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Abstract - Predicting the compressive strength of fly ash concrete plays a crucial role in achieving sustainable mix design and 

efficient feedback control. Unfortunately, conventional empirical approaches often limit the accuracy of nonlinear interactions 

between the material proportions and curing age. To address this challenge, this study developed a machine learning-based 

framework to predict the compressive strength of fly ash concrete using concrete mix data from Indonesia. A total of 250 mix 

compositions with varying material proportions and curing ages were used as datasets to train and deploy four models: Linear 

Regression (LR), Artificial Neural Network (ANN), Random Forest (RF), and Gradient Boosting (GB). The model performance 

was evaluated based on the coefficient of determination (R2), Root Mean Square Error (RMSE), Mean Absolute Error (MAE), 

and Mean Absolute Percentage Error (MAPE) using cross-validation and independent testing. The study findings indicate that 

the nonlinear machine learning-based model significantly outperforms linear regression, confirming that nonlinearity dominates 

the strength-development process in fly ash concrete. Among the four models tested, gradient boosting performed the best in 

terms of overall prediction accuracy and generalisability across the strength range of the data. Residual analysis further 

indicated the absence of a systematic prediction bias. The findings highlight the potential of ensemble-based machine learning 

models to support preliminary mix design optimisation and construction quality control through reliable estimates of 

compressive strength. 

Keywords -  Fly ash concrete, Compressive strength prediction, Machine learning, Gradient boosting, Data-driven modelling.  

 

1. Introduction 
The fact that the cost of concrete as a construction 

material is low, and the fact that concrete can be constructed 

into almost any shape as a construction material, make 

concrete highly valued. One of the most important properties 

of concrete is its sufficient compressive strength. To achieve 

compressive strength with concrete, there must be adequate 

quantities of cement, water, aggregates, and Supplementary 

Cementitious Materials (SCMs). In most conventional 

methods for determining the compressive strength of concrete, 

the concrete is analysed in a laboratory. This is not only a 

lengthy process but also an expensive process that makes it 

impractical to check the quality of concrete as it is being 

constructed. They provide an almost real-time quality analysis 

of concrete [1–3]. Over the past few decades, fly ash has been 

increasingly used as a supplementary cementitious material in 

concrete production [4–6]. Fly ash contributes to the 

sustainability of concrete by reducing the amount of cement 

required, and therefore the carbon dioxide emissions 

associated with cement production, while also improving the 

workability and long-term durability of concrete. However, 

concrete made with fly ash develops strength over time in a 

more complicated manner than conventional concrete. This is 

mainly because of the pozzolanic reactions that occur with fly 

ash and the complicated interrelations between the water 

content, degree of cement replacement, and age of the 

concrete. These factors greatly complicate the construction of 

traditional empirical models for predicting strength. 

As one of the largest construction markets in Southeast 

Asia, Indonesia has embraced fly ash concrete construction 

owing to its sustainability, material availability, and cost [7–

9]. However, concrete mix designs in Indonesia are 

characterised by insufficient data, with varying construction 
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practices, fly ash replacement ratios, and sources of materials. 

Therefore, this exemplifies the necessity of predictive models 

in analysing and effectively articulating the intricate 

relationships between compressive strength and fly ash 

concrete within construction frameworks. 

 

The use of Machine Learning (ML) and Artificial 

Intelligence (AI) methods in civil engineering and 

construction materials research is rapidly growing. This is 

driven by their ability to model and explain a variety of 

nonlinear entities with varying ranges and levels of 

complexity [10,11]. In concrete engineering, ML has been 

applied to predict and understand various material 

characteristics, such as compressive strength, rheological 

behaviour, creep response, durability, and other performance 

indicators [12–16]. Various studies have shown that these 

data-driven approaches are not only superior to conventional 

regression models but also capable of achieving a level of 

predictive accuracy that is difficult to match, particularly 

when the concrete behaviour is strongly influenced by the 

complex interactions among the binder composition, water 

content, and curing conditions. ML-based methods have also 

been optimised recently to better predict and utilise resources 

in concrete mix design [17–20]. 

