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Abstract: This study develops and experimentally validates an interpretable 
machine learning framework integrating Extreme Gradient Boosting (XGBoost) 
with Shapley Additive Explanations (SHAP) to predict the 28-day compressive 
strength (CS) of fly ash-based geopolymer concrete (FA-GPC). A database of 355 
experimental samples with 14 input parameters was compiled from literature. 
XGBoost outperformed support vector regression and decision tree models, 
achieving a test R2 of 0.930 with robustness confirmed by 10-fold cross-validation. 
SHAP analysis identified fly ash content, curing temperature, Al2O3 content in fly 
ash, and NaOH concentration as the most significant positive contributors, while 
water content showed a strong negative influence. Optimal thresholds for key 
mixture ratios, including Na2SiO3/NaOH (~2.5) and alkaline activator-to-fly ash 
ratio, were revealed. Twelve new FA-GPC mixtures were cast and tested, yielding 
excellent agreement between predictions and experiments (mean absolute error = 
2.41 MPa). A graphical user interface was developed to facilitate practical adoption 
without programming expertise. 

 Keywords: Fly ash geopolymer concrete (FA-GPC); compressive strength; 
machine learning; XGBoost; SHAP analysis; mix design optimization 

1. Introduction 

Cement, as one of the most critical building materials globally, results in a significant amount of carbon 
dioxide emissions during its production process. Indeed, cement production accounts for approximately 5–7% of 
global CO2 emissions [1]. It is estimated that for every ton of cement produced, roughly 900 kg of CO2 and 3 kg 
of NOx are emitted, while consuming two tons of raw materials (primarily limestone and shale) [2]. While China 
is the largest producer of cement [3], and according to the World Resources Institute (WRI), China is also the 
world’s largest contributor to annual CO2 emissions from OPC production, exceeding 40% of the world total for 
the cement industry. In response to the growing concerns about environmental protection and climate change, it 
has become an urgent need to develop new binders that replace Ordinary Portland cement (OPC) and OPC concrete 
to reduce greenhouse gas emissions and natural resource use. 

There is a growing global interest in geopolymers [4], and new inorganic gelling materials of geopolymers 
are considered as environmentally friendly materials for the construction industry [5]. As a potential alternative to 
OPC, geopolymer is an aluminosilicate zeolite material produced by the polymerization of silica-alumina raw 
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materials and alkali activators [6]. These silicon-aluminum raw materials are classified into silica fume (SF), red 
mud (RM), fly ash (FA), and Ground Granulated Blast furnace Slag (GGBS) based on their different sources and 
physicochemical properties. These materials are all by-products or wastes obtained from the existing industrial 
production processes. Applying them in the preparation of building materials can effectively reduce CO2 emissions 
and promote waste utilization. Fly ash (FA) is a byproduct of coal-fired power plants. The annual production of 
FA worldwide is about 800 million tons [7], and the annual production in China is more than 500 million tons per 
year [8]. The long-term accumulation of large amounts of fly ash not only causes problems related to land 
occupation but also precipitates toxic elements, which have adverse effects on human health [9]. Fly ash-based 
geopolymer concrete (FA-GPC) is an effective and promising alternative to OPC concrete, which can reduce CO2 
emissions by up to 25–45% [10] and has better early mechanical properties and durability [11,12]. Due to these 
characteristics, FA-GPC has become a viable option for the construction materials industry and is expected to 
achieve large-scale applications in the construction industry. 

Compressive strength is an important mechanical property index for selecting construction materials, which 
is the core index for controlling construction quality and is also used as an important basis for structural design. 
However, the previous manual way of calculating the concrete mix ratio consumes lots of human labor, material 
resources and time to obtain the target compressive strength, which is unfavorable for projects with severe 
construction periods and environmental changes, and the accuracy is also closely related to the operation of the 
test personnel and weather conditions. In addition, most of the existing standards are only applicable to OPC 
concrete, and the theoretical mechanism of FA-GPC, as a relatively new material, is still unclear. Compared with 
OPC concrete, the factors affecting the compressive strength of GPC concrete are more complex, and it is 
challenging to determine the optimal mix ratio [13]. Therefore, how to design the mix ratio of concrete quickly 
and ensure accuracy is a popular research direction in the construction industry. Although different compressive 
strength prediction models for FA-GPC have been proposed in the literature [14–16], most of them generate fixed 
formulas based on minimal inputs. One of the most significant drawbacks of such use of constitutive and empirical 
models is that the expression of the function is solidified, hindering the development of prediction accuracy [17]. 

With the rapid development of technologies such as artificial intelligence in recent years, the construction 
industry has also begun to use Big Data (BD) and Machine Learning (ML) to predict material properties [18–20]. 
Cao et al. [21] used Support Vector Machine (SVM), Multilayer Perceptron (MLP) and Extreme Gradient Boosting 
(XGBoost) techniques to examine the experimental and prediction results of the compressive strength of GPC, and 
the XGBoost model was regarded with high accuracy. Ghosh [22] used Linear Regression (LR), Decision Tree 
(DT), Random Forest (RF) and SVM algorithm to analyze the 28-day compressive strength data of GPC, and 
found that the relationship between the dependent and independent variable sets was predicted by a nonlinear 
model with the highest accuracy. Amin [23] used individual ML and ensemble ML algorithms to predict the 
compressive strength of GPC. The individual ML methods are DT and SVM, and the ensemble ML methods are 
boosting, RF and bagging. The results show that the ensemble ML is robust compared with the individual ML 
algorithm. Furthermore, it was found that the ensemble ML models can estimate the compressive strength of GPC 
with higher accuracy than individual ML models [24]. Peng [17] compared three algorithms, Back-propagation 
Neural Network (BPNN), SVM and Extreme Learning Machine (ELM), where the SVM model has the strongest 
generalization ability and the most stable prediction accuracy. Eftekhar Afzali [25] evaluated five models (ANN, 
SVM, DT, RF, GBM) in kaolin-based polymer concrete and found that GBM performed the best in predicting 
compressive strength. Among the different variables studied, SiO2 content in FA has the greatest effect on 
compressive strength, followed by Al2O3 content and alkaline activator content or concentration. In summary, the 
application of the ML technique can reduce the workload of laboratory work and achieve high accuracy in 
predicting the compressive strength of GPC. 

