quality control issue on site 
[9]. To overcome the above concerns, one-part alkali activated binders (one-part AABs), also 
referred as “just-add-water” materials, have recently been developed [10]. These binders offer the 
sustainability and durability benefits associated with conventional AABs, while at the same time 
offering handling and placement similar to OPC. Recent researches have demonstrated that the 
concrete made using one-part AAB has excellent performances, which are high mechanical strength 
and greater durability in chemically hostile circumstances [11–13].   

One-part alkali-activated concrete (OPAAC) renders as an eco-friendly and a practical substitute to 
traditional concrete. Simultaneously, OPAAC mitigates the challenges of managing corrosive liquid 
activators needed by two-part alkali-activated concrete and provides a better mechanical property 
and durability. The only difference that exists between OPAAC and traditional concrete is the 
composition of the binder. OPAAC requires a binder that composes a solid alumina-silicate 
materials and powder alkaline activators [14–16]. In production of OPAAC, GGBS is considered a 
highly reactive precursor because of its enhanced reactivity and amorphous structure. Due to their 
high CaO, SiO2, and Al2O3 content, the formation of rigid and stable gel structures, majorly in form 
of calcium alumina silicate hydrate (C-A-S-H) gels occur, that results in high strength at early ages, 
good prolonged mechanical performance, and high durability [17–19]. But, higher content of GGBS 
in binder system reduces the workability of OPAAC [20] and, hence, it recommended to use the 
optimum GGBS content in the mix design of OPAACs. Overall, these superior properties of GGBS 
make it an excellent material to work within one-part systems [19,21]. On the other hand, sodium 
metasilicate (SMS) in forms of Na2SiO3-Anhydrous, Na2SiO3.5H2O and Na2SiO3.9H2O, has been 
widely used as solid activators because of their high alkalinity and cementitious properties. Ma et 
al. [22] investigated the suitability of all threes forms of sodium metasilicate in one-part alkali-
activated systems. They reported that Na2SiO3-Anhydrous has found to be best suited for the 
enhanced properties of one-part alkali-activated systems. But the usage of metasilicate may speed 
up the setting leading to efflorescence and cracking and result in lowering mechanical 
performances when overused beyond 14% of mass of binder system [11,17]. A body of research 
has indicated that, these problems can be alleviated by addition of supplementary solid activators 
like Ca(OH)2, Na2CO3, NaOH or NaAlO2 which help to improve the properties of binders as well as 
reduce early-age cracking [23–26].  

Depending on the mix design, precursor type, activator ratio, and water-to-binder (w/b) ratio, 
OPAAC typically has a low workability, which requires more compaction efforts similar to 
conventional approach. It has been shown that the alteration of mix proportion, precursor type, 
activator ratio and w/b ratio affect the workability of one-part alkali-activated systems [20,27,28]. 
In same vein, the usage of traditional super-plasticizers improves the workability without affecting 
mechanical strength [25,29].  Haruna et al. [30] investigated the performance of OPAAC using a 
binder made of high calcium FA and solid Na2SiO3-Anhydrous. They reported that the workability 
of OPAAC was obtained in the acceptable range of 34–165 mm. An increase in paste-aggregate ratio 
resulted in a significant improvement in workability. In a recent study [31], the slump values for 
GGBS-based OPAAC, activated using SMS anhydrous, was reported in the range of 20–230 mm. This 
suggests that OPAAC with very low to high workability can be developed, which is useful for 
numerous structural applications from foundations to beam and slabs. The previous literature also 
indicates that OPAAC is capable of reaching a very high compressive strength (CS) as high as 70 
MPa at 28-days of ambient or water curing, the flexural strength (FS) typically fell in the range of 
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4–7 MPa, and split tensile strength (STS) was in the span of 2–5 MPa at 28 d under similar curing 
methods [30,32–34]. These strength developments in OPAAC were mainly attributed to the 
occurrence of compact microstructure containing C-A-S-H gels as a major strength giving phase 
[17–19,26]. Nevertheless, the major influence on the strength was found to be due to mix 
formulation, precursor type, activator type, ratio of activators and w/b ratio, and the method of 
curing [9,15,16]. Research indicates that OPAAC is curable in both ambient and water. Water curing 
proved to be better in long term retention of strength and in providing better durability in case of 
OPAAC. This can be ascribed to the phenomenon that the water curing keeps the paste saturated in 
concrete matrix, which enhances ion diffusion and allows hydration reactions to persist at the 
interface of the paste and aggregates [18,30]. Furthermore, OPAAC has been found to have better 
durability compared to traditional concrete, with greater resistance to chemical attack, lower 
permeability, lower water absorption, and improved long-term performance, as suggested by 
previous studies [8,35,36]. 

In previous studies [37–42], the application of machine learning (ML) methods in the field of alkali-
activated materials has become a common practice, primarily, to predict CS, identify effective 
influencing factors, optimize the mix proportions, and guarantee the quality control of mix. In 
literature review, it is implied that many ML models, including but not restricted to random forest, 
gradient boost, decision trees, support vector regression, ridge regression, lasso regression, 
ElasticNet, and artificial neural network (ANN) have been utilized to achieve the above-said. In a 
recent study [42], ML algorithms, including ANN and support vector machines, were studied on 3D-
printed soil-cement composites. The authors also identified the necessity of standard datasets in 
order to overcome data scarcity and to enhance the reliability of the models. They suggested future 
research on the development of hybrid ML with physics-based simulations and exploration of 
environmentally friendly binders, including that these would be able to optimize local resources, 
improve longevity, and cut down emissions and expenses. Another study [43] has surveyed how 
digital twins and artificial intelligence (AI) can be used in real-time structural monitoring. These 
methods make it possible to monitor and identify anomalies earlier, and they turned out to be much 
more effective than the traditional approaches. Collectively, these studies demonstrate that there 
is a high potential of ML and AI in the material assessment, quality inspection, and structural health 
assessment. Nevertheless, the largest figure of studies on ML models was carried out on two-part 
AABs [37–40]. This makes use of ML models in OPAAC a less exploited area. Harika et al. [44] used 
five models of ML to estimate the CS of one-part AAB mortars. They train, test and validate the ML 
models using 135 experimental data. Findings indicated that the random forest model was the most 
predictive, with gradient boost and decision tree coming next, and support vector regression was 
the least predictive. In addition, they indicated that the content of the GGBS, activator dosage, 
curing age, and w/b ratio were the most affecting characteristics. In another study [45], application 
of models such as ANN and gene expression programming (GEP) in the prediction of OPAAC 
systems was presented using 171 experiments database. They added that ANN performed better 
as compared to GEP with regard to prediction efficacy. A sensitivity analysis indicated that the CS 
would be most affected by the activator and slag contents. 

1.1. Research Significance 

Although there is an increasing trend towards OPAAC, research in this area is still limited, and most 
of the research work has been carried out at the paste or mortar level, and not at the concrete level. 
There exists a gap in knowledge about selection and dosage of solid activators, mix design methods, 
fresh and hardened properties at concrete level or the application of ML methods in OPAAC. The 
current research aims to fill these gaps by assessing OPAACs in the M15 to M25 strength grades, 
which are widely utilized in practice, under different binder ratios and different levels of activators. 
Chemical activators of industrial grade were used for widespread applicability of binder systems. 
The proportions of mixes were designed in line with Indian standard mix design method. Such that 
one-part AABs could be equated with OPC and thus there was no need to develop new mix 
guidelines. The binders were pre-mixed and packaged for testing in a way similar to regular 
cement, which makes them easy to handle. Well-established testing methods were followed to 
determine the fresh and hardened concrete properties. Furthermore, ML models were applied for 
simultaneous predictions of the CS, FS and STS, which will enable fast formulation of mix 
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proportions, and guarantee quality control. Additionally, embodied carbon, and cost-effectiveness 
of OPAAC were assessed and compared with regular concrete. The current study provides detailed 
information about the application of OPAAC as a sustainable, economical, and practically feasible 
alternative to conventional concrete. 