 

Many researchers have applied these AI-based methods 

to concrete with SCMs, including fly ash, and have claimed 

better prediction accuracy compared to empirical strength 

models [21–23]. More recent studies have begun to investigate 

ensemble learning and hybrid AI models, which further 

improve the predictive performance. However, most of these 

studies appear to be based on either relatively small 

experimental datasets or large, often used benchmark datasets, 

such as the UCI concrete compressive strength dataset, which 

likely do not depict the regional construction practices of 

Indonesia sufficiently. 

 

Recent studies have reported coefficient of determination 

(R2) values typically ranging between 0.85 and 0.98 for 

compressive strength prediction using ANN, support vector 

machines, random forests, and gradient boosting models, 

depending on dataset size and variability[24, 25]. Ensemble-

based approaches, such as random forests and gradient 

boosting, have generally demonstrated improved robustness 

and generalisation compared to single learners, particularly 

when nonlinear interactions among input variables are 

significant.  

 

Furthermore, while numerous studies have demonstrated 

the reliability of machine learning models in predicting 

concrete compressive strength, most of these studies tend to 

focus solely on improving accuracy metrics. Other important 

aspects, such as the representativeness of the dataset and its 

practical relevance in real-world construction scenarios, often 

receive insufficient attention in the literature. This gap is even 

more pronounced in developing countries, where material 

variability tends to be high owing to differences in raw 

material sources and local production practices. However, 

research specifically addressing the challenges in this regional 

context remains limited. 

 

Most existing studies rely on generic datasets or 

laboratory experiments, whereas studies based on data from 

actual construction practices, particularly for fly ash concrete, 

are still very limited. Furthermore, systematic comparisons 

between various machine learning algorithms, especially 

ensemble-based methods, within a consistent validation 

framework have been limited. Consequently, understanding 

the generalisability of these models across varying concrete 

strengths remains limited. 

 

Based on the identified gaps, this study developed a data-

driven framework for predicting the compressive strength of 

fly ash concrete using a dataset sourced from construction 

practices in Indonesia. The main research question was 

whether ensemble-based machine learning models could 

reliably predict the strength of fly ash concrete in a region-

specific context, particularly across a range of strength levels. 

This study tests the hypotheses that (i) nonlinear models 

demonstrate superior predictive performance compared to 

linear regression, and (ii) ensemble methods have better 

generalisation capabilities in capturing the complexity of 

material behaviour owing to local variability. 

 

The four models implemented in this study—Linear 

Regression (LR), Artificial Neural Network (ANN), Random 

Forest (RF), and Gradient Boosting (GB)—were 

systematically evaluated through cross-validation and 

independent testing. The novelty of this study lies in three key 

aspects: (i) the utilisation of actual, region-specific 

construction data; (ii) the application of a consistent 

comparative validation framework across models; and (iii) an 

in-depth evaluation of the reliability of predictions across a 

spectrum of strength ranges. The scope of this study was 

limited to compressive strength prediction based on the mix 

composition and curing age variables. Therefore, the 

generalisation of the findings to other regional contexts 

requires further study, considering local material 

characteristics and construction practices. 

 

2. Methodology 
Figure 1 presents an overview of the methodology used 

in this study. The first step involved the sequential collection 

and filtering of fly ash concrete mixture data sourced from 

construction practices in Indonesia. After preprocessing, the 

data were checked for quality and consistency to ensure their 

reliability before further use. The validated dataset was 

divided into two parts: the training and testing sets. Several 

machine learning models were built and trained using the 

training data, followed by hyperparameter tuning and cross-

validation to improve their robustness and avoid overfitting. 
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The statistical performance of each model was calculated 

using predetermined metrics, followed by a comprehensive 

comparison to objectively evaluate the predictive capabilities. 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

Fig. 1 Methodological framework 

2.1. Data Set Description 

The data used in this study were fly ash concrete mix 

compositions derived from construction practices in 

Indonesia. To build a comprehensive and representative 

database for machine learning analysis, a search and synthesis 

of various published literature was conducted [26–44]. This 

approach allows for a wider range of mix variations and 

enriches the data diversity according to the material conditions 

and field practices. Each record in the database reflects a 

concrete mix design incorporating fly ash as a substitute for 

Portland cement. The predictors were the constituents of the 

mix, such as cement, fly ash, and water; fine and coarse 

aggregates; admixture; and the age at which the concrete was 

cured. The only response variable was the compressive 

strength of the concrete. The dataset captures the typical 

proportions used in Indonesian Construction projects to 

enhance the predictive potential of the developed models. 