However, traditional ML models lack interpretability due to their complexity, provide little insight into the 
actual relationship between input and output features, and are considered black boxes [26], in the current papers 
on machine learning for predicting intensity, interpretability is an important component [27–29]. Shapley Additive 
Explanations (SHAP) is an after-the-fact approach that illuminates how ML models generate predictions by 
emphasizing the importance of features and the interdependencies between variables [30]. SHAP has been 
successfully applied in various fields of materials science, such as explaining component-performance 
relationships [31], the behavior of nanophotonic structures [32], the synthesis of advanced inorganic materials 
[33], biomedical engineering [34], etc. Meanwhile, Aparna Kamarthi et al. [35] focused on an automated machine 
learning framework for concrete compressive strength. Kamarthi’s proposed interpretable AutoML pipeline 
integrates SHAP additive analysis, providing a more systematic and interpretable framework for predicting the 
compressive strength of sustainable concrete. Furthermore, Dai [27] combined a stacking ensemble model with 
SHAP analysis and NSGA-II optimization to predict the dynamic compressive strength of GPC (R2 = 0.9756) and 
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optimize mix designs for minimized cost and CO2 emissions, with experimental validation. Researchers [36] also 
utilized interpretive techniques such as SHAP analysis to examine the key influencing factors in the cement-based 
environment, providing a reference for the interpretive analysis of fly ash geopolymers-based concrete. 

Although machine learning has demonstrated considerable potential for predicting the compressive strength 
of geopolymer concrete, most existing studies focus primarily on improving predictive accuracy, while limited 
attention has been paid to model interpretability and the quantitative understanding of how mixture parameters 
influence strength development. Furthermore, experimental validation is often insufficient, which may reduce 
confidence in the practical applicability and generalization of the developed models. To address these limitations, 
this study integrates machine learning, SHAP-based interpretability analysis, and experimental verification within 
a unified framework. The proposed approach not only enables accurate prediction of the 28-day compressive 
strength of FA-GPC but also provides transparent insights into the relative importance and influence patterns of 
key variables. The findings contribute to a deeper understanding of FA-GPC behavior and offer useful guidance 
for data-driven mix design and practical engineering applications. The remainder of this paper presents the 
methodology, model evaluation, interpretability analysis, experimental validation, and concluding remarks. 

2. Methods 

2.1. Database Description and Analysis 

The CS laboratory data of GPC were collected from 40 published pieces of literature, with a total of 355 
experimental data (see Supplementary Materials). These data considered 15 parameters, 14 of which were input 
parameters, and the last parameter compressive strength (CS) was the output parameter [10]. These input 
parameters are the content of fly ash (FA, kg∙m−3), the content of SiO2 and Al2O3 in FA (%), coarse aggregate and 
fine aggregate (kg∙m−3), the content of sodium hydroxide (NaOH, kg∙m−3) and the concentration of sodium 
hydroxide (NaOH (M)), the content of sodium silicate (Na2SiO3, kg/m3), the ratio of sodium hydroxide to sodium 
silicate (Na2SiO3/NaOH), the ratio of alkaline activator to fly ash (AA/FA), water (Water, kg∙m−3) and 
polycarboxylic acid superplasticizer (SP, kg∙m−3), curing temperature (Temperature, °C) and curing time 
(Duration, h). The units and statistical characteristics of these parameters are summed up in Table 1. Based on the 
statistical characteristics and Supplementary Materials, it can be observed that this dataset largely covers most of 
the valid parameter value ranges. For low variance features, such as Na2SiO3/NaOH, AA/FA, NaOH (M), the base 
values of these features are relatively small, and there are studied recommended range intervals in the fly ash-
based polymer concrete system. This also results in their more concentrated distribution around the average value 
in the collected dataset, with a small variance. The research on the corresponding recommended range intervals 
further highlights the importance of these features. 

Table 1. Statistical characteristics of input and output parameters. 

Parameter Unit Mean Std. Min. Max. 
FA kg∙m−3 417.6 67.31 250 550 

SiO2 % 48.15 16.62 17.57 71.5 
Al2O3 % 23.07 8.26 4.7 36.37 

Coarse aggregate kg∙m−3 1102.13 227.71 279 1567 
Fine aggregate kg∙m−3 618.39 121.39 320 1100 

NaOH kg∙m−3 63.84 23.42 30.5 118 
NaOH (M) M 12.18 2.95 8 20 

Na2SiO3 kg∙m−3 134.96 49.55 75.3 293 
Na2SiO3/NaOH - 2.23 0.6 0.95 4.5 

AA/FA - 0.47 0.11 0.25 0.86 
Water kg∙m−3 127.67 43.8 45.89 223.71 

SP kg∙m−3 3.96 6.73 0 30 
Temperature (°C) 42.97 35.47 0 100 

Duration (h) 35.29 104.21 0 672 
CS MPa 32.53 12.68 7.6 72.1 

The Pearson correlation coefficient is calculated by Equation (1), which is used to reflect the linear correlation 
between two normal continuous variables [37]. The correlation of all parameters in this data set is shown in Figure 1. 
As can be seen from the figure, the variables with large linear Pearson correlation coefficient with compressive 
strength are curing time, FA and Al2O3 content in FA, but the linear correlation is still weak. This shows that the 
relationship between the compressive strength and these input parameters is not a simple multivariate linear 
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relationship, but a complex nonlinear mapping, so it is reasonable to use the machine learning model to predict the 
compressive strength of concrete in this paper. 
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where, 𝑥̅, 𝑦ത denote the mean values of input (xi) and output (yi), respectively. Equation (1) ranges from −1 to 1 
and is invariant under linear transformations of the two variables. 

Scatterplot is the use of a series of scatters to show the numerical distribution of variables in a rectangular 
coordinate system. The scatter plots of the effects of different ratio design variables on the compressive strength 
of FA-GPC are shown in Figure 2, and the results also show that there is no significant positive or negative 
correlation between any of the variables and the compressive strength. 

Data normalization is essential to prevent features with larger numerical ranges from dominating the model. 
Because the raw variables exhibit marked scale differences, training directly on unscaled data can bias distance-
based or gradient-based algorithms. Two common normalization methods are Min-Max scaling and Z-score 
standardization. Min-Max scaling maps values to a fixed interval, often [0, 1], but is sensitive to outliers [38]. Z-
score standardization transforms each feature to have zero mean and unit variance, preserving the original 
distribution shape while being more robust to outliers [39]. Accordingly, this study adopts Z-score standardization, 
computing the mean and standard deviation exclusively from the training set and applying them consistently to 
both training and test sets. The calculation of the Z-score is via the formula: 

Z = X - μ
σ

  (2)

where X is the data point, µ is the mean of the dataset, and σ is the standard deviation of the dataset. 

 

Figure 1. Pearson correlation coefficient between pairs of variables. 



Shi et al.   Durab. Sustain. 2026, 1(1), 1  

  5 of 23  

 

Figure 2. Correlation between mix design variables and compressive strength. 