2. Materials and Methods 

2.1. Materials 

2.1.1. Solid Precursor and Activators 

GGBS was employed as the alumino-silicate precursor in this research. Sodium metasilicate 
anhydrous (SMS) and calcium hydroxide (CH) mixture was employed as the solid alkaline activator. 
GGBS was procured form Astrra Chemicals, Chennai, India. Its chemical content was found through 
X-ray fluorescence (XRF) analysis, which showed that the mineral is predominantly made up of 
calcium with CaO constituting 42.7 % of the total oxide deposits as shown in Table 1. SMS, in 
granular form and of industrial grade, was obtained from Akshar Chem Exim Co. Pvt Ltd, Kolkata, 
India, and the supplier’s specifications are listed in Table 1. CH, which was also purchased by the 
same supplier, was delivered as a fine industrial-grade powder with 96% purity of Ca(OH)2. The 
use of industrial-grade activators in this study aimed at enhancing the applicability and feasibility 
of the proposed binder system. Table 2 shows physical characteristics of precursor and activators. 
Additionally, the particle size distribution curve of GGBS and activators are presented in Figure 1. 
As can be noted, SMS was significantly coarser than CH and GGBS. Further, the fineness of CH was 
higher than that of GGBS. 

Table 1. Chemical compositions of GGBS and SMS 

Constituents CaO SiO2 Al2O3 MgO MnO SO3 Fe2O3 Na2O LOI 
GGBS (%) 42.7 31.2 15.1 5.71 1.63 1.19 0.68 - 0.26 
SMS (%) - ≥48 - - - - - 50-52 - 

 

Table 2. Physical properties of GGBS, SMS, and CH 

 

Descriptions Specific  
Gravity 

Blaine fineness 
(m²/kg) 

Mean particle size  
(μm) 

GGBS 2.85 420 13.85 
SMS 1.05 151 575 
CH 2.21 450 11.75 

 
Fig. 1. Particle size distribution curves for GGBS, SMS, and CH 
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2.1.2. Binders 

The current paper analyzed two different, one-part alkali-activated binders (AABs) designed to be 
used in concrete, with the content of each being 80% GGBS and 20% blended solid activators (SMS 
and CH). The first binder (AAB -1) had 14 % SMS and 6 % CH, and the second binder (AAB -2) had 
12 % SMS and 8 % CH, the GGBS content was kept constant in both formulations. These ratios were 
fixed based on prior studies [17,26] and preliminary laboratory trials. For comparison purposes, a 
composite cement (CC) meeting the requirements of IS 16415:2015 [4] was also used. The CC, 
which is equivalent to 33-grade OPC, is a variant of blended cement made up of OPC, FA, and GGBS. 
According to the suppler’ specification, CC was made up of 32.50% FA, 30.25% GGBS, and 37.25% 
OPC clinker, but excluding gypsum. The reasons for choosing the binder compositions, as well as 
the experimental work and performance assessment of the raw materials and binders, have been 
documented in the authors’ previous work [46]. The binder properties are presented in Table 3. 
The performance analysis revealed that the physical properties of all binders were similar to those 
of 33-grade OPC and, hence, they were utilized in the design of concrete mixes. 

Table 3. Physical properties of binders used in preparation of concrete mixes 

Parameters CC AAB-1 AAB-2 

Fineness (m2/kg) 3482 3515 3584 

Specific gravity 2.840.04 2.640.02 2.580.02 

Standard consistency (%) 32 29 32 

Initial setting time (minutes) 1346 555 762 

Final setting time (minutes) 2888 2856 3287 

Soundness (mm) 1.20.1 2.00.2 1.80.3 

Compressive strength (MPa), 28d 38.520.5 40.001.1 35.121.2 
 

2.1.3. Aggregate and Water 

The natural fine aggregate (NFA) used was local river sand, which conformed to Zone-III based on 
IS 383:2016 [47]. The nominal sizes of 20 mm and 10 mm of the natural coarse aggregates (NCA) 
were combined in a ratio of 60:40 based on laboratory trials to make a well-graded coarse 
aggregate of 20 mm nominal size, confirming to IS 383:2016 [47]. The physical attributes of NFA 
and NCA used in this study are provided in Table 4. Potable water that meets the criteria set out in 
IS 456:2000 [48] was used to produce all test specimens. 

Table 4. Physical characteristics of fine and coarse aggregate 

Descriptions Fine aggregate Coarse aggregate 
Sieve Analysis 

 
Size (mm) % Passing % Passing 

40 - 100 
20 - 90.5 
10 100 33.4 

4.75 100 0 
2.36 90.8 - 
1.18 76.2 - 
0.60 62.3 - 
0.30 15.2 - 
0.15 0 - 

Nominal maximum size (mm) 4.75 20 
Grading & Zoning  Zone-III Graded aggregate 

Specific gravity 2.640.01 2.800.02 
Water absorption (%) 1.00 0.50 

Compacted bulk density (kg/m3) 162118 160622 
Fineness modulus 2.56 6.76 
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2.2. Mix Proportioning and Sample Preparation 

The mixes were formulated to produce three different grades of concrete (M15, M20, and M25), 
commonly used for residential buildings and general construction purposes, as per IS 10262:2019 
[49]. The mixes were designed without using any chemical admixture. Thus, a low workability of 
concrete mix, target with slump value up to 50 mm, was selected during the mix design. During mix 
proportioning, the target CS (ck) at 28 d for M15, M20 and M25 grades were adopted as 20.775, 
26.60, and 31.60 MPa, respectively. It was set higher than the minimum characteristics CS (ck) of 
concrete as per the codal provision. Concrete mixes of each strength grade were produced using 
three different binders- AAB-1, AAB-2, and CC. The same proportions of ingredients and water-to-
binder (w/b) ratios designed for AAB-1 binder were maintained across all the other binders of the 
same strength grade. All the concrete mixtures showed the intended workability, having slump 
values of 20–55 mm, during the laboratory trials. The common mixture ratios (binder: NFA: NCA) 
and w/b ratios were the following: M15- 1:1.85:3.64 (w/b = 0.55), M20- 1:1.58:3.07 (w/b = 0.48), 
and M25- 1:1.40:2.78 (w/b = 0.44). Table 5 shows the proportions of mixes in detail. Within the 
nomenclature, CC, A1 and A2 represent composite cement, AAB-1 and AAB-2 respectively, with the 
last two figures representing the grade of concrete strength. 