2.2. Data Pre-Processing 

Prior to model development, the dataset underwent data 

preprocessing to increase the reliability and performance of 

the model. Data integrity was maintained by removing 

incomplete or missing records from the dataset. The outlier 

input variables, unreasonable values, and engineering 

extremes were adjusted.  

All input features were standardised to a numerical range 

to eliminate bias, especially for distance- and gradient-based 

machine learning model training. The dataset was randomly 

split into training and testing subsets to assess the 

generalisation ability of the developed models. 

2.3. Machine Learning Models 

Four Machine Learning models with different complexity 

levels were used to forecast the compressive strength of fly 

ash concrete and to facilitate a linear and nonlinear modelling 

comparison. Figure 2 presents the conceived frameworks of 

the chosen models and the primary distinctions among the 

approaches of linear regression, neural network-based 

learning, and ensemble-based learning. 

The baseline model is represented by Linear Regression 

(LR), which denotes a traditional statistical prediction model. 

This model assesses the users’ input variables and the linearity 

of the compressive strength and provides a basis for evaluating 

the advantages of higher-order machine-learning methods 

(Figure 2(a)). 

The nonlinear relationships in the behaviour of fly ash 

concrete were captured using three different nonlinear models. 

An example of this is the Artificial Neural Network (ANN) 

model shown in Figure 2(b), which is helpful in modelling 

complex relationships for any given input or output using 

interlayer connections and nonlinear activation functions. 

Although ANN models can approximate complex nonlinear 

functions, they are sensitive to several attributes, such as data 

heterogeneity and parameters, given their application in field-

based datasets.  

An example of such an approach is Random Forest (RF) 

modelling, as illustrated in Figure 2(c). In RF, several decision 

trees are constructed over random subsets of the data and 

feature space for ensemble prediction. In addition, RF is a 

powerful model in the domain of concrete strength modelling, 

particularly for complex and non-additive relationships. 

Finally, a Gradient Boosting (GB) model, an advanced 

ensemble technique, was employed, where decision trees were 

built sequentially, with each tree adjusting the errors made by 

its predecessors (Figure 2(d)). Owing to its iterative 

mechanism for minimising errors, gradient boosting works 

well for capturing more intricate nonlinear relationships and 

interactions among the mix design variables, which are 

inherent in the development of fly ash concrete strength.

Data Collection 

Data Pre-Processing 

Machine Learning Model  

(LR, ANN, RF, GB) 

Model Training, Validation And 

Testing 

Performance Evaluation (R2, 

RMSE, MAE, MAPE) 

Model Comparison 
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Fig. 2 Conceptual schematics of machine learning models 
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This study used the Scikit-learn and TensorFlow/Keras 

libraries in Python to implement all machine learning models. 

Hyperparameter optimisation was performed using cross-

validation on the training dataset, whereas the independent 

testing dataset was kept separate for the final model evaluation 

to provide an unbiased performance assessment.  

The application of gradient boosting, random forest, and 

artificial neural network models provided an even comparison 

between ensemble and neural-based learning approaches for 

predictive performance and interpretative analysis. 

2.4. Model Training and Validation 

The dataset training subset was used to train the models. 

A systematic tuning approach was used to optimise the 

hyperparameters for each ML model to achieve the best 

predictive performance while minimising overfitting. K-fold 

cross-validation was used to increase the robustness of the 

model and guarantee reliable performance across varying data 

splits. The models were tested after training on a separate 

testing subset that was not used during any of the training or 

tuning phases of the study. This method provides the most 

unbiased evaluation of each model’s generalisation ability. 

