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A B S T R A C T   

Geopolymer concrete is a sustainable and eco-friendly substitute for traditional OPC (Ordinary Portland Cement) 
based concrete, as it reduces greenhouse gas emissions. With various supplementary cementitious materials, the 
compressive strength of geopolymer concrete should be accurately predicted. Recent studies have applied deep 
learning techniques to predict the compressive strength of geopolymer concrete yet its hidden decision-making 
criteria diminish the end-users’ trust in predictions. To bridge this gap, the authors first developed three deep 
learning models: an artificial neural network (ANN), a deep neural network (DNN), and a 1D convolution neural 
network (CNN) to predict the compressive strength of slag ash-based geopolymer concrete. The performance 
indices for accuracy revealed that the DNN model outperforms the other two models. Subsequently, Shapley 
additive explanations (SHAP) were used to explain the best-performed deep learning model, DNN, and its 
compressive strength predictions. SHAP exhibited how the importance of each feature and its relationship 
contributes to the compressive strength prediction of the DNN model. Finally, the authors developed a novel 
DNN-based open-source software interface to predict the mix design proportions for a given target compressive 
strength (using inverse modeling technique) for slag ash-based geopolymer concrete. Additionally, the software 
calculates the Global Warming Potential (kg CO2 equivalent) for each mix design to select the mix designs with 
low greenhouse emissions.   

1. Introduction 

Concrete is widely used in construction because of its durability, 
strength, and low cost. However, Ordinary Portland Cement (OPC), the 
main ingredient in concrete, emits about 2.4 billion tons of CO2 each 
year, contributing significantly to global warming [1]. To reduce these 
emissions, the construction industry is looking at alternative materials to 
replace or enhance traditional Portland cement [2]. One such alterna
tive is geopolymer concrete, which has a lower carbon footprint because 
it replaces OPC [3]. Geopolymers are inorganic materials made from 
alkali aluminosilicate and have a different composition from traditional 
concrete [4] but can still match or even exceed the durability of OPC, 
particularly in acidic, sulphate, and chloride environments. It has 

demonstrated the ability to match conventional Ordinary Portland 
Cement (OPC) in terms of resilience in acidic, sulphate, and chloride 
environments and the ability to survive thermal exposure conditions 
under aggressive environmental conditions [5]. Diaz-Loya et al. [6] re
ported that mechanical properties such as compressive strength, poi
sons’ ratio, and flexural strength of fly ash-based geopolymer concrete 
were comparable with ordinary Portland cement concrete. Geopolymer 
concrete is also more durable, especially in coastal environments, 
making it a strong and sustainable alternative to traditional concrete 
[7]. 

Generally, repetitive laboratory experiments are required to obtain 
the desired strength characteristics of any given concrete mix. As geo
polymer concrete has many constituents, a rigorous experimental pro
gram is required to observe their impact on mechanical strength 
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characteristics. This repetitive task requires more time and expertise to 
obtain reliable results. Therefore, the engineering community has used 
analytical methods in predicting strength characteristics at the initial 
stage of the mix-design trials. One such method is to use data-driven 
approaches such as machine learning. 

Many researchers have used machine learning models to accurately 
predict geopolymer concrete’s strength characteristics [8–10]. Despite 
the accurate predictions of machine learning models, its less trans
parency in the decision making process stands as an obstacle in practical 
usage [11]. For example, once the prediction was obtained, the reason 
how the model came up with it was partially or completely unknown. As 
a solution, explainable artificial intelligence (XAI) techniques were 
introduced to interpret the complex machine learning models and their 
prediction process. XAI has recently been employed in studies that 
developed classical machine-learning models to predict the compressive 
strength of concrete [12]. 

On the other hand, many related works that predicted the properties 
of geopolymer concrete have often used deep learning algorithms (a 
subset of machine learning) such as deep neural networks and con
volutional neural networks [9,10]. Nevertheless, XAI has been very 
limitedly used for deep learning models in the general concrete domain. 
As deep learning models can learn complex patterns in the mix design 
data, using XAI for these models can precisely estimate how each con
stituent of the mix design influences the characteristics of geopolymer 
concrete. Because geopolymer concrete has multiple components in the 
mix design, XAI can help optimize the mix design, avoiding rigorous 
experimental work. Therefore, this study investigates the use of deep 
learning models with XAI to predict the compressive strength of slag 
ash-based geopolymer concrete. 

2. Related work 

Machine learning (including deep learning methods) has been 
frequently employed in predicting the strength characteristics of con
crete, as well as geopolymer-based concrete. Pazouki [13] used a radial 
basis function neural network (RBFNN) with an ant colony optimization 
algorithm (ACO), the group method of data handling (GMDH) and an 
artificial neural network (ANN) to predict the Characteristics Strength of 
fly ash based geopolymer concrete. All three models demonstrated 
reasonable performance in predicting the mechanical properties of fly 
ash-based geopolymer concrete, and RBFNN exhibited the best perfor
mance. Nguyen et al. [14] have modeled the compressive strength of fly 
ash-based geopolymer concrete by using deep neural networks (DNN) 
and Residual Networks (ResNet). Both the ResNet and DNN have 
exhibited high fitting accuracy of R2 = 0.985 and R2 = 0.970 respec
tively. Using three machine learning algorithms (support vector ma
chine (SVM), backpropagation neural network (BPNN), and extreme 
learning machine (ELM)), Peng & Unluer [15] predicted the character
istic compressive strength of geopolymer concrete using different mix 
proportions with pre-curing conditions. The R2 values for SVM, BPNN, 
and ELM predictions are 0.914, 0.932, and 0.914, respectively. Shah
mansouri et al. [16] investigated the impact of partially replacing 
granulated blast-furnace slag with silica fume and natural zeolite on the 
compressive strength of geopolymer concrete by using an ANN 
approach. The ANN model accurately predicted the compressive 
strength with a low mean squared error (MSE) of 9.53 and a high R2 of 
0.95. Recently, a study was conducted using eight machine learning 
models to predict the compressive strength of calcium-based geo
polymer concrete. Among those, the extreme gradient boosting (XGB) 