2.2. Machine Learning Algorithms 

2.2.1. Support Vector Regression 

Support vector machines (SVM) are well-known supervised machine learning techniques first developed by 
Cortes and Vapnik [40,41] that can be used for classification. The SVM model has the advantages of reasonable 
generalization performance, computational efficiency, high dimensional robustness, wide application range and 
simple use [42,43]. Support Vector Regression (SVR) is an important extension of SVM, which is applied to 
regression analysis [44]. Each data item is plotted as a point in n-dimensional space (n represents the number of 
variables), and then an appropriate hyperplane can be calculated via SVR to fit the data set. Specifically, given the 
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training dataset ( ) ( ) ( ){ }1 1 2 2 n nD x , y , x , y , , x , y=  , where xi is the input variable, and yi is the response variable, 

the function ( )f x x bω= ⋅ +  is used as a solution to the problem in the linear case [45], the problem can be 
transformed into the following form as shown in Equation (3). 
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where ω  is the weight vector, and b is the bias. 
To solve the unviable constraints of the optimization problem, two slack variables ξi and ξ*

i and penalty 
parameter c (c > 0) were introduced. 
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For the nonlinear case, a kernel function ( ) ( ) ( )i j i jK x ,x x xφ φ= ⋅  can be introduced to map the sample to 

a higher dimensional feature space, so that it can be linearly differentiable in this feature space. Linear, polynomial, 
and radial basis function (RBF) are the most popular kernel functions [46,47]. In this paper, the RBF kernel 
function is used, as shown in Equation (5). 

( ) ( )2

i j i jK x ,x exp g x x= − −  (5)

2.2.2. Decision Tree 

DT is still one of the most widely used models in supervised learning because of its advantages of easy 
visualization, simultaneous application to classification and regression tasks, and large-scale data sets. A decision 
tree (DT) consists of a root node, several internal nodes and leaf nodes, where the leaf node corresponds to the 
decision result and other nodes correspond to the attribute judgment rules. DT is essentially a recursive judgment 
based on conditions layer by layer. DT can be applied to both classification tasks and regression tasks. Whether it 
is used for classification tasks or regression tasks mainly depends on the continuity of target variables, CART 
(Classification and Regression Tree) generates a classification decision tree if the result to be predicted is discrete 
data, otherwise it generates a regression decision tree [48,49]. 

2.2.3. Extreme Gradient Boosting 

Gradient boosting machines (GBM) algorithm was originally proposed by Friedman [50]. Gradient Tree 
Boosting (GTB) is an ensemble tree model using the GBM algorithm. It is a boosting machine learning model, 
which uses the sequence of “weak” or “base” learners to create an arbitrary and accurate “strong” learner to 
minimize errors. 

The Extreme gradient boosting (XGBoost), which is a highly scalable extension of GBM [51], is an extreme 
gradient boosted and tree-based machine learning model. It is worth noting that XGBoost is efficient and versatile, 
has been widely recognized for its machine learning and data mining challenges [51], and can be used in data 
augmentation and explainable ensemble learning [52]. Hao et al. applied XGBoost to predict the compressive 
strength, collapse, and carbon emissions of FA concrete, and verified the prediction accuracy and generalization 
ability of XGBoost in the field of concrete materials [53]. XGBoost creates the tree ensemble to improve the model 
accuracy by iteratively adding new CARTs, which can be represented by the k addition function, as described below. 

( )0
1

K

k i k
k

ŷ f x , f F
=

= ∈  (6)
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where K is the number of regression trees algorithm, f is a function in functional space (F), F is a set of all possible 
CARTs. Given the training dataset ( ) ( ) ( ){ }1 1 2 2 n nD x , y , x , y , , x , y=  , where xi is the input variable, yi is the 

response variable [54]. 

2.3. Shapley Additive Explanations 

Most ML models have problems of high complexity and low interpretability. The previous method Feature 
Importance only tells which feature is important, but it is not clear how that feature affects the prediction result. 
Shapley Additive Explanations (SHAP) can be used to assess the importance of various features in a model and 
the impact of each feature on the predicted value [55]. SHAP, derived from the Shapley value [56], is a game 
theory-based approach where the output is a linear addition of the input variables, so it is clear whether the 
contribution of input variables to prediction is positive or negative. Given the training dataset 

( ) ( ) ( ){ }1 1 2 2 n nD x , y , x , y , , x , y=  , where xi is the input variable, yi is the response variable. The explanation 

model G ( 'x ) with shortened input 'x  for an initial model f(x) can be represented as Equation (7) [55]. 

( ) ( ) ( )0
=1

'

i

'
k

i iF x G x x= = Φ + Φ ×  (7)

where k is the number of input features. The mapping function ( )x
'x h x=  connects the inputs x’ and x. 

Kernel SHAP, Deep SHAP, and Tree SHAP are all methods for calculating SHAP values. Kernel SHAP, 
suitable for any model, was adopted to explain the predictions made by the XGBoost model. The SHAP model is 
a more comprehensive approach to model interpretability, which can be applied to both global interpretation and 
local interpretation. Moreover, this method has been applied to the sensitivity analysis of the bearing capacity and 
ductility of steel fiber reinforced concrete beams [57]. In order to conduct an in-depth analysis of its sensitivity, 
the global interpretation of SHAP Feature Importance (mean SHAP), SHAP summary Plot, and SHAP 
Dependence Plot is analyzed in this study. 

2.3.1. SHAP Feature Importance 

Some scholars have studied the Feature Importance of prediction models through tree-based models, such as 
using a random forest (RF) algorithm to obtain the variable importance [58] or using XGBoost to generate the 
feature importance of predictive tensile strength [54]. However, Feature Importance was based on the degradation 
of model performance, which resulted in feature importance ranking dependent on specific models. In contrast, 
the SHAP importance measure is based on the magnitude of feature attributes and changing the model does not 
change the importance of the feature, which indicates that it satisfies the ’consistency’ requirement [59]. Take the 
average of the absolute value of each feature’s SHAP value as the importance of that feature, and then rank these 
features from most important to least important to get a standard bar chart, which is the mean SHAP. 

2.3.2. SHAP Summary Plot 

SHAP summary Plot draws the Shapley value of each feature for each sample, showing which features are 
the most important and their influence range on the data set. The position on the y-axis is determined by the 
features, with each row representing one feature, and the position on the x-axis is determined by the per Shapley 
value. Color represents the characteristic value, and enables us to match how changes in feature values affect 
changes in risk. The overlap points jitter in the y-axis direction so we can understand the distribution of Shapley 
value for each feature and that these features are ranked according to their importance [60]. 