Table 5. Mix proportions of different concrete mixtures used in the study 

Mix ID GGBS 
(kg/m3) 

SMS 
(kg/m3) 

CH 
(kg/m3) 

CC 
(kg/m3) 

NFA 
(kg/m3) 

NCA 
(kg/m3) 

Water 
(kg/m3) 

W/B 
ratio 

CC15 - - - 338.18 625.62 1230.30 186 0.55 
A115 270.54 47.35 20.29 - 625.62 1230.30 186 0.55 
A215 270.54 40.58 27.06 - 625.62 1230.30 186 0.55 
CC20 - - - 387.50 614.01 1188.40 186 0.48 
A120 310.00 54.25 23.25 - 614.01 1188.40 186 0.48 
A220 310.00 46.50 31.00 - 614.01 1188.40 186 0.48 
CC25 - - - 422.72 591.66 1175.70 186 0.44 
A125 338.18 59.18 25.36 - 591.66 1175.70 186 0.44 
A225 338.18 50.73 33.81 - 591.66 1175.70 186 0.44 

 

 
Fig. 2. Freshly prepared concrete mixture, the slump cone test, and prepared test specimens 
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The concrete was made by first dry mixing the required quantities of binder, NFA, and NCA for 2 
min in a laboratory pan mixing machine. After this, the measured quantity of water was added as 
per the prescribed w/b ratio as mentioned earlier. The mixing was performed for further 3-5 min 
till the mixture attained a homogeneous consistency. All the mixing and casting were done in a 
laboratory setting, which was maintained in range of 27 ± 2 °C temperature and 65 ± 5% relative 
humidity. The concreting process was followed same as the standard procedure generally adopted 
for conventional concrete. Figure 2 shows the freshly prepared mixture, the slump test on the fresh 
mix, and the prepared cubic, cylindrical, and prismatic moulds. Concrete was immediately poured 
into different moulds: cubic moulds of 150 x 150 x 150 mm, cylindrical moulds of 150 mm diameter 
x 300 mm height, and prismatic moulds of 500 x 100 x 100 mm. A table vibrator was used to 
compact each mould for removing entrained air and achieving dense specimens. The compacted 
mould was, then, covered with wet cloths and left in a laboratory atmosphere for a period of 242 
h prior to demolding. After demolding, the test samples were submerged in a temperature-
controlled curing tank, which was regulated at 27 ± 2 °C. The samples were cured in the curing tank 
until the time of test. 

2.3. Experimental Methods 

2.3.1. Test On Fresh and Hardened Properties 

The workability of the prepared mixtures was measured using the slump test according to the IS 
1199 (Part 2): 2018 [50]. For slump cone test, a common reference mixes with (binder: NFA: NCA) 
ratio of 1:1.40:2.78, referring M25 grade mix, was selected in order to explore the influence of w/b 
ratio on the workability. The w/b ratio was altered stepwise (0.40 to 0.60) and the slump tests 
were conducted on each of the w/b ratios to establish the effects of the water content in the fresh 
concrete mixture on the workability. For every mix and w/b ratio, three slump tests were 
performed, and the average slump value was recorded and reported. 

 
Fig. 3.Test set-up and failure mechanisms of concrete specimens 
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The CS, FS and STS tests were conducted to identify the mechanical properties of hardened OPAAC 
as per the methodology suggested in IS 516 (Part 1/Sec 1): 2021 [51]. All experiments were also 
carried out in a laboratory environment at 27 ± 2 °C temperature and 65 ± 5% relative humidity. 
Specimens were tested after 3, 7, and 28 d of water curing to determine the development of 
strength with time. CS and STS of all specimens were obtained through a digital compression test 
machine with the associated accessories, and FS was obtained on prismatic specimens through a 
four-point flexural set-up using a flexural testing machine. The test set-up and failure mechanism 
of the specimens were akin to that of traditional concrete as shown in Figure 3. Three replicate 
specimens were tested at every curing period with each mix proportion and mean values were 
recorded. A total of 81 cube specimens were subjected to CS tests, 81 prismatic beam specimens to 
FS tests, and 81 cylindrical specimens to STS tests, putting into consideration all mix proportions 
and the curing periods. 

2.4. Machine Learning Methodology 

The present modeling study was performed on the basis of the experimental strength results, which 
were conducted on 09 different mixes of concrete (Table 5). Parameters recorded include CS, FS 
and STS at the curing age of 3, 7, and 28 d. There were 81 specimens that were tested, inclusive of 
all curing ages, in each strength test. Therefore, 81 data point featuring 08 input variables (GGBS, 
SMS, CH, CC, NFA, NCA, w/b ratio, and curing time) and 03 output variables (CS, FS, STS) were 
prepared for modeling study. Table 6 shows the input (feature) and output (target) variables that 
were utilized in the modeling with their specifications. Preprocessing of the experimental data was 
done before modeling to eliminate possible inconsistencies. The data were preprocessed followed 
by the division of the data into eight input features and three output targets. In order to achieve an 
objective evaluation of model performance, the data were randomly divided into two sets- 80% 
training set for model development and 20% testing set for evaluation. 

Table 6. Dataset properties of input and output variables 

Parameter Minimum Mode Median Mean Maximum Standard 
deviation 

GGBS (kg/m3) 0 0 270.54 204.16 338.18 147.04 
SMS (kg/m3) 0 0 46.5 33.18 59.18 24.1 
CH (kg/m3) 0 0 23.25 17.86 33.81 13.25 
CC (kg/m3) 0 0 0 127.6 422.72 182.69 

NFA (kg/m3) 591.66 625.62 614.01 610.43 625.62 14.18 
NCA (kg/m3) 1175.7 1230.3 1188.4 1198.13 1230.3 23.47 

W/B ratio 0.44 0.55 0.48 0.49 0.55 0.05 
Curing time (days) 3 3 7 12.67 28 11.03 

CS (MPa) 8.67 10.6 18.2 19.12 34.2 6.7 
FS (MPa) 1.01 2.98 3.22 3.27 6.5 1.37 

STS (MPa) 0.7 0.79 1.82 1.85 3.62 0.76 
 

Similar to prior studies in the field of ML application in the prediction of concrete properties [37–
40,44,45], five supervised learning models were used: Ridge Regression (RR), ElasticNet (EN), 
Support Vector Regression using radial-basis-function kernel (SVR), Gradient Boosting (GB) and 
Random Forest (RF). Simultaneously, since the task involved predicting several output variables, 
multi-output regressor was employed to generalize single-output regressors to multi-target 
prediction. In algorithms that can make use of feature scaling (RR, EN, SVR), the input variables in 
a preprocessing pipeline were standardized with a Standard Scaler to provide an appropriate 
normalization. The model performance was measured through the “repeated K –fold cross-
validation”, where 5-folds were repeated twenty times to obtain a robust performance estimate. 
Evaluation metrics of the models were the “coefficient of determination (R2)”, “root-mean-square 
error (RMSE)” and the “mean absolute error (MAE)” [37]. After the procedure of cross-validation 
(CV), every model was again trained on the entire training set and then tested on the held-out test 
subset in order to have an unbiased estimate of the predictive generalization. An over-fitting score, 
which is the difference between the mean training R2 and the mean CV R2 was calculated to measure 
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generalization capacity and detect the possibility of over-fitting. In order to find the share of 
individual input variables to the strength predictions, feature-importance analysis was conducted 
on the best model. The best model was applied to hyperparameter optimization using 
GridSearchCV in order to find the best parameters of learning rate, tree depth, and the number of 
estimators. This was followed by the utilization of the Leave-One-Out Cross-Validation (LOOCV) of 
un-tuned and tuned versions of the top model on the complete dataset. This furnishes an additional 
evaluation of the generalization especially in the case of a small amount of data. The resulting 
optimized model was ultimately used to provide predictions of new input parameters 
demonstrating its practical use. 