Abbreviations 

AG Aggregates 
GGBFS Ground Granulated Blast Furnace Slag 
AD Admixture 
HD Heating Degree 
AL Alkali Liquid 
LP Limestone Powder 
ANN Artificial Neural Network 
M Molarity 
AS Alkaline Solution 
MAE Mean Absolute Error 
AV Admixture of modified Viscosity 
MC Molarity Concentrations 
B Binder 
MFNN Multi-layer Feedforward Neural Networks 
BP Back Propagation 
MP Marble Powder 
BS Basaltic 
MSE Mean Squared Error 
C Cement 
n Porosity 
CA Coarse Aggregates 
NS Nano Silica 
CC Cascade Correlation 
NZ Natural Zeolite 
CCA Corncob Ash 
PF Polypropylene Fibers 
Z Zeolite 
PV P-Wave Velocity 
CD Curing Days 
R Correlation Coefficient 
CG Concrete strength grade 

R2 Coefficient of Determination 
CH Curing Humidity 
RA Rise-husk Ash 
CiR Chipped Rubber 
RCA Recycled Coarse Aggregates 
CNN Convolution Neural Network 
ResNet Residual Networks 
CoA Concrete Age 
RPA Recycled Plastic Aggregates 
CP Calcite Powder 
RPCR Replacement Ratio 
CR Crumb Rubber 
S Superplasticizer 
CS Compressive Strength 
SA Sample Age 
CSH Concentration of Sodium Hydroxide 
SD Saturated Surface Dried Density 
CT Curing Temperature 
SF Silica Fume 
DNN Deep Neural Network 
SH Schmidt Hammer 
FA Fine Aggregates 
SHP Sodium Hydroxide Pellets 
FB Fractional Bias 
SN Sand 
FAS Fly Ash 
SSG Sodium Silicate Gel 
FRPCR Fly Ash Replacement Ratio 
W Water 
FPNN Fuzzy Polynomial Neural Networks 
WA Water Absorption 
GR Gravel  
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model exhibited the highest prediction accuracy of 91 %, and the root 
mean square error(RMSE) was 3.85 [17]. Rahmati and Toufigh [18] 
used SVR and ANN to model the compressive strength of geopolymer 
concrete exposed to high temperatures. Ahmad et al. [19] used an 
Adaptive boosting (AdaBoost) regressor, decision tree (DT), and bagging 
regressor (BR) to predict the compressive strength of geopolymer con
crete made with fly ash. In this study, BR stood out as high accurate 
prediction model with an R2 value of 0.97. Huynh et al. have employed 
DNN, ANN, and ResNet to predict the compressive strength of fly 
ash-based geopolymer concrete [20]. Out of the three models, ResNet 
exhibited high accuracy in strength prediction with R2 of 0.937. Cao 
et al. [21] modeled the compressive strength of fly-ash-based geo
polymer concrete by using multilayer perceptron (MLP), SVM, and XGB 
models. The findings revealed that XGB outperformed the other models 
by achieving an R2 value of 0.98. 

The authors noted that ANN-based deep learning models had been 
frequently used in investigating strength characteristics modeling of 
concrete, including geopolymer concrete as they often yield higher 
predictive accuracies. Table 1 summarises the work that used deep 
learning methods (neural networks) for concrete-related strength pre
dictions in reverse chronological order. However, most deep learning 
models are complex and less interpretable. In this occasion, XAI is 
critical as it provides the underlying reasoning behind predictions. The 
use of XAI has been popular in classical machine learning models used 
for concrete strength prediction (e.g., tree models, SVM) [11,21–23]. 
The use of explainable artificial intelligence provides confidence to its 
end-user by providing human comprehensible interpretations of pre
dictions. However, the authors noted that explainable artificial intelligence 
has not been adequately used in deep learning models in this context. 
Recently, Choi et al. [24] used local interpretable model agnostic ex
planations for explaining deep neural networks. However, LIME pro
vides local explanations (explain only a specific instance) and creates 
dummy instances of original instances to create the explanations. 
Therefore, Kulasooriya et al. [12] argued that LIME may not reveal the 
actual importance of the feature. Furthermore, LIME does not provide 
global explanations for the whole model. 

To address the research gap in revealing the underlying factors of 
complex deep learning models, the authors utilized Shapely Additive 
Explanations (SHAP). Even though SHAP has been used in various deep 
learning applications [61,62], it has been rarely used in explaining the 
deep learning models and their capabilities in compressive strength 
predictions. It can provide a wide range of explanations of the machine 
learning/deep learning model. First, this study developed three 
deep-leaning models to predict the compressive strength of 
slag-ash-based geopolymer concrete. Then the features of the 
best-performing model were explained with the aid of SHAP. The au
thors utilized the best deep learning model to introduce an open-source 
software interface written in Python as the final output of the study. This 
interface takes the target compressive strength of geopolymer concrete 
as an input and outputs the required mix-design proportions. The un
derlying algorithm of the interface employs an inverse modeling tech
nique of the trained deep learning model. Additionally, the interface 
indicates the global warming potential (GWP) of each concrete mix. 
These GWP levels guide users to select the most sustainable and 
eco-friendly mix design of geopolymer concrete. 

3. Methods and data 

3.1. Methodology of the study 

The workflow of the study is presented in Fig. 1. This study used a 
data set of slag ash-based geopolymer concrete (260 data points) ob
tained from literature [63]. The dataset was divided into training (70 
%), validation (10 %) and testing (20 %) to compare the performance of 
deep learning models. An artificial neural network (ANN), a deep neural 
network (DNN), and a convolutional neural network (CNN) were used as 

Table 1 
A collection of previous work has been done to predict concrete strength using 
deep learning methods.  

Year Model Input Parameters Dataset 
size 

XAI 
used/ 
not 

Source 

2023 DNN GGBFS (Ground Granulated 
Blast Furnace Slag), CCA 
(Corncob Ash), FA (Fine 
Aggregates), CA(Coarse 
Aggregates), W(Water), SHP 
(Sodium Hydroxide Pellets), 
SSG (Sodium Silicate Gel), 
CD (Curing Days), MC 
(Molarity Concentrations), 
CG(Concrete strength Grade) 

260 No [25] 

2023 DNN W, C (Cement), FAS (Fly 
Ash), CA (Coarse 
Aggregates), FA, CT (Curing 
Temperature), CH (curing 
Humidity), BFS (Blast 
Furnace Slag) 

775 Yes - 
LIME 

[24] 