2.3.3. SHAP Dependence Plot 

SHAP Partial dependence plot (PDP) is a global method that considers all instances and gives the global 
relationship between the features and the predicted results, showing the marginal effect of one or two features on 
the predicted results of a machine learning model. It can show whether the relationship between targets and features 
is linear, monotonous, or more complicated. To understand how a single feature affects the output of the model, 
the SHAP value for that feature can be compared to the characteristic value for all samples in the data-set. The 
PDP shows the change in the predicted value as the feature changes. The dispersion in the vertical direction of a 
single feature value represents interactions with other features, and to help reveal those interactions, the PDP 
automatically selects another feature for coloring. You can also set a specific second feature to color the scatter 
plot, showing the interaction effect of the second feature with the selected feature [60]. 
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2.4. Prediction Performance Metrics 

The performances of the models were evaluated by the following metric indexers: coefficient of determination 
(R2), root mean square error (RMSE) and mean absolute error (MAE). R2 ranges from 0 to 1, MAE and RMSE are 
used to evaluate the average error, and the most ideal prediction model is R2 = 1, RMSE = 0, MAE = 0. The formulas 
are as follows: 

( )
( )

2

12
2
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1
n
i p e

n
i e

y y
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y y
=

=

−
= −

−

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MAE y y
n =

= −  (10)

where ye is the experimental value, yp is the predicted value, and n is the number of samples. 

2.5. Methodology Flow 

The specific methodological process of this study is as Figure 3: 

 

Figure 3. Methodology chart of the present work. 

Firstly, 355 sets of experimental data on CS of fly ash (FA) were collected from 40 published literature, and 
the collected data were cleaned and normalized. The dataset is then randomly divided into 80% training set and 
20% test set. Then, three machine learning models (SVR, DT and XGBoost) are trained using the training set, and 
the k-fold cross validation and statistical test methods are used to determine the optimal model. Finally, the Shap 
value was used to explain the XGBoost model, and the importance of each feature and its influence on the 
prediction results were evaluated. All algorithms are implemented based on Python 3.11 platform. 
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3. Results and Discussion 

3.1. Assessment of the SVR Model 

The results of the SVR model for predicting the CS of FA-GPC are shown in Figures 4 and 5 and Table 2. 
The correlation between the experimental results of the training set, validation set and testing set of the SVR model 
and the prediction results are shown in Figure 4. Figure 5 shows the dispersion of the experimental, predicted and 
error values for the testing set of the SVR model, where error values are the absolute value of the difference 
between the experimental value and the predicted value. 

As can be seen from Figure 4 and Table 2, the R2 score of the testing set of the SVR model is 0.927, which 
indicates that the prediction of the SVR model is relatively accurate and has less error compared with the 
experimental results. It can be clearly seen in Figure 4 that among the 71 pieces of testing data, there is one data 
with an error value of more than 10 MPa, and there are 5 data with an error value of 5~10 MPa. The error of all 
the remaining data is less than 5 MPa, and the average error of all the data is 1.821 MPa. Additionally, the A20 
index, which measures the percentage of predictions within ±20% of the experimental value, is 92.96% for the 
testing set, 95.70% for the training set, and 89.29% for the validation set. 

However, as can be seen from Figure 4, although the SVR model fits well in the training set (blue line) and 
the testing set (green line), the validation set (red line) deviates from the center line with an R2 of 0.782. This 
phenomenon that the R2 of the validation set is much lower than that of the training and the testing set indicates 
that the SVR, although it can predict the functional relationships of a given database, has poor generalization 
ability and overfitting. Other prediction performance metrics (RMSE, MAE) also verify this phenomenon. 

 

Figure 4. Comparison of the predicted compressive strength using SVR with the experimental values. 

 

Figure 5. Distribution of experimental, predicted, and error values for the SVR model. 
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Table 2. Precision of three machine learning algorithms for the 28-day compressive strength of FA-GPC (MPa). 

Model Phase MAE RMSE R2 A20 

SVR 
Training set 1.5879 2.7955 0.9507 95.70% 

Validation set 2.9000 4.5270 0.7818 89.29% 
Testing set 1.8212 3.0243 0.9272 92.96% 

DT 
Training set 0.7773 2.0881 0.9704 96.47% 

Validation set 3.4519 4.3413 0.9030 89.66% 
Testing set 1.4605 2.8661 0.9346 90.14% 

XGBoost 
Training set 1.4467 2.4331 0.9598 95.29% 

Validation set 2.1014 3.0633 0.9517 96.55% 
Testing set 1.8080 2.9614 0.9302 91.55% 

3.2. Assessment of the DT Model 

The results of the DT model are shown in Figures 6 and 7 and Table 2. It can be seen from Figure 6 and Table 
2 that the R2 of the testing set for the DT model is 0.935, which is a higher prediction accuracy of the model 
compared to the SVR model (0.927). The error values of all the testing set data of the DT model are less than 10 
MPa. There are 9 data with errors in the range of 5 to 10 MPa, while the errors of other data are less than 5 MPa, 
and the mean error is 1.460 MPa, which is 0.534 MPa lower than the mean error of the SVR model. The R2 of the 
training set, validation set and testing set of the DT model are 0.970, 0.903 and 0.935 respectively, indicating that 
the training effect of the model is good, but the R2 of the validation set still differs significantly from the training 
set and testing set, especially compared with the training set. The A20 index is 96.47% for the training set, 89.66% 
for the validation set, and 90.14% for the testing set. Compared to SVR, DT exhibits improved generalization and 
reduced overfitting. 

 

Figure 6. Comparison of the predicted compressive strength using DT with the experimental values. 

 

Figure 7. Distribution of experimental, predicted, and error values for the DT model. 
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3.3. Assessment of the XGBoost Model 

As shown in Figures 8 and 9, R2 values of the XGBoost model training set, validation set, and testing set are 
0.960, 0.952, and approximately 0.930 or higher, and the difference between the three data was small. This 
indicates that the XGBoost model not only has a good prediction effect, but also has no overfitting phenomenon 
and strong generalization ability, which is suitable for CS prediction of FA-GPC. In the data of the testing  
set, there are 9 prediction errors within 5~10 MPa, the error of all the remaining prediction data is less than  
5 MPa, and the average error of all is 1.808 MPa. The A20 index further confirms the model’ s accuracy and 
robustness, with 95.29% for training, 96.55% for validation, and 91.55% for testing, demonstrating excellent 
generalization ability. 

 

Figure 8. Comparison of the predicted compressive strength using XGBoost with the experimental values. 