3. Results and Discussion 

3.1. Workability 

The workability of concrete mix contributes significantly to the abilities of the fresh mixture 
besides the strength and long-term properties of concrete. Figure 4 displays the slump values of all 
concrete mixes corresponding to different w/b ratio (0.40–0.60). The results show that the values 
of slump in all concrete mixes were in the range of 10–85 mm, categorized as very low to medium 
workability. AAB-1 concrete mixes outperform CC mixes as well as AAB-2 mixes in workability at 
each level of w/b ratio. The increase in w/b ratios enhanced the slump values by lowering the 
frictional forces between the particles and thereby, enhancing the flowability of the mix [29]. It is 
relevant to add that A125 mix had slightly higher slump values in comparison to control mix, CC25 
and A225 concrete mix. This is due to greater SMS content (14%) and lower CH (6%) in binder 
composition of A125 concrete mix. The SMS/CH activator ratio is found to be directly related with 
the workability of OPAAC mixes. The lower silica modulus of SMS used (SiO2/ Na2O 0.9) has helped 
in improving the workability by faster dissolution of SMS particles in the fresh state of OPAAC mixes 
[10]. In a previous work, Oderji et al. [20] investigated FA and GGBS- based OPAAC systems. They 
reported that SMS anhydrous provided higher flowability and enhance strength compared to other 
solid activators used. On the contrary, the increase in CH content tends to reduce the fresh 
workability of OPAAC, which may be attributed to the particle packing influence of finer particles 
of CH in fresh mixture [24]. These finding collectively suggests that OPAAC has similar performance 
to CC concrete in terms of workability. 

 

Fig. 4. Slump values of concrete mixes based on different w/b ratios 

3.2. Mechanical Performances 

3.2.1. Compressive Strength 

The CS of concrete is the most essential characteristic on which the quality, effectiveness and 
adaptability of concrete mixes relies upon. Figure 5 illustrates the CS of all designed concrete 
mixtures, measured at 3, 7 and 28 d of curing ages. In all mixtures, the CS increased gradually with 
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age upon continuous hydration under water curing. In every concrete grades, the mixes, prepared 
using all three binders, exhibited CS well above ck values, meeting the minimum criteria. In AAB-1 
and CC concretes, the mixes not only met but also surpassed ck values in all the respective grades. 
But, AAB-2 concrete mixes had values that were close but fell short of ck in all the grades. The 
SMS/CH activator ratio is found to be directly related with the CS of OPAAC. Higher the SMS content 
tends to enhance the strength development. AAB-1 concrete mixes always exhibited the highest CS 
at all the ages compared to both of CC and AAB-2 concretes. The highest CS value obtained for AAB-
1 mixes in M15, M20 and M25 grades was 22.38, 27.88 and 32.72 MPa, respectively. The reason 
may be the higher SMS (14%) and lower CH content (6%) in binder composition of AAB-1. The 
elevated SMS content resulted in the rapid dissolution of GGBS and yields to the accelerated 
production of C-A-S-H gels, which are regarded to be the major strength-providing entities in GGBS-
based OPAAC [17,18]. 

  
            (a)                (b)  

 
          (c) 

Fig. 5. Compressive strength of M15, M20 and M25 mixes 

Additionally, the CH particles present in the binder also contributed to gel formation by making the 
calcium soluble and, thus, it reacts with the dissolved SiO2 and Al2O3 to achieve a denser and more 
interconnected pore structure [24]. This did not only enhance the values of CS but also produced 
test specimens free from common defects such as efflorescence and cracking, as observed from 
their visual appearance (Figures 2f and 3), indicating improved matrix integrity. It is noticeable 
that SMS content plays the major influential role in strength developed and complemented by 
auxiliary activator CH to produced dense concrete products. The strength development rate of 
OPAAC at early age was more compared to CC concrete. CC concrete reached approximately 42 % 
and 68 % of its 28 d CS at 3 and 7 d, respectively, whereas OPAAC mixes reached approximately 50 
% and 74 % of its 28 d CS, respectively. This is given the fact that despite being very reactive, GGBS 
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dissolves well with the alkali activators which are known to be catalysts in the initial development 
of C-A-S-H gels. In a similar research, Ma et al. [22] presented that GGBS-based OPAAC systems 
show a rapid development of strength at an initial curing age (3 and 7 d), and a decelerated strength 
development at a higher age (beyond 28 d). Overall, these findings show the potential of OPAAC to 
develop M15, M25 and M25 grades concrete, applicable to various concreting applications. 

3.2.2. Flexural Strength 

The FS of concrete is a basic mechanical characteristic utilized to determine its tensile resistance 
to rupture under flexural stresses. In case of normal concrete, the strength in tension is estimated 
by the relation between FS and CS that has been given in the IS-456:2000 code [41] as cr =0.7ck. 
Figure 6 shows the FS of all prepared concretes at curing ages of 3, 7 and 28 d. Similarly, to CS, FS 
increased with time of curing, due to the ongoing hydration under water curing. All the concrete 
mixes had reached the desired FS values after 28 d, which is 2.71, 3.13, and 3.50 MPa with M15, 
M20 and M25 grades, respectively. The FS of AAB-1 concrete was the highest of the mixes, 
recording the highest values of FS at 4.02, 5.08 and 6.20 MPa for M15, M20 and M25 grades, 
respectively. These values of AAB-1 concrete were significantly higher than the cr value, probably 
as the result of the high-quality binder paste bonding behavior between the binder paste and the 
aggregates [30].  

  
            (a)                (b)  

 
          (c) 

Fig. 6. Flexural strength of M15, M20 and M25 mixes 

Figure 3b clearly shows the test specimen failure mode during flexural loading, which shows that 
the specimen is mostly intact after failure. The high FS values of AAB-1 concrete mixes can be 
explained by high SMS content (14 %) of the binder mixture composition which predisposes rapid 
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alkali-activation and creation of high density, interlocking C-A-S-H gels network [18]. Similar to 
behavior of CS, SMS content stands out as a leading influential factor that is moderated by CH 
content in the development of FS. When the SMS/CH ratio increases, FS is increased and when the 
ratio decreases the FS decreases. Lower FS values were observed using the reduced SMS content 
(12 %) in the AAB-2 concrete mixes than the CC and AAB-1 concretes. The FS/CS ratios at 28 days 
of curing were 0.17–0.18 in CC, 0.18-0.19 in AAB-1 and 0.15-0.16 in AAB-2 across all grades. These 
ratios are higher than the standard range of cr which is about 10-15% of  ck and the FS values were 
more than that calculated by the relation cr =0.62ck as specified by ACI 318-05 [52]. Similar to 
standard concrete, the FS of OPAAC is directly proportional to its CS; the mixes with higher CS 
values achieve a higher FS and, conversely, as well. On the whole, flexural behavior of OPAAC shows 
its potential to be used in various construction applications like casting of beams, slabs, and 
pavements. 

3.2.3. Split Tensile Strength 

The STS is another vital parameter utilized to measure the direct tension capacity of concrete to 
withstand cracking. Figure 7 displays the STS of all prepared mixes at 3, 7 and 28 d of water curing. 
The STS was also a reflection of the overall trend of CS, where strength gained progressively as the 
curing continued. IS 456: 2000 code does not imply any definite relation to estimate STS, thus, the 
standard relation to estimate STS on 28 d, ct =0.56ck, as suggested by ACI 318-05 [46], was used.  