2023 ANN AS (Alkaline Solution): B 
(Binder), NaOH, SiO2: 
NaOH, M (Molarity), W:C, 
FAS: GGBFS 

1030 No [26] 

2023 ANN AS, AG (Aggregates), NaOH, 
FA, CT (Curing 
Temperature), CD, Na2SiO3, 
NaOH: Na2SiO3, SiO2:Al2O3 

510 No [27] 

2023 ANN A, RPA (Recycled Plastic 
Aggregates), NS (Nano 
Silica), NaOH, M, CoA 
(Concrete Age), CD, AS 

207 No [28] 

2023 ANN AG, RPA, NC, NaOH, CoA, 
CD, AS 

210 No [29] 

2022 ANN AS, AG, NaOH, FAS, M, 
NaOH: Na2SiO3, SiO2:Al2O3, 
GGBFS, SiO2: CaO 

220 No [30] 

2022 ANN W:C, RCA, CT, CD, W, S 
(Superplasticizer), C 

61 No [31] 

2021 ANN, 
DNN 

Specimen Type, C, B, S, W, 
W:C, W: B, FA, CA, CR 
(Crumb Rubber), CiR 
(Chipped Rubber) 

233 No [32] 

2021 ANN SF (Silica Fume), NaOH, 
GGBFS, SA (Sample Age), NZ 
(Natural Zeolite) 

117 No [16] 

2021 ANN C, S, AG, W, SA, GGBFS, FAS 1030 No [33] 
2021 LSTM, 

DNN 
SH (Schmidt Hammer), n 
(Porosity), PV (P-wave 
Velocity), Point Load index 

170 No [34] 

2020 DNN, 
ResNet 

FA, W glass solution, NaOH, 
CA, Concentration of NaOH, 
CD, CT 

335 No [9] 

2020 ANN SA, GGBFS, A, S, W, FAS, C 2817 No [35] 
2020 DNN, 

ANN, 
ResNet 

FAS: AG, CT, CD, NaOH: 
Na2SiO3, AL (Alkali Liquid): 
FA, CSH (Concentration of 
Sodium Hydroxide), 

263 No [36] 

2019 ANN W, NaOH, FAS, Gel base 
Na2SiO3 

210 No [37] 

2019 ANN C, FA, W, RA (Rise-husk 
Ash), AV (Admixture of 
modified Viscosity), AG, 
GGBFS, CP (Calcite Powder), 
SF 

205 No [38] 

2018 ANN Weight of W, C, W:C, AG 
nominal maximum size, CT, 
CA and FA composite 
specific gravity, WA (Water 
Absorption) of FA and CA, 
Fine Virgin aggregates, Fine 
Reclaimed Asphalt 
Pavement, Coarse Virgin 
Aggregates, RA 

66 No [39] 

(continued on next page) 
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deep learning models in this study as these models have been commonly 
used in the state-of-the-art. 

Conducting a thorough evaluation of their performances is critical to 
identify the best-performed model. In order to evaluate the predictive 
performance, generally used error indices and statistical methods were 
employed. These methods ensure the reliability and consistency of the 
predictions compared to the experimental data. Once the best model is 
obtained, SHAP (Shapley Additive exPlanations) was applied to 
generate model explanations: global (model in whole), local (specific 
instance), and feature dependency (impact of individual input parame
ters) for the best-performed deep learning model. These explanations 
were methodically examined to determine how the deep learning model 
makes the decision, revealing its underlying reasoning behind pre
dictions. Additionally, a novel software interface was developed using 
inverse modeling techniques by using the best-performing deep learning 
model. This tool was designed to predict the mix designs of geopolymer 
concrete that result in the lowest carbon emissions. For example, once 
the target strength is provided, the tool itself provides possible combi
nations of inputs that can achieve the target strength (considering a 

threshold value). Subsequently, the tool ranks the mix designs based on 
Global Warming Potential (GWP) in terms of kgCO2 equivalent. There
fore, unlike a typical prediction tool, the novel tool provides all possible 
combinations that can lower the adverse impact on the environment. 

3.2. Deep learning models 

In this study, the authors used three different deep learning models, 
an Artificial Neural Network (ANN), a Deep Neural Network (DNN), and 
a 1D Convolutional Neural Network (CNN). All the models were 
compiled using Python programming with Tensorflow and Keras [64]. 
Table 2 presents the summary of the model architecture of three deep 
learning models. Moreover, their proposed model architecture is shown 
in Fig. 2. 

3.3. Explainable artificial intelligence (XAI) 

Explainable Artificial Intelligence (XAI) focuses on making the 
decision-making processes of complex machine learning models more 
understandable to humans [65–70]. XAI can be viewed in two major 
groups based on the model’s complexity. First group: Intrinsic model 
explanations which are suitable for simpler models like linear regression 
and decision trees [71–73]. These models can directly show how input 
features affect their output (the model itself is explainable), making it 
easy to understand their decision logic. However, explaining how these 
models arrive at their predictions becomes challenging in the second 
category, which involves complex model structures such as neural net
works or ensemble methods. Complex models are often more accurate 
than simpler ones but those models lack the transparency in explaining 
their reasoning. In such cases, post-hoc explanation methods are 
essential to provide human-understandable explanations for the pre
dictions made by these complex machine learning models. For our 
specific study, we employed Shapley Additive Explanations (SHAP). 

3.3.1. Shapley additive explanations (SHAP) 
SHAP was introduced by Lundberg & Lee [73] as a solution to the 

lack of interpretability associated with complex models. SHAP is mainly 
based on the game theory concept, which addresses how individual 
members of a group (players) contribute to certain tasks (game). SHAP 
extends this idea by considering the contribution of each feature that 
influences the model’s target output. This approach helps in under
standing the relative importance of different input features in making 
predictions. By using SHAP, the importance and impact of the mix 
design parameters on the compressive strength of slag ash-based geo
polymer concrete can be explained. 

3.4. Data description 

The accuracy of a machine learning approach relies on the quality 
and reliability of data. The authors employed a dataset of slag ash-based 
geopolymer concrete (260 data points) reported by Oyebisi and Alo
mayri [63]. Altogether there were 11 parameters in the dataset (Ground 
Granulated Blast Furnace Slag, GGBFS; Corncob Ash, CCA; Fine Aggre
gates, FA; Coarse Aggregates, CA; Water, W; Sodium Hydroxide Pellets, 
SHP; Sodium Silicate Gel, SSG; Curing Days, CD; Molarity Concentra
tions, MC; Concrete Strength Grade, CG; Compressive strength, CS). The 
descriptive statistics of the dataset are shown in Table 3. Notably a zero 
variance was observed in SSG and CA, implying a constant value 
throughout the dataset. The ground granulated blast furnace slag and 
corncob ash have the highest sample variance. Their mean values, 
standard deviations, and minimum and maximum values are compara
ble. Fine aggregate content had a mean of 818 kg/m3, standard devia
tion of 56.9 kg/m3 ranging from 728 kg/m3 to 899 kg/m3. The 
predictive variable compressive strength (CS) has a mean value of 35.9 
MPa with a standard deviation of 12.2 MPa. It ranges from 11 MPa 
(minimum) to 64 MPa (maximum). 