2.5. Performance Evaluation 

The models were assessed for predictive performance 

using the most widely utilised regression-based machine 

learning techniques and their corresponding evaluation 

metrics: R-squared (R²), Root Mean Square Error (RMSE), 

and Mean Absolute Error (MAE). These metrics are used to 

evaluate the predictive performance, error magnitude, and 

reliability, and provide different insights into the prediction 

accuracy and overall model reliability, evaluating different 

dimensions of the model’s reliability.  

To determine the most suitable machine learning model 

for predicting the compressive strength of fly ash concrete, the 

machine learning models were evaluated using these metrics. 

The calculation method for the evaluation metric is as 

follows: 

𝑅2 = 1 −
∑ (𝑦𝑖−𝑦̂𝑖)

2𝑁
𝑖=1

∑ (𝑦𝑖−𝑦̅𝑖)
2𝑁

𝑖=1

 (1) 
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where 𝑦𝑖 is the observed compressive strength, 𝑦̂𝑖 is the 

predicted value, 𝑦̅𝑖 is the mean of observed values, and N is 

the number of data samples. 

3. Results and Discussion 
3.1. Dataset Characteristics and Exploratory Insights 

The dataset included 250 fly ash concrete mixes from a 

total of 318 records, which represented realistic mix designs 

from Indonesian building sites. The mixes listed in Table 1 

were extracted from a large database with a wide variation in 

the proportions of materials and curing ages. These are useful 

for building robust data models.  

The cement content ranged from 53 to 751 kg/m3, and the 

fly ash varied from 17 to 746 kg/m3. This shows a mix of both 

conventional and high-volume fly ash concrete. The water 

content ranged from 66 to 236 kg/m3, indicating a wide 

variation in the water/binder ratios which control the strength. 

Table 1. Summary statistics of the fly ash concrete dataset used in 

this study 

Variables mean std min max 

Cement (kg/m3) 317 116 53 751 

Fly Ash (kg/m3) 178 161 17 746 

Water (kg/m3) 168 43 66 236 

Coarse Aggregate 

(kg/m3) 
962 196 628 1335 

Fine Aggregate 

(kg/m3) 
716 204 0 1045 

Superplasticizer 

(kg/m3) 
6 9 0 28 

Age (days) 22 17 1 90 

Compressive 

strength (Mpa) 
34 19 4 88 

 

The aggregate contents demonstrated substantial 

dispersion, which illustrated the differences in the mixing 

processes. The superplasticiser ranged from 0 to 28 kg/m3, 

which means that some samples were admixture-free and 

some were chemically modified mixes. The curing age ranged 

from 1 to 90 days. This captured both the early age and long-

term strength development of fly ash concrete. The 

compressive strength ranged from 4.2 to 88 MPa, with an 

average of 34 MPa. 

The variability in both the input parameters and 

compressive strength reflects the complexity of fly ash 

concrete behaviour, which is the reason for developing 

machine learning models to understand the interrelations of 

the mix components. 

3.2. Model Performance Comparison 

The selected machine learning models were evaluated 

using training data cross-validation and independent testing to 

check their generalisation ability. The results showed that the 

models exhibited different performances, highlighting the 

need for nonlinear learning methods to predict the 

compressive strength of fly ash concrete. 
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From the cross-validation results in Table 2, the gradient 

boosting (GB) model achieved the best performance and had 

the highest coefficient of determination and the lowest error 

metrics compared to all models evaluated. The random forest 

(RF) model exhibited a slightly higher error rate than the best 

model, although its overall predictive ability remained 

competitive. Meanwhile, the Artificial Neural Network 

(ANN) model ranked in the middle with an average 

performance. Conversely, Linear Regression (LR) performed 

below average, indicating that this model could not adequately 

capture the nonlinear relationships underlying the strength 

development process in fly ash concrete. 

The results in Table 3 reiterate the trends observed in the 

cross-validation phase. Once more, the GB model stands out 

as the most precise in forecasting unseen datasets, followed by 

the RF model, with all ensemble-based techniques exhibiting 

positive R² scores and low metrics on the errors. Among the 

models, the ANN model exhibited a dip in the predictive 

accuracy of the testing dataset. This model may be more 

sensitive to data variability and overfitting. The testing results 

of the LR model were the weakest, with greater values for the 

errors and the highest mean absolute percentage error. This 

confirms that linear assumptions regarding the modelling of 

fly ash concrete behaviour are inappropriate. 