  
(a) (b) 

 
          (c) 

Fig. 7. Split tensile strength of M15, M20 and M25 mixes 

These findings show that the AAB-1 and the CC concrete mixes meet the necessary ct of 2.17, 2.50, 
and 2.80 MPa at 28 d of water curing for M15, the M20 and the M25 grades, respectively. In AAB-2 
concrete mixes, the observed ct values fall below the thresholds. However, they have STS values 
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above the general benchmark of 8 % of ck across all grades. AAB -1 concrete mixes recorded 
maximum STS values of 2.28, 2.86 and 3.44 MPa at the M15, M20 and M25 grades. The higher values 
were observed in OPAAC as a result of the good bonding behavior between the binder paste and 
aggregates [30]. As seen in Figure 3c, failure mode of the split tensile test could be very clear and 
shows that even upon failure; the specimen is left relatively intact.  

In line with the behaviors of CS and FS, the high STS values of AAB-1 concrete mixes may be 
explained by the high level of the SMS content (14%) in its binder composition that facilitates the 
rapid alkali-activation and occurrence of a dense and interlocked C-A-S-H gels network [18,31]. 
Similar to CS and FS, SMS content is a decisive factor that is moderated by CH content in the 
development of STS. Increasing the SMS/CH ratio increases STS and a decrease result in lower STS 
values; to this end, the lower SMS content of AAB-2 concrete mixes (12%), provided lower STS 
values compared to CC and AAB-1 concrete mixes. The ratio of STS/CS between 28 d of curing 
among all grades was 0.09 -0.10 in CC, 0.10-0.11 in AAB-1, and 0.08-0.09 in AAB-2. Simultaneously 
with the traditional concrete, STS of OPAAC is directly proportional to its CS; higher CS values of 
mixes yield higher STS and vice versa. In sum, STS performance of OPAAC is evidenced to have 
superior resistance to cracking when subjected to tensile stresses, therefore making it a suitable 
choice for the concrete structures. 

3.3. Machine Learning Based Strength Prediction 

A comprehensive ML framework was used to forecast multiple concrete strength variables 
simultaneously. Such that, a single model could be used to analyze CS, FS, and STS with respect to 
material compositions and curing conditions. 

3.3.1. Feature and Target Correlations 

Figure 8 presents the feature and target correlation heatmap. In feature-feature correlation, the 
heatmap shows a number of strongly significant positive and negative relationships between the 
input features. GGBS, SMS and CH (Ingredients for one-part AAB) have high positive correlations 
with each other (0.93 to 0.99) and negative correlations with CC (-0.95 to -0.98). This observation 
shows that there is a purposeful mechanism of substitution that is between the two systems of 
binders. Independent variation is observed when the one-part AAB (made of GGBS, SMS, and CH) 
is used in place of CC. Such strong relationships are expected to occur in mixture designs where 
two systems of binder compete with fixed total binder content, and this poses inherent 
interdependence of compositions [41]. Similarly, there is a strong inter-correlation of NFA and 
NCA, and the correlations of these variables to the w/b ratio (0.89 to 0.99) are also high, which 
shows that aggregate and water content correlate with each other to maintain concrete properties. 
Curing time is showing no relation with the material compositions, as it is an independent variable 
rather a compositional variable. To tackle such complex correlations between features, five 
different models were used in this research for the prediction the strength of concrete. 

In feature to target correlation, curing time has the greatest positive influence on CS (0.79), STS 
(0.74), and FS (0.73), as indicated in the feature-target correlation matrix, thus proving that long 
curing periods have a significant positive impact. The aggregates and w/b ratio have moderate 
negative relationships (-0.36 to -0.46), which means that their ratios should be well balanced to 
produce the best strength. GGBS, SMS and CH (making up the one-part AAB) and CC exhibit lesser 
lineal correlations, indicating that their roles may rely on nonlinear or synergistic interactions 
among the binder system components, but participate in a main role in the all-round performance 
of the materials. 

3.3.2. Model Comparison 

The relative performances of the five ML models show distinct differences in prediction capability 
of multi-output strength. Table 7 presents the comparative results of RR, EN, SVR, RF, and GB on 
the training, validation, and testing data using the R2, RMSE, and MAE as the evaluation measures. 
The most accurate predictive models in the training dataset were those based on ensembles (RF 
and GB). GB achieved the highest training (R2 score of 0.9797) and minimum RMSE (0.416 MPa) 
and MAE (0.3431 MPa) followed by RF (R2=0.9739). 
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Fig. 8. Feature and target correlation heatmap 

Table 7. Comparative results of models on training, validation and testing data 

Model Training data Validation data Testing data 
R2 

Score 
RMSE 
(MPa) 

MAE 
(MPa) 

R2 
Score 

RMSE 
(MPa) 

MAE 
(MPa) 

R2 
Score 

RMSE 
(MPa) 

MAE 
(MPa) 

RR 0.8259 1.1052 0.9269 0.7444 1.2145 1.0285 0.8386 1.5333 1.0437 
EN 0.7671 1.1872 0.9821 0.6772 1.295 1.0811 0.7409 1.7018 1.1621 

SVR 0.9300 0.8480 0.6415 0.8241 1.1778 0.9997 0.9176 1.4478 0.9145 
RF 0.9739 0.4520 0.3742 0.9096 0.7618 0.6314 0.9560 0.8063 0.4764 
GB 0.9797 0.4160 0.3431 0.9219 0.7326 0.6184 0.9675 0.7525 0.4360 

 

The capability of good fitting was also shown by SVR (R2 = 0.9300), but not the linear models RR 
(R2 = 0.8259) and EN (R2 = 0.7671). The high accuracy of GB and RF in training suggests the fact 
that both models have very strong ability to follow nonlinear trends in the dataset. The results of 
the validation indicate a weak deterioration in the performance of all models, as expected in the 
measurement of the generalization ability.  

It was observed that GB had the best validation (R2 = 0.9219) and minimum RMSE (0.7326 MPa) 
which demonstrated that the predictive performance remained stable and reliable across cross-
validation folds. RF also exhibited good validation (R2 = 0.9096). On the other hand, SVR had a 
greater decrease in the R2 between training and validation (0.9300 to 0.8241) indicating a 
relatively high sensitivity to the variation of data. The linear models still showed inferior validation 
results with EN providing the poorest results (R2 = 0.6772). 
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(b) 

 
(c) 

 
(d) 

Fig. 9. Comparison of overall test performance across all models 

The excellence of ensemble techniques is also supported by testing performance, as displayed in 
Figure 9. GB has the highest test R2 of 0.9675 and the smallest RMSE of 0.7525 MPa and MAE of 
0.436 MPa. Hence, it exhibits good predictive power and generalization. RF ranked close (R2 = 
0.9560) and SVR performed mediocrity (R2 = 0.9176) with greater error measures. RR and EN 
showed relatively lower test accuracy as they have a small ability to represent complex nonlinear 
relations. Overfitting analysis further validated these results (Figure 9d). SVR showed the highest 
overfitting score of 0.1059, which reflects a larger gap between training and validation metrics. In 
contrast, GB showed the lowest overfitting value of 0.0577, suggesting balanced learning behavior 
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and effective generalization without excessive memorization of training data. In general, the 
outcomes show that ensemble ML methods, especially GB, are more effective in terms of predictive 
ability in all data partitions. The comparatively low gap between training, validation, and testing 
measurements of GB and RF suggests that the model complexity can be under control and the 
generalization of the model can be high, but the high-performance difference between SVR and the 
linear models suggest the relatively reduced robustness. 