Table 1 (continued ) 

Year Model Input Parameters Dataset 
size 

XAI 
used/ 
not 

Source 

2018 ANN WA, W:C, FA, Natural CA, 
RCA (Recycled Coarse 
Aggregates) AG, W: Total 
Materials 

139 No [40] 

2018 ANN SA, GGBFS, AG, S, W, FA 1133 No [41] 
2016 ANN C, FA, NS, Cu Slag, CoA, S, 

CA, W:C 
264 No [42] 

2016 ANN C, W, AG, CD, Micro Air 144 No [43] 
2016 ANN W:C, FA:C, CA:C 76 No [44] 
2014 ANN AG, Natural and Recycled 

FA, C, Natural CA-10, 20 
mm, Recycled CA-10, 20 
mm, W, W:C, AD 
(Admixture), AG:C, S: A, 
RPCR (Replacement Ratio), 
W: Total Materials 

257 No [45] 

2013 ANN W, SN (Sand), Fitness 
Modulus of SN, Natural and 
Recycled CA, C, W:C, WA, SD 
(Saturated Surface Dried 
Density), RPCR, Maximum 
Size, Impurity of RCA, 
Coefficient of Specimen 

146 No [46] 

2013 ANN – 1178 No [47] 
2012 ANN C, FAS, HD (Heating 

Degree), PF (Polypropylene 
Fiber), A, MP (Marble 
Powder), Natural AG, BS 
(Basaltic), LP (Limestone 
Powder), Z (Zeolite) 

85 No [48] 

2011 ANN FA, C, CA, W, W: Powder, S, 
FAS, Bottom Ash 

80 No [49] 

2010 ANN S, SA, GGBFS, AG, W, FAS 300 No [50] 
2009 ANN C, W, AG, SA, GGBFS, S 225 No [51] 
2009 ANN, BP SN, W:C, FA, CA, SF, S, CD – No [52] 
2009 ANN Aggregate Age, C, GGBFS 284 No [53] 
2008 ANN C, W, S, Crushed Stone, high 

range W reducing agent, 
CaO, FAS 

180 No [54] 

2008 FPNN C, W, FA, CA, S, SF, 458 No [55] 
2008 ANN W, C, Steel Fiber, W:C, 

Pumice S & GR (Gravel), S 
126 No [56] 

2007 ANN FAS, SF, C, FA, CA, W, SA, 
High-Rate Water Reducing 
Agent 

144 No [57] 

2006 ANN S, SF, AE (Air-entraining 
Agent Ratio), FA, W:C, FAS 

187 No [58] 

2001 ANN C, W, FA, CA, SF 93 No [59] 
2000 MFNN C Grade, W:C, W, C, CA size, 

S fine modulus, S: A, A:C, AD 
65 No [60]  
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The pairwise plot of the correlation coefficient, R among compres
sive strength and other parameters are shown in Fig. 3. The R stands for 
the strength and direction of the linearity between each pair of variables. 
It ranges from − 1 to 1, with − 1 indicating a perfect negative correlation, 
1 indicating a perfect positive correlation, and 0 indicating no correla
tion. According to the accepted guideline of ranges for R, |1–0.8|, | 
0.8–0.6|, |0.6–0.4|, |0.4–0.2| and |0.2–0| indicate strong, good, mod
erate, weak, and poor R between two variables under consideration 
respectively [74]. 

Ground granulated blast furnace slag displays a positive R of 0.77 
with compressive strength, indicating that compressive strength tends to 
increase when ground granulated blast furnace slag amount is increased. 
This behavior has been observed by Oyebisi & T. Alomayri in their 

experiments [63]. Conversely, a negative correlation of − 0.63 between 
compressive strength and corncob ash indicates that higher corncob ash 
values result in lower compressive strength. The poor R values of − 0.10 
with fine aggregates, 0.13 with coarse aggregates, and 0.09 with sodium 
silicate gel exhibit a weak impact of these constituents for the 
compressive strength of geopolymer concrete. Although the water con
tent has a strong impact on the compressive strength of concrete, the 
dataset has low variance (in other words a limited range) in the water 
content parameter. Hence, the impact of the water content may not be 
accurately demonstrated in the prediction models. A moderate positive 
R-value of 0.42 is displayed between compressive strength and concrete 
strength grade. The data set only had two concrete strength grades, 
which may result in lower variation in that feature. 

Fig. 1. Methodology of the study.  

Table 2 
Configuration of the deep learning algorithms.  

Model Architecture Activation Slope coefficient for 
activation 

Dropout rate Optimizer Batch Size Epochs 

ANN Input Layer: 8 nodes, 
Two Hidden Layers, 300 neurons each. 
Output Layer: 1 node 

Leaky ReLU 0.2 0.1 Adam 500 50 

DNN Input Layer: 8 nodes, 
Four hidden Layers, 100 neurons each. 
Output Layer: 1 node 

Leaky ReLU 0.2 0.1 Adam 1000 50 

CNN Input Layer: 8x1-dimensional array. 
Convolutional Layer: 32 filters, kernel size 3, 
Flattening Layer 1 × 192 
Dense Layer: 100 
Dropout Layer: 100 
Output Layer: 1 node 

Leaky ReLU 
(ReLU for 1D convolution layer) 

0.23 0.2 Adam 1000 50  
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Other than compressive strength, the R-value provides connections 
between different input variables. A high negative R-value (− 0.91) be
tween concrete grade and fine aggregates indicates that the two con
stitutes are negatively correlated. Similarly, the negative R-value of 
corncob ash and ground-granulated blast furnace slag implies that a 
higher amount of corncob ash is generally used with a lower amount of 
ground-granulated blast furnace slag. Fine aggregates and ground- 
granulated blast furnace slag have a weak positive R-value of 0.23, 
while fine aggregates and corncob ash have a moderate negative R-value 
of − 0.55. An excellent linear relation is displayed between molarity 
concentrations and water, molarity concentrations and sodium hy
droxide pellets, and sodium hydroxide pellets and water. Therefore, 
interdependencies exist in the input set. However, the exact dependency 
cannot be pointed out. Instead, the authors used all dependencies in the 

modeling as the SHAP can identify the actual dependency. 
Moreover, the correlation values adhere to the findings in related 

work. Chi et al. [75] suggested that ground-granulated blast furnace slag 
can improve compressive strength and durability by reducing perme
ability and voids in concrete. They also highlight that adding ground 
granulated blast furnace slag may contribute to good workability in 
concrete. Ground-granulated blast furnace slag and curing days exhibit 
positive impacts on compressive strength, while fine aggregates 
demonstrate a considerable negative impact on compressive strength. 
Higher fine aggregate content in a concrete mix increases the water 
demand due to its higher surface area, resulting in a higher 
water-to-cement ratio which weakens the cement paste. Moreover, this 
high content of fine aggregates hinders proper particle packing, 
reducing the density of the concrete matrix and potentially increasing 
the porosity of a concrete mixture. This can ultimately reduce the 
compressive strength of concrete. In this dataset, water content has not 
been significantly changed (low sample variance). Therefore, it shows 
only a specific localized impact on the concrete. 