 

Figure 9. Distribution of experimental, predicted, and error values for the XGBoost model. 

3.4. Models’ Validation 

In order to minimize the random sampling bias of training, the K-fold cross-validation algorithm was used to 
evaluate the model performance. The steps of K-fold verification are as follows: first, all samples are divided into 
K sample subsets of equal size, and then these k subsets are iterated successively, each time taking the current 
subset as the validation set and all the remaining samples as the training set for model training and evaluation, and 
finally the average value of K evaluation indicators is taken as the final evaluation index. The results of Kohavi’s 
study showed that the ten-fold validation test has reliable variance and optimal computation time [61,62]. 
Therefore, this study applied 10-fold cross-validation for model evaluation. 
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The R2, RMSE, and MAE were calculated to evaluate the validity of the k-fold validation, as shown in Table 
3. the MAE value of SVR varies from 1.821 to 2.184 MPa with an average of 2.004 MPa, for DT, the MAE value 
range is 1.461~3.191 MPa, and the average value is 2.279 MPa. In addition, the MAE of XGBoost technology 
varies between 1.808 and 2.475 MPa with an average of 1.992 MPa. While the average RMSE value of SVR, DT, 
and XGBoost models are 3.270, 4.991, and 3.439 MPa, respectively. According to Table 3, it can be seen that the 
average R2 of SVR, DT, and XGBoost are 0.915, 0.787, and 0.903, respectively, which indicates that the CS of 
GPC is more accurately predicted by SVR and XGB models. According to the analysis of SVR and XGBoost 
models in the previous section, XGBoost not only has high prediction accuracy, but also has strong generalization 
ability, so the XGBoost model is suitable for predicting CS of FA-GPC. 

Table 3. Results of the k-fold process. 

K-Fold SVR DT XGBoost 
MAE RMSE R2 MAE RMSE R2 MAE RMSE R2 

1 2.177 3.479 0.904 2.801 5.238 0.782 1.867 2.598 0.946 
2 1.994 3.248 0.916 1.461 2.866 0.935 1.808 2.961 0.930 
3 2.000 3.281 0.914 2.364 5.458 0.763 2.089 3.567 0.899 
4 2.184 3.607 0.896 1.761 3.702 0.891 1.922 3.338 0.911 
5 1.821 3.024 0.927 1.959 4.986 0.802 1.898 3.133 0.922 
6 1.923 3.120 0.923 3.006 6.995 0.610 2.068 3.540 0.900 
7 2.043 3.225 0.917 2.486 5.714 0.740 1.843 3.148 0.921 
8 1.959 3.284 0.914 3.191 7.003 0.610 2.475 4.978 0.803 
9 1.984 3.265 0.915 2.273 4.778 0.818 1.833 3.201 0.918 

10 1.954 3.172 0.920 1.485 3.171 0.920 2.114 3.921 0.878 
Average 2.004  3.271  0.915  2.279  4.991  0.787  1.992  3.439  0.903  

4. Shapley Additive Explanation (SHAP) Analysis 

Black-box models with highly complex and non-linear architectures like XGBoost are not easily interpreted. 
Therefore, we used the SHAP value agnostic tool to interpret the prediction model. Figure 10a shows the SHAP 
value results for all feature variables, which are the average of the absolute Shapley values for each input variable 
feature in the entire sample data. The results show that the SHAP value of FA content is the largest when predicting 
the CS of FA-GPC. The feature “curing temperature” has the second maximum SHAP value. Overall, FA content, 
curing temperature, Al2O3 content in FA, water and NaOH(M) are the most important features for predicting the 
CS using XGBoost. 

  
(a) (b) 

Figure 10. The SHAP analysis utilizing (a) mean-SHAP values, (b) SHAP summary Plot. 

Whether the input variable has a positive or negative effect on the output result is not known from Figure 
10a, but can be obtained from the SHAP summary plot in Figure 10b. Figure 10b shows a summary plot of the 
SHAP values for each feature using the XGBoost model to predict the CS of FA-GPC, for each feature, the color 
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indicates the feature value and its corresponding x-axis (SHAP) value indicates the contribution to the output 
attributes, if the SHAP values of the feature are centered around zero, it indicates that they are of low importance 
to the model output and have no significant effect on the CS in the data set. 

Based on the conclusion form the data set, we can analyze each input parameter in combination with the 
influence patterns of micro or macro effects: 

4.1. Positive Driving Factor 

According to the Figure 10b, it is easy to explain the influence of the feature “FA content”, the red points on 
the right and the blue points on the left are the high and low values of FA content, respectively, which indicates 
that FA content has a positive impact on the prediction result of CS, and the predicted value of CS increases when 
the FA content is increased. The reactivity of FA largely depends on its chemical composition, because the content 
of Al2O3 and SiO2 in FA affects the Pozzolanic reaction, they are activated by portlandite formed during the 
hydration process of cement, and more hydrated gel is generated to fill the pores in concrete [63]. Therefore, the 
CS of FA-GPC is greatly affected by the content of Si and Al in FA and the amorphous Si/Al ratio [64,65]. 

The CS of FA-GPC increases with increasing curing temperature and curing time due to the higher curing 
temperature and the longer curing time leading to the formation of more reaction products [66]. However, long-
term curing at high temperature will destroy the granular structure of the geopolymer, leading to dehydration and 
excessive shrinkage [67], so there are some data that the CS decreases when the curing time increases. The optimal 
curing temperature of fly ash geopolymer is 60–80 °C. While the optimal curing time is affected by the 
completeness of the hydration process of the geopolymers and the consumption degree of Na+ ion and OH- ion. 
Under an environment with a sufficient concentration of NaOH of a certain modulus, the complete strength 
acquisition cycle can be completed within a relatively short curing period of only 3 days [68,69]. 

The concentration of the chemical activator has a significant effect on the mechanical properties of the 
geopolymer, the dissolution of Si and Al during the synthesis of the geopolymer largely depends on the 
concentration of NaOH [70]. With the increase of NaOH concentration, the more the breakage of the glassy chain 
at the surface of the FA, the better the dissolution effect of FA particles, the better the polymerization effect, and 
the higher the compressive strength [69,71]. 

4.2. Negative Inhibitory Factor 

The negative effect of water on the CS is because when the amount of liquid in the system increases, the 
porosity increases, which reduces the compactness of the material and hinders the polymerization process [72]. 
Therefore, reducing the water content in the synthesis water phase has a positive effect on the polycondensation 
process of the oligomers and the hardening of the system. 