Table 8 presents the evaluation metrics of all the assessed models in terms of the test performance 
with regard to CS, FS and STS. In CS prediction, GB with R2 = 0.9669 had the greatest predictive 
power with the lowest values of RMSE (1.2677 MPa) and MAE (1.0065 MPa). RF was also close 
behind (R2 = 0.9627). The SVR demonstrated moderate results (R2=.8742) in comparison with RR 
and EN that generated relatively lower accuracy and higher error rates. Ensemble methods were 
once again the best in the estimation of FS. The best R2 of 0.9639 with the least error measures was 
achieved by GB and the second best R2 of 0.9486 was by the RF. SVR also gave a very good 
performance (R2 = 0.9362) which is much higher than that of the linear models. EN posted the 
lowest result of this target (R2 = 0.6431). Similarly, in predicting STS, GB performed the best with 
(R2 = 0.9715) followed by RF (R2 of 0.9566) and SVR (R2 of 0.9424). The linear models are also 
associated with relatively smaller values of R2 and larger values of error. On the whole, the results 
show that ensemble methods, in particular, GB and RF, always have better predictive accuracy by 
all measures of individual strengths. Compared to linear models, SVR is still competitive in FS and 
STS, but it has a low capacity to model non-linear and complex relationship inherent to the features. 

Table 8. Target-specific prediction accuracy of all models 

Model CS test FS test STS test 
R2 

Score 
RMSE 
(MPa) 

MAE 
(MPa) 

R2 
Score 

RMSE 
(MPa) 

MAE 
(MPa) 

R2 
Score 

RMSE 
(MPa) 

MAE 
(MPa) 

RR 0.8650 2.5603 2.2595 0.8063 0.3714 0.3231 0.8445 0.6006 0.5484 
EN 0.8387 2.7989 2.4247 0.6431 0.5041 0.4070 0.7410 0.7752 0.6546 

SVR 0.8742 2.4717 2.2608 0.9362 0.2131 0.1717 0.9424 0.3654 0.3111 
RF 0.9627 1.3465 1.0556 0.9486 0.1913 0.1407 0.9566 0.3171 0.2330 
GB 0.9669 1.2677 1.0065 0.9639 0.1602 0.1192 0.9715 0.2570 0.1824 

 

3.3.3 Performance of The Best Model 

The comparative analysis found GB to be the best model among others, and, hence, it was selected 
to be refined further. To improve its estimation accuracy, hyperparameter tuning was used and the 
findings are tabulated in Table 9. The predictive accuracy of the tuned GB model had a small 
increase in comparison with the original one. Test R2 slightly rose to 0.9684 out of 0.9675, whereas 
RMSE fell to 0.7412 MPa out of 0.7525 MPa with MAE declining to 0.4353 MPa out of 0.4360 MPa. 
Moreover, the overfitting measure dropped to 0.0575 by a small margin compared to 0.0577, 
indicating a slight but significant increase in the level of generalization ability. Though the 
measured improvements are small, it is a pointer to the fact that the original model had already 
been highly optimized and stable.  

GridSearchCV identified the optimal hyperparameters as estimator learning rate = 0.1, max tree 
depth = 3, number of estimators = 50 and the best CV Test R2 score was 0.9222. The overfitting 
score of tuned GB model was the difference between CV train R2 of 0.9797 and CV test R2 of 0.9222. 
The optimization process was useful in minimizing prediction error and slightly improving 
robustness without a significant increase in overfitting. In turn, the tuned GB model gives the highly 
precise and reliable predictions on the estimation of strength. 

In the final validation of model, LOOCV showed that tuned GB model had slightly better RMSE and 
MAE (0.5467 MPa vs 0.5473 MPa in both) compared to the untuned model. These minor 
enhancement in RMSE and MAE for the tuned GB model suggested that the tuning process indeed 
led to a more precise and generalizable model performance, even when tested with the most 
granular cross-validation process. The final model did very well for predicting various strength 
targets based on the provided material compositions and curing conditions. 
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Table 9. Hyperparameter tuning effect on gradient boosting model 

Descriptions Test 
R2Score 

Test RMSE 
(MPa) 

Test MAE 
(MPa) 

Overfitting 
Score 

Untuned GB model 0.9675 0.7525 0.4360 0.0577 
Tuned GB model 0.9684 0.7412 0.4353 0.0575 

Change in metrics +0.0009 -0.0113 -0.0007 -0.0002 
 

Furthermore, the feature importance analysis of the best model is displayed in Figure 10. The 
importance of the feature analysis of the GB model indicated that curing time had the highest 
predictive power since it showed 69.16% of overall performance. This dominant significance 
implies that the target variable is very sensitive to the period of curing; this coincides with the 
established behavior of time-dependent strength development in concrete [30,39]. Out of the 
compositional parameters, SMS (8.23 %) and NCA (8.12 %) had significant contribution. The rest 
had a lower contribution, namely NFA (4.68 % ), w/b ratio (4.51 %), and CH (4.11%). In contrast, 
CC (1.02 %) and GGBS (0.17%) indicate little influence due to nature of current mix compositions 
in the present modeling framework. 

 

Fig. 10. Mean feature importance for the best model across all targets 

Figure 11 present the actual vs predicted strength along with prediction errors of tuned GB model. 
The model showed excellent predictive power, with respect to all the three mechanical strength as 
indicated by high score of R2. The tuned model had R2 of 0.9679, 0.9716 and 0.9656 thereby 
explaining more than 96 percent of the variance in the experimental scores. FS was the most 
predictive of the three targets, followed closely by CS and STS, which verify the predictability of the 
model using the different mechanical responses. The strength of the model is also supported using 
the error analysis. On CS, the model yielded an RMSE of 1.2480 MPa and an MAE of 1.0072 MPa, 
which demonstrates a slight average deviation of the model generated and actual values in terms 
of an average strength range of the entire spectrum. In the case of FS, predictions produced RMSE 
of 0.2567 MPa and MAE of 0.1816 MPa. Similarly in STS, RMSE of 0.1566 MPa and MAE of 0.1172 
MPa, which indicates a very accurate prediction with a very limited variation. which is equal to 
remarkably small absolute prediction errors. 

The low and stable values of RMSE and MAE in all target variables and the high values of R2 indicate 
that the model does not only capture the variance effectively but also maintains a good level of 
numerical accuracy. The strength of the model further is proven by a close analysis of the errors of 
predictions. In CS, most of the deviation lies in the range of about ±2 MPa even at high strength 
levels of over 30 MPa and this shows consistency in performance at both low and high strengths. 
The FS predictions are tend to exhibit low deviations of 0.4 MPa, whereas the error on STS is about 
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0.2 MPa. Even though some slight overestimations are noted at some higher levels of strength, the 
errors are symmetrically distributed and they do not indicate any systematic bias or instability. 