Table 2. Cross-validation performance of machine learning models 

for predicting the compressive strength of fly ash concrete 

Model R2 RMSE MAE 

GB 0.911 5.437 4.017 

RF 0.897 5.893 4.472 

ANN 0.846 7.281 4.902 

LR 0.565 12.199 9.218 

 
Table 3. Testing performance metrics of the evaluated machine 

learning models for fly ash concrete compressive strength prediction 

Model R2 RMSE MAE MAPE (%) 

GB 0.876 6.630 4.413 15.586 

RF 0.846 7.395 5.046 19.455 

ANN 0.746 9.483 6.410 19.838 

LR 0.607 11.812 9.368 37.432 

 

Further analysis of the results from the training and 

testing still shows that the ensemble learning models have the 

most robust results. With GB and RF having small 

performance degradation, it shows that they have consistently 

learned and been able to process the challenges of the complex 

interactions among the parameters of the mix design. In 

contrast, the larger performance discrepancies in ANN and LR 

show that they seem to have a greater loss when faced with 

more varied and unstructured data from the field. 

From an engineering perspective, these results confirm 

that the compressive strength of fly ash concrete is governed 

by strongly nonlinear interactions among the water content, 

binder composition, aggregate proportions, and curing age. 

The performance advantages demonstrated by ensemble-

based models, particularly gradient boosting, underscore their 

ability to effectively capture complex relationships without 

sacrificing the generalisability of the model. This makes them 

not only accurate but also reliable for predicting material 

behaviour in diverse contexts. 

The predictive performance achieved in this study—with 

R2 values comparable to recent international studies (generally 

ranging from 0.90 to 0.98 for ensemble models)—

demonstrates that high accuracy can be maintained even when 

using data sourced from region-specific construction 

practices. Unlike many previous studies that rely on 

benchmark datasets, such as the UCI concrete dataset, the 

dataset used in this study reflects the true variability of 

construction practices in Indonesia. The fact that comparable 

performance can still be achieved confirms that the ensemble 

learning approach is not only technically robust but also 

adaptive to the local material conditions. This finding 

strengthens the argument that the method is feasible for 

application in real-world construction scenarios that are far 

from ideal laboratory conditions. 

3.3. Predicted vs. Measured Compressive Strength 

The relationship between predicted and actual 

compressive strength values generated by the gradient 

boosting model is presented in Figure 3. It can be seen that the 

data points are densely distributed along the 45° reference 

line, indicating a good agreement between the model 

predictions and the actual measured values. This pattern 

confirms that the model can accurately capture the strength 

development trend of fly ash concrete across almost the entire 

strength range studied. This visual agreement correlates with 

the high value of the coefficient of determination paired with 

low values of the prediction error in the test results. 

 
Fig. 3 Predicted versus measured compressive strength of fly ash 

concrete obtained using the gradient boosting model 
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The prediction scatter at low-to-moderate strength levels 

was very low, suggesting that the model streamlined the 

effects of the mix composition parameters that control the rate 

of strength gain at early and medium levels. At higher strength 

levels, the scatter increased slightly, and there was some 

localised under-prediction. This is likely due to the aggressive 

behaviour of higher-strength fly ash concrete to several factors 

that were excluded from the model, such as fly ash reactivity, 

curing temperature, and microstructural development, which 

tend to play an increasingly critical role as the strength level 

increases. 

 

Figure 4 provides more evidence of the confidence we can 

have in the gradient boosting model. The residuals were 

generally equally spread around zero. This shows that there is 

no bias in the model. In the important strength range of the 

model, that is, low-moderate strength, the residuals were small 

and evenly spread. This shows that the model performed 

reliably in that range. A slight increase in the spread of the 

residuals was observed at high predicted strength values. 

However, there was no evidence of increasing or decreasing 

residual bias. This confirmed that no residual bias was present 

at high values, nor was there any heteroscedasticity. 