4.3. Coupling Influencing Factors 

The influence mechanisms of ‘Na2SiO3/NaOH’, ‘SiO2/Al2O3’ and ‘AA/FA’ on CS are similar. They are all 
a pair of coupled variables interacting and influencing each other deeply. They also have similar influence laws, 
that is, when the feature value is high, the effect on the CS is partly positive and partly negative. As can be seen 
from the figure, the addition of soluble sodium silicate to the geopolymer system increases the mechanical 
properties of geopolymer material, because soluble sodium silicate increases the SiO2/Na2O ratio in the system, 
leading to a gradual shift of the chemical system from the monosilicate, chains and cyclic trimers to complex 
structures and finally to a three-dimensional polymeric framework [70]. However, when Na2SiO3/NaOH ratio 
exceeds a certain threshold value (generally 2.5), the presence of high content of cyclic silicate species hinders the 
polycondensation process and will have a negative impact on the CS. Moreover, the deficiency of NaOH in the 
mixture prevents the dissolution of reactive silica and alumina to complete the condensation process, which will 
also reduce the strength of the concrete [73]. 

A similar phenomenon is observed for AA/FA, there is an optimum AA/FA ratio for the CS of FA mortars. 
When the AA/FA ratio is lower than the optimal value, the amount of alkaline activator required to dissolve the FA 
particles is insufficient, when the amount of AA/FA is higher than the optimal value, the excess alkaline activator 
inhibits the polymerization process, both of which will lead to a reduction in the CS of the geopolymer [74]. 

Al2O3/SiO2 is even more special. As the main components of FA, they form a mutual influence mechanism 
of waxing and waning. Therefore, according to Figure 11b, it can be found that the influence of Al2O3 (%) alone 
on the SHAP value of CS is roughly that it first increases and then decreases with the increase of the proportion 
of Al2O3, while for SiO2, it first decreases and then increases. Due to the trade-off between the two, that is, when 
the ratio of the two is within a certain appropriate range, the best effect on CS will be achieved. This point is also 



Shi et al.   Durab. Sustain. 2026, 1(1), 1  

  14 of 23  

consistent with the conclusion of the Si/Al ratio in FA mentioned earlier [64,65], and the optimal Si/Al is about 
2.5 [75–77]. 

4.4. Specific Conditional Dependent Factors 

Although SP should theoretically have an important influence on CS, in fact, its role depends greatly on the 
specific environment. the addition of SP may lead to a decrease in CS due to their instability in highly alkaline 
media [78], it has also been shown that some kinds of SP are stable in alkaline media and do not interfere with the 
polymerization process, enhancing workability and reducing the total porosity thus making the microstructure of 
the geopolymer denser and instead improving the compressive strength [79]. In addition to this, Puertas et al. [80] 
reported that the addition of vinyl copolymers and polyacrylate copolymer-based SP to FA-based geopolymer 
paste and mortar did not produce any significant change in the compressive strength of the geopolymers. However, 
excessive SP will have adverse effects on CS [81]. The reason is that it will accelerate bleeding and segregation, 
resulting in a decrease in the CS value [82]. 

The above assessment is based on the database suggested by the current study and more data may yield more 
accurate results. 

   
(a) (b) (c) 

   
(d) (e) (f) 

   
(g) (h) (i) 

  
 

(j) (k) (l) 
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Figure 11. SHAP dependency plots for the compressive strength of fly ash-based geopolymer concrete. (a) The 
interaction between FA and SiO2; (b) The interaction between SiO2 and NaOH; (c) The interaction between Al2O3 
and Fine aggregate; (d) The interaction between Coarse aggregate and AA/FA; (e) The interaction between Fine 
aggregate and NaOH(M); (f) The interaction between NaOH and Water; (g) The interaction between NaOH(M) 
and Fine aggregate; (h) The interaction between Na2SiO3 and FA; (i) The interaction between Na2SiO3/NaOH and 
Water; (j) The interaction between AA/FA and Na2SiO3/NaOH; (k) The interaction between Water and Na2SiO3; 
(l) The interaction between Temperature and Duration; (m) The interaction between Duration and Coarse 
aggregate; (n) The interaction between SP and Water;. 

4.5. SHAP Partial Dependence Plot (PDP) 

The SHAP Partial dependence plot (PDP) technique can be used to understand the effect of a certain feature 
on the predictive performance of the model and its relationship with other variables. Figure 11 shows the SHAP 
PDP for all input variables. Taking Figure 11a,d,k as an example, they have obvious scatter distribution patterns. 
The interaction between FA and SiO2 is shown in Figure 11a, which shows that the increase in FA leads to an 
increase of CS. In contrast, Figure 11k shows that an increase in water content has a negative effect on CS. In 
addition, the CS value of FA-GPC increases and then gradually decreases with the increase of coarse aggregate 
content as shown in Figure 11d, which is consistent with the SHAP summary plot in Figure 10b. This is because 
the CS of FA mortar depends on the bond between the binder and the aggregate, the surface area, the surface 
texture and the angles [83], there is an optimal balance between the aggregate and the binder content of the FA-
GPC materials, if the aggregate content is too high, the amount of binder is not sufficient to coat the entire surface 
of the aggregate. Without a uniform consolidation material [84], the CS of concrete cannot be guaranteed. In 
addition, it can be seen from Figure 11a that when the FA content is greater than 400 kg/m3 and SiO2 in FA is less 
than 50%, it will have a positive impact on the CS of FA-GPC. In Figure 11k, the optimal content of coarse 
aggregate is 1000–1100 kg/m3, and the CS decreases when the content exceeds the optimal value. when the content 
of water exceeds 100 kg/m3, CS will be negatively affected regardless of the value taken for Na2SiO3, as shown in 
Figure 11d. 

5. Experimental Verification 

In order to verify the prediction value of the strength model of fly ash geopolymer concrete based  
on XGBoost, the mix ratio was designed and the actual strength of fly ash base polymer concrete was tested  
by pouring. 

5.1. Raw Material Performance and Mix Ratio Design 

Low calcium fly ash (ASTM grade F) was used, and the Si: Al ratio and specific gravity of the fly ash used 
were both 1.9. And 90% of the fly ash could pass through a 45 µm sieve. Table 4 lists the chemical composition 
of fly ash determined by X-ray fluorescence analysis. 

Table 4. Chemical Composition of fly ash (%). 