 
Fig. 11. Actual vs. predicted results of tuned gradient boosting model 

Significantly, the model was also able to describe the internal relationship between the mechanical 
properties. The FS/CS ratio was found to be predicted within the range of 0.11-0.20 and the STS/CS 
ratio was found between 0.07 to 0.11. The ratios observed was very close to the experimental 
values too. These intervals are consistent with known mechanical behavior of cementitious 
composites, and refer to the fact that the model maintains realistic proportionate relationships 
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among various strengths parameters. The capacity to concurrently forecast various properties and 
yet retain the physical interdependence of the properties, are further indicators of the high degree 
of generalization and predictive stability of the GB model. From the point of view of models’ 
applicability limits, the model performs reliably within the range of input values seen during 
training. For the GB-tuned model, the valid ranges are: GGBS: 0–338.18 kg/m³, SMS: 0–59.18 
kg/m³, CH: 0–33.81 kg/m³, CC: 0–422.72 kg/m³, NFA: 591.66–625.62 kg/m³, NCA: 1175.7–1230.3 
kg/m³, w/b ratio: 0.44–0.55, and curing time: 3–28 days. Within these limits, the model provides 
reliale and consistent predictions, while inputs outside these ranges or unseen combinations 
resultsed in less reliable results, this is because of the fact that the model was not designed to 
extrapolate beyond its training data. 

In conclusion, GB model showed excellent accuracy, reliability and strength simultaneously 
predicting CS, FS, and STS. The large socres of R2, the small amounts of the prediction errors, and 
the evenly distributed values clearly demonstrate that the model has the capability of representing 
the intricate nonlinear inter-relationships among mix-design variables and mechanical properties. 
In addition, GB maintains realistic strength ratios, and it is also equally efficient in OPAAC and 
traditional concrete mixes. Although GB was the best-performing model, the RF model 
demonstrated high predictive rates as well and took the second place. These outcomes were in line 
with the prior studies, which details the effectiveness of ensemble techniques, as indicated by 
Harika et al. [44], they found RF to be the best model when predicting CS in a one-part AAB mortar 
than GB and decision tree with SVR coming after. Arun et al. [37] reported that the GB model was 
the best in prediction of CS for geopolymer concrete developed in their work. Hence, the current 
findings demonstrate the usefulness, flexibility, and stability of ensemble ML methods to provide 
precise multi-strength predictions of OPAAC in research and practice 

3.4. Environmental and Economic Aspects 

The benefits in terms of environment were determined by finding the carbon emission value 
regarding raw materials used in the mix compositions. The carbon emissions factors, in kg CO₂-eq 
per kg of material, were taken from existing sources of literature [17,46,53] and are presented in 
Table 10. The calculation was restricted to the material production phase of concrete using the 
formulated mix design, and did not consider the transportation, construction, service life, and end-
of-life phases. This allows for a direct comparison between OPAAC and CC concrete, which is 
already available in the market and well-known for its lower embodied carbon content 44-47% 
lesser than that of conventional 100% OPC-based concrete. This is necessary to point that such 
significant cut of carbon emissions is supported with relatively small economic benefits since CC is 
usually offered at a lower price than OPC, thus making it a viable low-carbon option. The quantity 
of total emissions per cubic meter (kg CO₂-eq/m³) was calculated as the product of the quantity of 
each component (Table 5) and its emission factor (Table 10). The calculations (Figure 12a) 
suggested that OPAAC mixes result in an additional 20-22% embodied-carbon saving compared to 
CC concrete mixes. In case of same mix ratios of OPC (emission factor  0.85 kg CO2-eq/kg), when 
OPC is used as a binder rather than CC, the overall carbon emissions of the OPC-based concrete 
mixes (M15, M20, and M25) were estimated to be 380.25, 419.50, and 447.68 kg/m3 of concrete 
respectively. When comparing the outcomes obtained using OPC-based conventional concrete, it is 
possible to note that the implementation of OPAAC leads to the general decrease in carbon 
emissions by 55-59%.  

A parallel analysis was also done on the costs of ingredients of the concrete mixes formulated. The 
unit cost of the materials (Table 10) was chosen based on the prevailing market prices in India and 
estimates as given in the previous research works [11,46,54]. Despite the fact that the cost of 
materials may change depending on the supplier, geographical location, distance of transportation, 
and quantity of purchase, the chosen costs are average market prices appropriate for comparative 
purposes. The total cost per m3 of the concrete was calculated by multiplying amounts of materials 
in Table 5 by their unit costs in Table 10. Figure 12b shows the total unit volume cost of each mix 
grade and type of binder. OPAAC mixes showed a cost-saving potential of about 10–13% in 
comparison to the use of CC concrete. Using the same mix ratios, the OPC (Unit cost ≈ 0.0861 $/kg) 
as the binder rather than the CC, the estimated cost of the OPC-based concrete of M15, M20, and 
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M25 mixes were 44.12, 47.91, and 50.70 $/kg per m3 of concrete, respectively. When compared to 
OPC-based conventional concrete, OPAAC leads to the overall reduction in cost by about 12-16%. 
In a practical perspective, the carbon-emission reduction along with the cost-saving consideration 
highlights the massive potential of OPAAC mixes as an economically feasible and environmentally 
friendly alternative to ordinary or even a standard grade of concrete. 

Table 10. Emission factor and unit cost of ingredients of concrete 

Material Emission factor 
(kg CO2-eq/kg) 

Cost rate* 
($/kg) 

CC 0.35 0.0828 
GGBS 0.07 0.0243 
SMS 0.80 0.3091 
CH 0.94 0.1325 

NFA 0.05 0.0055 
NCA 0.05 0.0094 

Water 0.00 0.0000 

*Cost of ingredients as per Indian scenario converted from INR to US$ [1 US$  90.60 INR (₹) in Feb 2026]. 

 

Fig. 12. Carbon emissions and total cost of developed concrete mixes 

3.5. Comparison with Recent OPAAC Studies 

Table 11 reveals the latest researches on one-part alkali-activated/ geopolymer concrete (OPAAC) 
that uses solid precursors, powder alkali activators, natural aggregates, water and superplasticizer. 
The review of these studies reveals that the most common solid precursor in OPAAC was either 
GGBS or a binary mixture of FA and GGBS.  

The most widespread activators were the silicate-based activators that could be utilized 
individually or could be combined with both additional activators to control the system alkalinity 
and silica modulus. This has been widely used to enhance rapid reaction and enhance early 
development of strength. The comparative analysis further indicates that most of the previous 
studies have mainly been concerned with achieving the high to ultra-high CS by means of 
optimization of mix design parameters, such as precursor composition, quantity of the activators, 
w/b ratio, and curing methods. Mostly employed curing regimes were ambient and water curing, 
which highlights the increasing importance of focusing on the OPAAC systems that can be as 
efficient without the usage of high-temperature treatment. These studies also suggested that the 
workability of OPAAC can be improved as per the requirement by utilizing superplasticizers. 
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Table 11. Performance comparison of OPAAC developed in recent studies 

Notations:- B= (Precursor + Activator), SMS-Sodium Metasilicate, SHMP-Sodium Hexametaphosphate, SS-
Sodium Silicate, FA-Fly Ash, NFA-Natural Fine Aggregate, NCA-Natural Coarse Aggregate, W/B- Water to 
Binder Ratio, SP- Superplasticizer 

One-part Binder (B) 
Aggregate 

Mix grade/ ratio 
(B:NFA:NCA) 

Curing 
Method 

Strength of 
concrete at 28 d 

(MPa) 
Ref. 