Siddique et al. [49] mentioned that ground-granulated blast furnace 
slag may not improve compressive strength immediately. However, 
according to Nath & Sarker [76], with a curing period of 28 days, ground 
granulated blast furnace slag improves compressive strength. These 
related works also suggested that increasing ground-granulated blast 
furnace slag from 10 % to 30 % can significantly increase compressive 
strength up to 33 %, 74 %, and 110 % more than regular concrete 
compressive strength without ground-granulated blast furnace slag. 
Adesanya & Raheem, and Assefa [68,69] concluded that an increase in 
corncob ash would decrease the compressive strength of concrete, which 
agrees with pairwise correlation. Furthermore, corncob ash has low 
binding ability, causing it to obtain only 65 % compressive strength in 7 
days compared to normal concrete [77]. These studies collectively 
highlight the non-linear behavior of eleven parameters with the 
compressive strength of geopolymer concrete, posing a challenge in 
predicting strength from traditional statistical approaches. 

The pair-wise correlation analysis guided authors to filter unimpor
tant parameters to develop deep learning models. Out of the ten input 

Fig. 2. The deep learning model architecture used in the study; (a) ANN (b) DNN (c) CNN.  

Table 3 
Descriptive statistics of the dataset.  

Unit Feature Mean Standard 
Deviation 

Sample 
Variance 

Min Max 

kg/ 
m3 

GGBFS 218.7 153.9 23685.7 0 488 

kg/ 
m3 

CCA 215.2 152.8 23341.7 0 488 

kg/ 
m3 

FA 818.1 56.9 3237.3 728 899 

kg/ 
m3 

CA 1045.0 0.1 0.0 1044 1045 

kg/ 
m3 

W 35.2 2.2 4.6 33 38 

kg/ 
m3 

SHP 23.4 2.2 4.6 21 26 

kg/ 
m3 

SSG 146.4 0.0 0.0 146 146 

days CD 45.3 31.2 973.4 7 90 
M MC 14.0 1.6 2.7 12 16 
MPa CG 35.0 5.0 25.1 30 40 
MPa CS 35.9 12.2 148.6 11 64  
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parameters, coarse aggregates, and sodium silicate gel indicated a low 
sample variance, thus those two parameters were removed from the 
training dataset, to enhance model prediction efficiency. 

3.5. Model optimization and performance evaluation 

ANN, DNN, and CNN models were employed by splitting the data set 
into 70 % for training, 10 % for validation, and 20 % for testing data. All 
the data were normalized (feature scaling) and fed into the models. 
Feature scaling ensures better performance in neural network-based 
models. The model architecture of the three models was optimized 
using a grid search algorithm. For the grid search, the parameters such 
as dropout rate, learning rate, slope coefficient for activation, optimizer, 
and batch size were considered for all models as they govern the model 
performance and generalization. In addition, two parameters; kernel 
size and filters were considered for the 1D CNN model. Mean Absolute 
Error (MAE) (Equation 01), Mean Squared Error (MSE) (Equation 02), 
Coefficient of Determination (R2) (Equation 03), Fractional Bias (FB) 
(Equation 04), and Mean Absolute Percentage Error (MAPE) (Equation 
05) were used as the evaluation indices of neural network models. Each 
metric provides a different perspective on the accuracy and reliability of 

the predictions. MAE and MSE represent the magnitude of errors, with 
MSE being sensitive to outliers because of squaring the errors before 
averaging compared to MAE. Physically, MAE represents the magnitude 
of the errors without considering their directions. R2 focuses on how 
well predictions fit the original data. FB provides a measure of propor
tional bias between actual and predicted values. It represents the ten
dency of a prediction to be systematically higher or lower than the actual 
values. MAPE presents a normalized measure of prediction error. In the 
following equations, Pi refers to the prediction obtained through each 
deep learning model and Oi refers to the observed value. 

R2 =

∑N
i=1(Pi − Oi)

2

∑N
i=1(Pi − Oi)

2 (1)  

MAE=

∑N
i=1|Oi − Pi|

N
(2)  

MSE=

∑N
i=1(Oi − Pi)

2

N
(3)  

Fig. 3. Pairwise plot of R for compressive strength and mix design parameters.  
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FB=
2(Pi − Oi)

(Pi + Oi)
(4)  

MAPE=
1
N
∑N

i=1

⃒
⃒
⃒
⃒
Oi − Pi

Oi
|×100% (5) 

Following the model predictions evaluation using the error indices, a 
statistical evaluation was performed using a paired t-test. It evaluates 
the statistical significance of the predictions compared to the original 
data. 

4. Results and discussion 

In order to showcase how efficiently the deep learning models learn 
the patterns, the authors presented the training and validation loss 
variation considering mean squared error as the loss. Fig. 4 shows the 
training and validation loss curves obtained for each deep-learning 
model. Across all models, authors observed a rapid decrease in loss 
within the initial epochs, indicating a rapid learning rate during the 
early stages of training. Notably, the DNN model exhibits the steepest 
decline in validation loss, showing that its depth is beneficial for quickly 
capturing the underlying patterns in the dataset. By the 50th epoch, all 
models demonstrate a plateau in loss reduction, with the training and 
validation curves converging. The proximity of the training and vali
dation curves indicates a balanced fit to the data without significant 
overfitting or underfitting. The loss in each model rapidly converges to a 
stalled value, implying an efficient learning process. 