SiO2 Al2O3 Fe2O3 + Fe3O4 CaO Na2O MgO MnO2 TiO2 SO3 Others Loss of 
Burn 

59.70 28.36 4.57 2.10 0.04 0.83 0.04 1.82 0.40 2.14 1.06 

The alkali solution used is a mixture of NaOH and Na2SiO3 solutions. NaOH solution at the desired molar 
concentration of 10 mol/L was prepared with 98% purity NaOH solid. The content of SiO2, Na2O and water in 
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Na2SiO3 solution is 34.64%, 16.27% and 49.09%, respectively. The NaOH and Na2SiO3 solutions were fully mixed 
24 h in advance to prepare the alkali solution, and the temperature was lowered to ambient temperature before use. 
Crushed granite was used for coarse aggregate and natural river sand was used for fine aggregate. The nominal size 
of coarse aggregate is 20 mm, and the nominal size of fine aggregate is 4.5 mm. The relative densities of coarse 
aggregate and fine aggregate are 2.72 and 2.64, respectively, and the fineness modulus of fine aggregate is 2.36. 

In order to verify the effect of aggregate content, the ratio of sodium silicate to sodium hydroxide, and the 
ratio of alkali to fly ash on the 28-day compressive strength of fly ash base polymer concrete shown in shap 
analysis, three groups of 12 mixing ratios were designed, as shown in Table 5. Among them, the units of 
temperature and time are degrees Celsius (C) and hours (h), respectively, and the units of other non-ratio 
parameters are all kg∙m−3. M stands for Mix ratio group, A stands for Aggregate content, S stands for the ratio of 
Na2SiO3/NaOH, L stands for Alkaline solution which represents the ratio of alkali activator solution to fly ash. For 
example, the mixture ratio of the number M1A60, where M1 is the mix ratio of the M1 group, with the aggregate 
content as the variable parameter, A60 represents the aggregate content of 60% of the concrete volume, similarly 
M2S20 is the mix ratio of sodium silicate and sodium hydroxide as the variable parameter of the M2 group, and 
the ratio of sodium silicate and sodium hydroxide is 2.0. 

Table 5. Mix ratio of fly ash geopolymer concrete. 

Group 
Name 

FA 
(kg∙m−3) 

Coarse 
Aggregate 
(kg∙m−3) 

Fine 
Aggregate 
(kg∙m−3) 

NaOH 
(kg∙m−3) 

Na2SiO3 
(kg∙m−3) 

Na2SiO3/ 
NaOH AA/FA Water 

(kg∙m−3) 

SP 
(kg∙m−3) 

Curing 
Temperature 

(℃) 
Curing 

Time (h) 

M1A60 421 1032 556 66 165 2.5 0.55 113.27 8 100 24 
M1A65 365 1118 602 60 151 2.5 0.55 115.29 7 100 24 
M1A70 310 1204 648 49 122 2.5 0.55 97.50 6 100 24 
M1A75 255 1290 695 40 100 2.5 0.55 79.53 5 100 24 
M2S20 319 1204 648 48 96 2.0 0.45 96.05 6 100 24 
M2S25 318 1204 648 41 102 2.5 0.45 95.20 6 100 24 
M2S30 316 1204 648 36 107 3.0 0.45 96.22 6 100 24 
M2S35 315 1204 648 32 110 3.5 0.45 95.95 6 100 24 
M3L35 314 1204 648 31 78 2.5 0.35 101.56 6 100 24 
M3L45 305 1204 648 39 98 2.5 0.45 102.86 6 100 24 
M3L55 298 1204 648 47 117 2.5 0.55 104.68 6 100 24 
M3L65 290 1204 648 54 135 2.5 0.65 103.32 6 100 24 

5.2. Model Feedback Optimization 

According to Shap additive analysis, six important factors affecting the compressive strength of FA-GPC are 
obtained: FA, SiO2, Al2O3, Water, curing time, curing temperature. The optimization modification direction of 
XGBoost model is proposed, which is to increase the influence weight of important factors on the model prediction 
results, so as to ensure the prediction accuracy of the model. By creating polynomial features, the important 
features are extended polynomially, while the other features remain unchanged. Due to the limited amount of data 
in the database, in order to ensure the robustness of the model simulation prediction and avoid over-fitting, only 
the important features are extended by quadratic polynomial, and the two features of curing time and curing 
temperature are not extended by quadratic polynomial. 

The R2, MAE and RMSE of the optimized model corresponding to the training set are 0.976, 1.1194 and 
2.0261, respectively, and the R2, MAE and RMSE of the test set are 0.814, 3.0294 and 4.8350, respectively. The 
comparison between the predicted compressive strength of the optimized model and the experimental value is 
shown in Figure 12. The R2 gap between the training set and the test set is large, and there is a tendency of 
overfitting. It is judged that the expansion of the quadratic term leads to the increase of the total number of features, 
which affects the robustness of the model simulation. 

5.3. Test and Prediction Model Results 

Table 6 shows the comparison of the test intensity values obtained for all mixture trials with the intensity 
values predicted by the XGBoost model and the optimized XGBoost model, where the errors are presented as 
relative percentages in Table 6. 
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Figure 12. Comparison of the optimized XGBoost predicted compressive strength with the experimental value. 

Table 6. Comparison of the test strength value and the predicted strength value of the mixture ratio (Relative error 
= (predicted value − test value)/test value). 

Group  
Name 

Strength of 
Experiment 

(Mpa) 

Strength of 
Prediction 

(Mpa) 

Prediction Strength 
of the Optimized 

Model (Mpa) 
Absolute 

Error 
Absolute Error of 
Model Prediction 

after Optimization 
Relative  

Error 

Relative Error 
of Model 

Prediction after 
Optimization 

M1A60 45 45.66 45.60  0.66 0.6 1.47% 1.33% 
M1A65 47 49.43 47.18 2.43 0.18 5.17% 0.38% 
M1A70 56 52.50 53.57 3.5 2.43 6.25% 4.34% 
M1A75 49 49.83 49.37 0.83 0.37 1.69% 0.76% 
M2S20 40 46.42 48.02 6.42 8.02 16.05% 20.05% 
M2S25 47 49.17 48.08 2.17 1.08 4.62% 2.30% 
M2S30 43 44.05 40.96 1.05 2.04 2.44% 4.74% 
M2S35 38 45.31 44.40  7.31 6.4 19.24% 16.84% 
M3L35 35 34.31 35.76 0.69 −0.76 1.97% 2.17% 
M3L45 41 40.94 47.60  0.06 −6.6 0.15% 16.10% 
M3L55 52 52.93 51.53 0.93 0.47 1.79% 0.90% 
M3L65 42 53.31 50.95 11.31 −8.95 26.93% 21.31% 