 
Precursor Activator CS FS STS 

GGBS SHMP NCA, NFA 
1:1.59:2.83 
W/B-0.45 

Ambient 33.48 4.27 2.31 [32] 

GGBS SHMP NCA, NFA 
1:1.59:2.83 
W/B-0.45 

Water 32.00 4.53 2.38 [32] 

FA, GGBS K2CO3 NCA, NFA 
1:1.48:2.84, 

W/B-0.3, 
SP- 1.4% wt of B 

Ambient 11.40 - - [55] 

FA, GGBS SS, Na2CO3 NCA, NFA M40 Ambient 47.50 6.30 4.60 [33] 
FA, GGBS SS, Na2CO3 NCA, NFA M50 Ambient 61.00 7.10 5.10 [33] 

GGBS 
SMS 

Pentahydrate 
NCA, NFA 

SMS/GGBS-0.16, 
NFA/GGBS-2.26, 
NCA/NFA-0.66, 
W/GGBS-0.45 

Water 56.11 6.54 3.33 [21] 

GGBS SMS anhydrous NCA, NFA M30 Water 36.24 - - [34] 
GGBS SMS anhydrous NCA, NFA M50 Water 55.28 - - [34] 

FA, GGBS SMS anhydrous NCA, NFA M40 Ambient 51.60 - - [31] 

FA, GGBS 
Crystalline 
hydrated 

sodium silicate 
NCA, NFA M30–M50 Ambient 

30.40 
to 

47.10 

3.60 
to 

5.40 

3.34 
to 

4.70 
[29] 

FA, GGBS 
SMS 

Anhydrous 
NCA, NFA 

FA/GGBS-0.33, 
SMS/GGBS-0.18, 
W/FA+GGBS-0.4, 
NFA/FA+GGBS-

0.86, 
NCA/NFA-0.85, 

SP-1.3% 
(FA+GGBS) 

Ambient 76.70 7.20 4.6 [56] 

GGBS 
SMS 

Anhydrous 
NCA, NFA 

GGBS:NFA:NCA- 
1:2.2:4 

SMS/GGBS-0.163, 
W/B-0.41 

SP/GGBS-0.02 

Ambient 47.97 4.7 4.80 [11] 

FA 
SMS 

Pentahydrate, 
NaOH (16M) 

NCA, NFA 

NFA/FA-0.84 
NCA/FA-1.93 

SMS/FA-0.093 
NaOH/FA-0.09 

W/FA-0.22 

Ambient 68.60 - 6.10 [57] 

FA, GGBS 
SMS 

Anhydrous 
NCA, NFA 

1:1.42:2.72 
W/B-0.344 
SP/B-0.016 

Ambient 37.10 - - [13] 

GGBS 
SMS anhydrous, 

Ca(OH)2 
NCA, NFA 

M15 (1:1.85:3.64) 
W/B-0.55 

Water 22.38 4.02 2.28 
Current 

study 

GGBS 
SMS anhydrous, 

Ca(OH)2 
NCA, NFA 

M20 (1:1.58:3.07) 
W/B-0.48 

Water 27.88 5.08 2.86 
Current 

study 

GGBS 
SMS anhydrous, 

Ca(OH)2 
NCA, NFA 

M25 (1:1.40:2.78) 
W/B-0.44 

Water 32.72 6.20 3.44 
Current 

study 
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The CS in the current study was relatively lower as compared to those established in some high-
performance OPAAC systems [11,21,29,31,33,34,56,57], but was similar to some moderate-
strength mixtures [13,32,34]. It is necessary to mention that the aim of this research was not to 
make the maximum CS but to create structurally viable mixes to be used in the practical 
applications in the low- to medium-strength concrete. Interestingly, the CS that was achieved was 
lower, but the tensile strength values were similar to those in other literature. The behavior can be 
attributed to the phenomenon that alkali-activated paste leads to stronger interfacial bonding with 
aggregates and this leads to higher tensile performance and resistance to cracks. The mix 
proportioning in the current study was done through the conventional Indian Standard mix design 
method (IS 10262:2019 [49]), that is used in OPC concrete, unlike most of the earlier studies which 
had used tailored or experimentally optimized mix design methodologies that was unique to alkali-
activated systems. However, few studies [11,32] developed OPAAC with similar Indian Standard 
mix design method in their studies earlier. In current study, the alkali -activated binders (AAB-1 
and AAB-2) were considered to be equivalent to OPC 33-grade in terms of physical properties and 
mix design procedure was carried out in a similar way as conventional concrete. This was 
deliberately selected as a way of testing the viability of implementing OPAAC into the current 
construction operations without the need to make significant changes to the current design 
procedures. The CS goals were restricted to the following grades- M15, M20, and M25; developed 
without using any chemical admixture. This was a practical decision, since a large percentage of the 
current construction activity within the local environment, especially residential construction, 
rigid pavements, and general-purpose structural constructions, needs concrete grades of no more 
than M25. As such, this research lays focus on applicability, constructability, and adaptability in the 
current construction requirements, and does not only consider high-strength performance. This 
kind of strategy promotes the possibility of implementing OPAAC at the field level since it is an 
environmentally friendly and user-friendly substitute to conventional concrete. 

4. Conclusions 

The current study determined the fresh workability and hardened strength for OPAAC of M15, M20 
and M25 grades and determined predictive modeling by applying machine-learning processes. On 
the basis of the experimental and analytical studies, the following conclusions are made:  

• Workability of OPAAC increased as proportions of sodium metasilicate and calcium 
hydroxide increased, and further increase of the workability was detected with high levels of 
w/b ratios. The slump values of OPAAC mixes were equivalent to the control mix.  

• OPAAC has a relatively higher mechanical strength compared to conventional concrete. 
Among the mixes, AAB-1 concrete had the best results in compressive, flexural, and split 
tensile tests when compared to its control mix and AAB- 2. In particular, the CS ranges 
between 22.38-32.72 MPa, FS between 4.02-6.20 MPa and STS between 2.28-3.44 MPa, thus, 
indicating that OPAAC can provide similar strength to that of conventional concrete in terms 
of field construction requirements. 

• Ensemble-based ML models, such as gradient boosting (GB) and random forest (RF), were 
effective in multi-strength prediction of OPAAC. The GB model was able to predict CS, FS and 
STS at the same time with R2 scores of 0.9679, 0.9716 and 0.9656, respectively, with low 
magnitudes of RMSE and MAE. Overall GB model exhibited an average R2 of 0.9684 with very 
low errors. 

• The environmental and economic benefits of OPAAC with 55-59 % lesser carbon emissions 
and cost savings of 12-16 %, which validates the idea that the material can serve as a low-
carbon and low-cost binder. 

Overall, the developed OPAAC is offering similar levels of workability, better mechanical 
performance, significant carbon savings, cost-saving, and predictable mechanical performance 
through machine-learning. It also defeats the limitations of liquid activators within a two-part 
system, allowing conventional mix-design solutions, as well as increasing field applicability. All of 
these benefits make OPAAC a feasible and viable alternative to traditional concrete in field 
construction works. Even though the results are promising, the current study is limited to small 
range of strength grades, particular material mixtures, and laboratory-level performance checks. 
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Future research may investigate formulation of the high strength concrete mix design, usage of 
chemical admixtures, durability assessment, microstructural evaluations, application of ML models 
on larger dataset, and the full life cycle assessment. These efforts may enhance the credence in the 
performance, durability and the widespread applicability of OPAAC in large construction works. 
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