Fig. 5 illustrates the training and testing predictions obtained from 
each model. When considering the DNN model, most predictions fall 
within a 10 % error margin, with minor deviations in training and 
testing. Interestingly, DNN predicts extreme values (minimum and 
maximum) more accurately compared to the other two models. The 
deep layers of DNN have been useful in identifying the complex pattern 
in the data compared to ANN. Overall, the CNN model demonstrates 
reasonable predictions of compressive strength. However, a slightly 
more scattered nature in predictions is observed compared to the DNN. 
Like the DNN, CNN excels in predicting higher compressive strength 
values and maintains a 10 % error margin at these higher values. The 
ANN model shows certain deviations in the predictions, resulting in a 
lower accuracy than the remaining models. 

Besides, the evaluations of overall predictions including training, 
validation, and testing are presented in Table 4. When comparing the 
performance of the models, the Deep Neural Network (DNN) exhibited 
the highest prediction accuracy, achieving a coefficient of determination 
(R2) of 0.977, 0.92, and 0.972 in training validation and testing, 
respectively. While the DNN demonstrated the best approximation to 
the actual data, the other two models also displayed accurate predictive 
capabilities. The Convolution Neural Network (CNN) showed R2 values 
of 0.939, 0.928, and 0.940, while the Artificial Neural Network (ANN) 

yielded R2 values of 0.864, 0.864 and 0.854 in training, validation and 
testing, respectively. 

The consistency of the error indices of training, validation, and 
testing showcases that the models have been well generalized. More
over, the DNN achieved an MAE value of 1.93 for both training and 
testing. In comparison, CNN exhibited an MAE value of 2.51 for both 
training and testing, while the ANN had MAE values of 3.8 and 3.92. In 
terms of MSE, the DNN’s superiority is highlighted by its values of 6.0 
and 5.93 for training and testing, showcasing a 35 % improvement for 
both over the CNN model. However, the results do not rule out the 
performance of ANN and CNN models as their accuracies are acceptable. 
Inferior negative FB values indicate that the predictions can have minor 
underestimations compared to the actual compressive strength. More
over, the Mean Absolute Percentage Error (MAPE) suggests that the 
DNN was the best model which obtained 3.4, 4.0, and 3.7 for training, 
validation, and testing. MAPE is a nondimensional error index that 
demonstrates the quality of the predictions. The literature suggests that 
MAPE <10 represents highly accurate forecasting and between 10 and 
20 represents good forecasting [78]. Correspondingly, the models DNN 
and CNN belong to the group of highly accurate forecasting models 
based on MAPE. Nevertheless, all models exhibit good estimation ca
pabilities without significant deviations. The difference between 
training and testing accuracies suggests that no overfits or underfits 
exist. For instance, a model with overfit would showcase a significantly 
lower testing accuracy compared to its training accuracy. 

For the mean value of the predictions, a paired t-test was performed 
to evaluate whether there was a statistically significant difference. For 
the training set (n = 182), the paired t-tests provided the results as 
− 0.023, 0.232, and 0.148 for the DNN, CNN, and ANN models, 
respectively. At a 5 % significance level, the critical t-value is ±1.96. All 
t-scores were well within this margin, emphasizing that there was no 
significant difference between the mean of predictions and the mean 
value of original data. The DNN model again demonstrates the closest 
mean to the original dataset, followed by the ANN model and the CNN 
model, respectively. 

Similar observations were made for the paired t-tests conducted on 
the test sample (n = 26). It obtained t-values for the DNN model as 
− 0.0070, for the CNN model as − 0.2749, and for the ANN model as 
− 0.3915. For a significance level of 5 %, the critical t-value is approx
imately ±1.708. Overall, the t-test confirms that the mean predictions 
are comparable to the mean of the original data. 

In addition, Fig. 6 indicates the box plots drawn for the predictions in 
training and testing compared to the original (observed) data. Box plot 
provides a simplified representation of the data distribution. Accord
ingly, DNN models’ distributions closely follow the distribution of ob
servations (including mean, median, quartiles, minimum, and 
maximum). Minor deviations in minimum, maximum, and quartiles are 
observed for ANN and CNN predictions concerning the original data. 
Considering the performance evaluation and statistical analysis, the 

Fig. 4. Loss curves obtained for each deep learning model.  
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DNN model was selected as the best-performing model for the 
compressive strength predictions of slag ash-based geopolymer con
crete. Therefore, SHAP was used on the model DNN to explain the 
impact of features on the compressive strength of slag ash-based geo
polymer concrete. 

5. Explanations for deep learning model predictions 

The authors employed Shapley additive values (SHAP) to explain the 
best-performing deep learning model: DNN. SHAP explanations can be 
mainly divided into Global and local SHAP explanations. The global 
explanation provides an overview of the model-in-whole and how each 
feature affects decision-making while local explanations explain a 

Fig. 5. Comparison of training and testing predictions.  
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specific instance that users are interested in. Moreover, feature de
pendencies were obtained to understand the underlying contributions of 
each feature towards predictions. 

5.1. Global explanations 

Fig. 7 presents a detailed exposition of each variable’s influence on 
the output, specifically the DNN model’s estimation of compressive 
strength. Curing days were observed as the most impactful variable in 
predicting compressive strength. Fonseka & Nanayakkara [79] reported 
that a longer curing period has a strong impact on the early strength gain 
of concrete. Corncob ash is ranked second in SHAP global explanations 
and it negatively impacts compressive strength, whereas an increase in 
corncob ash decreases compressive strength. A similar conclusion has 
been drawn by Memon et al. in their experimental study [80]. The SHAP 
explanations revealed that higher ground-granulated blast furnace slag 
amounts increase the compressive strength of concrete. This finding can 

be validated by the experimental results of Hussain et al. who uncovers 
that the formation of C–S–H gel in ground-granulated blast furnace slag 
reaction increases the compressive strength [81]. Following 
ground-granulated blast furnace slag, fine aggregate content was chosen 
by SHAP as the next governing variable. However, the SHAP values of 
fine aggregate showcase a mixed variation, whereas higher fine aggre
gate content decreases the compressive strength. This agrees with what 
is generally observed in concrete behavior as described in section 3.4. 
An increase in fine aggregate results in a higher water-to-cement ratio 
that can make the cement paste weak. The remaining variables had a 
comparatively lower impact on the compressive strength of concrete. 
This is primarily due to the dataset’s sample variance of feature values. 
Therefore, the explanation has to rely on a few values, as shown in Fig. 7. 

Fig. 8 illustrates the average importance of features of the DNN 
model, with positive impacts (increase the compressive strength) indi
cated in red and negative impacts (decrease the compressive strength) 
indicated in blue. The feature curing days demonstrate a significant 
positive impact on compressive strength. Ground granulated blast 
furnace slag also has a notable impact, although its impact is lower than 
the impact of curing days. Fine aggregates, corncob ash, and molarity 
concentrations negatively impact compressive strength, implying an 
increase in feature would decrease compressive strength. Sodium hy
droxide pellets have the lowest positive impact on the model 
predictions. 