 

The analyses of the residuals and predicted versus 

measured values justify the robust compressive strength 

estimating capabilities of the gradient boosting model. The 

analyses also justify the estimation capabilities of a wide 

variety of fly ash concrete mix designs. In the concrete mix 

design context, this study demonstrates the value of a data-

driven approach for the preliminary assessment and ongoing 

monitoring of construction quality, especially in variable 

material conditions that are present in most construction 

situations. 

 

 
Fig. 4 Residual distribution of the gradient boosting model as a function 

of predicted compressive strength for fly ash concrete 

 

3.4. Limitations and Future Works 

Although the suggested ML framework performs well, 

some limitations must be considered. First, the dataset is 

limited to the mix design parameters of the construction 

practice and does not include material-specific details such as 

the fly ash chemical composition, particle size distribution, 

and temperature during curing. Such details can affect the 

development of strength, especially higher strength levels, and 

their absence may be a factor in the prediction dispersion 

being greater in that range. 

 

Second, although the dataset used is site-specific and 

representative of construction practices in Indonesia—a major 

strength of this study—it also limits the generalisability of the 

findings to other regional contexts with different material 

characteristics, standards, and construction practices. 

Furthermore, the developed model only considers a static time 

point (curing age) when predicting compressive strength, 

without accounting for temporal dynamics beyond the 

available concrete age range. Consequently, this study cannot 

describe the continuous evolution of concrete strength or 

predict material behaviour at ages not covered by the dataset. 

 

Future research should expand the dataset coverage by 

integrating a wider variety of material properties, varying 

curing conditions, and data from different geographic regions 

to improve the generalisability of the findings. Modelling 

approaches that consider temporal aspects, such as modelling 

strength evolution over time, also need to be developed so that 

predictions can reflect the behaviour of fly ash concrete 

throughout its life cycle. Furthermore, the application of 

advanced model interpretation techniques, such as feature 

attribution analysis or partial dependence plots, is highly 

recommended to improve model transparency and support 

more informed and accountable technical decision-making in 

engineering practice. 

 

4. Conclusion 
This study developed a machine learning framework to 

predict the compressive strength of fly ash concrete using mix 

composition data sourced from construction practices in 

Indonesia. A total of 250 mixed datasets with varying material 

proportions and curing periods were used to train and deploy 

four models: Linear Regression (LR), Artificial Neural 

Network (ANN), Random Forest (RF), and Gradient Boosting 

(GB). 

 

The results confirmed that the nonlinear model 

significantly outperformed the linear regression, 

demonstrating that complex and nonlinear interactions play a 

crucial role in the strength development of fly ash concrete. 

Among the four models tested, gradient boosting achieved the 

highest predictive accuracy and lowest error rate in both cross-

validation and independent testing, indicating its superior 

ability to generalise data patterns. The random forest model 

also demonstrated competitive predictive performance, 

whereas the Artificial Neural Network (ANN) exhibited 

relatively lower stability when exposed to varying conditions. 

Further residual analysis indicated that the model predictions 
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remained reliable across the strength range studied, although 

a slight increase in the variance was observed in the high-

strength region. 

Unlike previous studies that generally relied on global 

benchmarks or controlled laboratory experimental data, this 

study emphasises the importance of region-specific validation. 

Local material variability and field construction practices have 

been shown to influence the model behaviour and 

generalisability. The key findings of this study demonstrate 

that ensemble-based models maintain high predictive 

accuracy even when exposed to variability reflecting actual 

construction practices. This underscores the potential 

application of this method in real-world scenarios that are far 

from being ideal. 

 

From a practical perspective, the framework developed in 

this study offers potential benefits for screening mix 

proportions at an early stage, reducing the reliance on 

extensive trial mixing, and assisting quality control engineers 

in rapidly estimating strength using readily available mix 

parameters. However, it should be noted that the dataset used 

is region-specific and limited in available mix design 

variables; therefore, the direct application of the model to 

other geographic contexts or different material systems 

requires caution. Therefore, further research is recommended 

to expand the diversity of the dataset, integrate additional 

materials and curing parameters, and conduct more extensive 

external validation to improve the transferability and 

generalisability of the model. 
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