Table 6 shows that the average absolute error of all mixtures is 2.41 MPa, which is lower than 3 MPa, 
indicating high accuracy. The absolute errors of M1A60, M1A75, M3L35, M3L45 and M3L55 are all less than 1 
MPa. The average absolute error of the optimized model is 2.34, and the absolute error is reduced. Although the 
average error on these 12 mixtures is slightly lower, the model is not preferred due to overfitting. The absolute 
errors of M1A60, M1A65, M1A75, M3L35 and M3L55 are all less than 1MPa. According to Table 6, the influence 
law of each parameter on the compressive strength of FA-GPC can be observed. The test results of the first group 
of mix ratios show that the compressive strength of fly ash geopolymer concrete gradually increases with the 
increase of the total aggregate content, and the strength decreases when the aggregate content reaches 70%. The 
results of the second mix ratio show that the compressive strength of fly ash geopolymer concrete increases with 
the increase of sodium silicate and sodium hydroxide content, and decreases gradually after reaching 2.5. The 
increase of compressive strength is mainly due to the increase of sodium silicate dosage and the denser 
microstructure of geopolymer. On the other hand, the reduction of compressive strength is due to the fact that 
under the high ratio of sodium silicate to sodium hydroxide, in the process of geopolymer formation, the lack of 
sodium hydroxide in the mixture hinders the condensation process of active silica and alumina dissolution in the 
binder, which will reduce the strength of concrete [73]. When the ratio of alkali to fly ash in group 3 reaches 0.55, 
the compressive strength gradually increases, and when it exceeds 0.55, the compressive strength decreases, 
because excessive alkali will hinder the condensation of silicate [85]. 

Figure 13 compares the relative errors of the original XGBoost model and the polynomial-expanded model for 
the 12 additional experimental mixtures. Although the polynomial-expanded model exhibits slightly smaller and more 
stable relative errors for some mixtures, this result should be interpreted cautiously. The introduction of quadratic 
terms increased the dimensionality and complexity of the feature space and resulted in a substantial difference 
between the training and test performance, with (R2) decreasing from 0.976 to 0.814. This performance gap indicates 
that the expanded model was affected by overfitting and that its apparent improvement on the 12 mixtures does not 
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provide sufficient evidence of superior generalization. Therefore, the polynomial-expanded model is not considered 
the preferred general-purpose model. The original XGBoost model remains the recommended model because it 
achieves a more balanced performance across the training, validation, test, and cross-validation results. Future work 
should increase the dataset size, strengthen regularization, limit model complexity, and retain only physically 
meaningful interaction or polynomial terms to improve generalizability and reduce the risk of overfitting. 

 

Figure 13. Comparison of the relative prediction error of the model before and after optimization. 

5.4. Graphic User Interface (GUI) Design 

The results show that XGBoost model has high accuracy and good performance in predicting the 28d 
compressive strength of FA-GPC. A Graphical User Interface (GUI) enables materials engineers and researchers 
to utilize the powerful functions of machine learning models without requiring extensive programming or technical 
knowledge. Therefore, in order to enhance the usability and accessibility, a GUI based on the XGBoost algorithm 
for predicting the 28d compressive strength of FA-GPC was developed for the user to seamlessly interact with the 
model. As shown in Figure 14, the computer software encourages users to manually input the required parameters, 
and directly displays the predicted compressive strength value by clicking the predict button. This development 
not only simplifies the application of the model in real scenes, but also helps to optimize the decision-making 
process in the field of mix design. 

 

Figure 14. GUI of prediction of 28d compressive strength of FA-GPC through XGBoost. 
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6. Conclusions 

Through a detailed literature search, 355 sets of mix ratio data were collected. This study aims to predict the 
28d compressive strength (CS) of fly ash-based geopolymer concrete (FA-GPC) using individual and ensemble 
machine learning (ML) methods. Two individual ML methods, namely Support Vector Regression (SVR) and 
Decision Tree (DT), and an ensemble ML method Extreme Gradient Boosting (XGBoost) were used to predict the 
CS of FA-GPC. The collected data included 14 different input variables. R2, RMSE and MAE were used to 
evaluate the performance of each model. The performance of the models was verified by K-fold cross-validation, 
and then, Shapley Additive Explanations (SHAP) was used to quantify the influence and significance of the 
considered inputs. Finally, according to the key factors obtained by Shapley Additive Explanations, the binomial 
expansion of the key features of the model was proposed to optimize the model, and the prediction effect of the 
model was verified by experiments. The following conclusions can be drawn from the obtained results: 

SVR, DT and XGBoost all performed well in terms of testing set prediction, the R2 are 0.927, 0.935, and 
0.930 respectively. The performance of the adopted models was verified using k-fold cross-validation, and the results 
showed that the average R2 of SVR, DT, and XGBoost was 0.915, 0.787, and 0.903, respectively, and the accuracy 
of SVR and XGBoost models is superior in predicting CS of FA-GPC. However, SVR has an overfitting phenomenon 
and weak generalization ability. Therefore, among these three models, the XGBoost model performs best. 

Based on the results of SHAP analysis, FA content, curing temperature, content of Al2O3 in FA, water and 
NaOH concentration were the most important features. FA content, NaOH concentration, curing temperature and 
curing time had a strong positive correlation with CS, Al2O3 and SiO2 of FA had a greater effect on CS, while 
water showed a significant negative effect on CS. For this dataset, there was an optimal value for Na2SiO3/NaOH, 
Al2O3/SiO2, and AA/FA. When the optimal value was exceeded, CS gradually decreased. For SP, it has  
shown different influence effects on CS in different environments, and its specific mechanism still needs to be 
further explored. 

The results show that using the XGBoost model to predict the strength of the fly ash base polymer concrete 
test mix can obtain high compressive strength prediction accuracy, and the average absolute error of all mix ratios 
is 2.41MPa. The binomial expansion of the key features of the model has a certain effect, but it is necessary to 
further adjust the parameters and expand the data set to improve the robustness of the model and avoid overfitting 

It is shown that using ML to predict the mechanical properties of FA-GPC can achieve high accuracy in 
predicting the compressive strength of GPC. These initiatives can accelerate the development and application of 
geopolymer concrete. 

Although the proposed XGBoost model demonstrated satisfactory predictive accuracy and interpretability, 
its performance remains dependent on the characteristics of the training dataset. The model may be sensitive to 
changes in data distribution and may exhibit reduced prediction accuracy when applied to FA-GPC mixtures 
outside the range represented in the current database. In addition, the experimental validation was performed using 
a limited number of mix proportions, which may not fully capture the variability of practical engineering 
applications. Therefore, future work should focus on expanding the dataset with more diverse materials and curing 
conditions, as well as conducting large-scale external validation to further improve model robustness, 
transferability, and generalization capability. 
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