Following that, the explanations were divided based on the curing 
period as it was the most dominant feature in the dataset. Fig. 9 illus
trates the mean absolute SHAP value obtained for each group. At curing 
days = 7 days, Ground granulated blast furnace slag showcases a posi
tive impact on compressive strength. Ground granulated blast furnace 
slag is known for its pozzolanic properties which contribute to early 
strength gain through the formation of additional C–S–H gel [81]. The 
negative impact of fine aggregate could be due to the increased surface 
area of fine aggregates which requires more water, leading to a higher 
water-to-cement ratio and potentially a lower compressive strength. 
After 7 and 28 curing days, the effect of corncob ash becomes compar
atively smaller. 

With longer curing (after 56 days), the corncob ash content results in 
a decrease in compressive strength. This was reported by Memon et al. 
[80] as a result of the weaker mechanical properties of corncob ash. 
They have recommended replacing 10 % fine aggregates with corncob 
ash for the concrete mix. At 90 days of the curing period, the fine 
aggregate content has resulted in lower compressive strength and 
ground granulated blast furnace slag has shown a positive impact on the 
compressive strength. Shariq et al. [82] also reported that ground 

Table 4 
Performance indices neural networks.  

Model Phase R2 MAE MSE FB MAPE 

DNN Training 0.977 1.93 6.00 − 0.051 3.4 
Validation 0.982 1.33 3.11 − 0.023 4.0 
Testing 0.972 1.93 5.93 − 0.051 3.7 

CNN Training 0.939 2.51 9.26 − 0.006 8.9 
Validation 0.928 2.83 11.63 0.002 8.7 
Testing 0.94 2.51 9.11 − 0.019 8.6 

ANN Training 0.864 3.80 20.52 − 0.008 12.1 
Validation 0.864 4.09 24.70 0.005 13.6 
Testing 0.854 3.92 22.27 − 0.038 11.4  

Fig. 6. Box plots for the training and testing predictions.  

Fig. 7. SHAP global explanation obtained for DNN model (ground granulated 
blast furnace slag, GGBFS; corncob ash, CCA; fine aggregates, FA; water, W; 
sodium hydroxide pellets, SHP; curing days, CD; molarity concentrations, MC; 
concrete strength grade, CG). Fig. 8. Mean absolute SHAP values obtained for the DNN Model.  
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granulated blast furnace slag is effective in strength gain at later stages 
compared to conventional concrete which agrees with the SHAP 
explanation. 

A notable difference in the pair-wise correlations (Fig. 3) and SHAP 
explanations of the DNN model was observed in this study, in contrast to 
the similarity observed in classical machine learning studies [11,83,84]. 
For example, curing days indicated a low correlation with compressive 
strength whereas the SHAP explanation indicated curing days as the 
highest impactful parameter. One reason for this difference can be the 
normalization of feature magnitudes during the feature scaling process, 
in contrast to the actual values used in the pairwise correlation plot. In 
addition, the author’s previous work uncovered that the SHAP expla
nations change for various classical machine-learning models despite 
their accuracy [12]. This conclusion may also apply to the difference 
identified in the feature importance between pair-wise correlation and 
SHAP explanation, thus the authors recommend to investigate variations 
in SHAP explanation for different classical machine learning and deep 
learning models in future works. 

5.2. Local explanations 

Although the SHAP global explanation provides a holistic view of 
how the DNN model predicts compressive strength with 8 parameters, 
real-world applications may need to study particular instances. The local 
explanation from SHAP is important in such scenarios. In this part of the 

study, the authors used six random points across the dataset and used 
the SHAP local explainer on those points as shown in Fig. 10. The 
parametric values of each instance (i.e. mix design values of 8 param
eters) are shown in Table 5. 

The results showcase the influence of various components on the 
compressive strength of concrete across six random instances. Instance 1 
presents a compressive strength of 11.56 MPa with 7 days of curing. The 
absence of ground granulated blast furnace slag (0) and high Corncob 
Ash content indicated negative SHAP values on the prediction. Instance 
2, which has a predicted strength of 32.9 MPa, notices an inclusion of 
ground granulated blast furnace slag content as per the positive SHAP 
values, increasing the compressive strength despite the lower curing 
period having a negative impact. 

Instance 3, with a compressive strength of 45.2 MPa, displays the 
effect of increased curing days, moving the SHAP value for curing days 
into the positive, indicating a strong impact from extended curing time 
on the compressive strength. Instance 4, exhibiting a compressive 
strength of 55.2 MPa, shows a considerable positive impact from both 
ground granulated blast furnace slag and curing days as reflected in their 
SHAP values. In Instance 5, the highest compressive strength of 64 MPa 
is strongly dependent on ground granulated blast furnace slag and 
curing days, which align with the global model indicating positive SHAP 
values. Conversely, instance 6 demonstrates a drop in strength to 55.9 
MPa. A similar variation of SHAP values is also observed compared to 
Instance 5. Overall, the local explanations present valuable insights into 

Fig. 9. Mean Absolute SHAP values obtained for explanation grouped based on curing period (Red: positive impact). (For interpretation of the references to colour in 
this figure legend, the reader is referred to the Web version of this article.) 
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a selected instance. Also, it is noteworthy that the local explanation need 
not always follow the global explanation. 

5.3. Feature dependencies 

Fig. 11 presents feature dependency plots for four selected features. 
A dependency plot is useful in identifying the impact of a variable in its 
full range. Here, it should be noteworthy that the DNNs were trained, 
validated, and tested using normalized input data. For a given feature, 
the minimum value of the feature is deducted and subsequently divided 
by the difference between the minimum and maximum of that feature. 
Scaling (normalization) ensures better performance in neural network 
models. 

For this comparison, the x-axis (feature value) was re-converted into 
the original values for readers’ convenience. Both curing days and 
ground granulated blast furnace slag showcase a positive impact (in
creases the compressive strength) over its full range. The SHAP values of 
each feature vary from − 15 to 15, showing a significant impact on the 
compressive strength of geopolymer concrete. However, between 40 and 
60 days in curing, the SHAP values are relatively lower, and a similar 
observation is obtained for values between 200 and 300 for ground 
granulated blast furnace slag. The remaining plots represent the effect of 
fine aggregates and corncob ash, respectively. An increase in corncob 
ash would result in a decrease in compressive strength. For fine aggre
gates, there is an optimum content where (800–850) the compressive 
strength would be minimized. Fine aggregate contents away from the 
optimum region showcased an increase in compressive strength. 

However, the lower fine aggregate content has resulted in the highest 
impact on compressive strength compared to the highest fine aggregate 
content. 

Accordingly, the SHAP explanations were useful in identifying the 
trends in data and the decision-making process of the DNN. The expla
nations overall agreed with the physical reasoning obtained from related 
work. Using deep learning methods in structural engineering applica
tions can assist in identifying complex patterns in data, helping practi
tioners in decision-making. The XAI method provides a required add-in 
to these black-box models by revealing their underlying reasoning. It 
improves the trust of domain experts and end users in these machine 
learning-based applications. The authors point out that not only the 
accuracy but also the explainability of the model should be achieved in 
order to implement these techniques in engineering applications. 

6. Software interface to determine eco-friendly concrete mix 
design 

The selection of the best deep learning model: DNN and the verifi
cation of its compressive strength prediction with the aid of SHAP 
demonstrate the importance and accuracy of using deep learning for 
concrete compressive strength predictions. This step followed a common 
forward workflow to develop an accurate deep-learning model in which 
various concrete mixes (different combinations of 8 parameters of geo- 
polymer concrete ingredients) are used to predict compressive 
strength. However, the backward workflow which determines the con
crete mix (suitable values of 8 parameters) for a given target compres
sive strength, is meaningful in practical civil engineering applications. 
This approach is also called inverse modeling in recent deep learning 
studies for engineering applications [85,86]. By following a similar 
approach, the authors developed an open-source software interface, that 
takes target compressive strength, and error margin as inputs, and 
provides concrete mix designs with the amount of each constituent 
(parameter) to achieve the design strength within the error margin. The 
interface is written in Python (Tkinter library [87]) and the source code 
is available in an online repository called CSpredictor [88]. The authors 
intend to add further developments to this tool in future research work. 

Fig. 10. Local explanations by SHAP on selected instances (predicted strength is mentioned within brackets).  

Table 5 
Selected instances for the location explanations.  

Instance GGBFS CCA FA W SHP CD MC CG 

1 0 380 841 37.86 20.74 7 12 30 
2 380 0 899 35.16 23.44 7 14 30 
3 380 0 899 35.16 23.44 28 14 30 
4 488 0 805 35.16 23.44 28 14 40 
5 390 98 788 32.64 25.96 90 16 40 
6 488 0 805 35.16 23.44 90 14 40  
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The algorithm’s execution sequence and a sample user interface are 
shown in Fig. 12. 

The best deep learning model: DNN was chosen as the main pre
dicting model in this software tool. First, the DNN model was trained 
using the whole (100 %) dataset, since its accuracy was well-proven in 
the analysis of this research. Then, the input dataset was divided into a 
large number of synthetic points. Let a, and b are the minimum and 
maximum of a given feature. If a specific input variable has 10 different 
values between a and b, that variable can be divided into 1000 or any 
larger number between a and b. Likewise, each feature is divided into a 
large number within its corresponding maximum and minimum values. 
The reason for this division is to cover the multidimensional sample 
space as the DNN model has accurately captured its relationship with the 
Compressive Strength. The algorithm first generates 1000 (the number 
used for the division) random concrete mixes (combinations of 8 pa
rameters). Subsequently, the compressive strength is predicted for each 
mix by calling the DNN model. 

Then algorithm evaluates whether there are at least five feasible 
solutions, in other words, concrete mixes that archive target compres
sive strength within the given error margin. Finally, an additional 
parameter: Global Warming Potential (GWP) is calculated for each 
feasible concrete mix and sorted in ascending order whereas the 

concrete mix with the lowest GWP is proposed as the first choice. GWP is 
a frequently cited parameter for sustainable concrete mixes that is aimed 
at minimising global warming in concrete production process [89,90]. 
GWP calculation of this study was constrained by the cradle-to-gate 
system boundary and the GWP (in terms of kgCO2 equivalent) of each 
material was obtained from a recent study conducted by Oyebisi et al. 
[91]. To demonstrate a practical use case of this interface, the most 
sustainable concrete mix for 35 MPa target strength is shown in Table 6. 
The software tool developed in this study demonstrates two important 
aspects. First, this is a ready-to-use tool for engineers who are interested 
in investigating slag-ash-based geopolymer concrete mixes for a target 
compressive strength. Second, the inverse modeling approach is useful 
for future research aimed at developing practical applications based on 
deep learning algorithms. 

7. Conclusion 

The study developed three deep learning algorithms to predict the 
compressive strength of slag-ash-based geopolymer concrete. The model 
performances revealed that the Deep Neural Network(DNN) algorithm is 
the best-performing model. Subsequently, Shapley additive explana
tions were employed to interpret model predictions of Deep Neural 

Fig. 11. Feature Dependency Plots (a) Curing days, (b) Ground granulated blast furnace slag, (c) Fine aggregates, and (d) Corncob ash.  
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Networks (DNN). Moreover, the authors developed a software interface 
that can predict the eco-friendly, slag-ash-based geopolymer concrete 
mix that achieves a given target compressive strength. The findings of 
the study demonstrate the importance of explaining model in
terpretations of deep learning models and the viability of preparing 
practical software tools.  

• Deep learning algorithms effectively capture the non-linear behavior 
of strength characteristics in slag-ash-based geopolymer concrete. 
Out of three deep learning models, the Deep Neural Network (DNN) 
model achieved a high accuracy, with R2 values of 0.977 for training 
and 0.972 for testing. However, the accuracy of the other two 
models, Convolutional Neural Network (CNN) and Artificial Neural 
Network (ANN), was lower, with R2 values of 0.939 for training and 
0.94 for testing for the CNN, and 0.864 for training and 0.869 for 
testing for the ANN.  

• Shapley Additive Explanations (SHAP) analysis on the Deep Neural 
Network (DNN) model revealed that curing days, followed by 
Ground Granulated Blast Furnace Slag, are the most dominant fea
tures when predicting compressive strength. It also found that So
dium Hydroxide Pellets contribute weakly to compressive strength. 

The comparison of SHAP results with recent experimental-based 
studies confirms the accuracy of these interpretations.  

• The inverse modeling technique has proven useful in employing deep 
learning models for practical engineering applications. Although this 
study demonstrated its application using a straightforward approach, 
the viability, accuracy, and efficiency of this technique should be 
further studied in future work, particularly in the context of concrete 
strength predictions. 
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