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ABSTRACT: Accurate prediction of mortar flow is essential for achieving consistent workability, particularly 
when recycled fine aggregates (RFA) are incorporated due to their higher absorption and angularity. Traditional 
linear models often fail to capture the non-linear interactions between mixture constituents, motivating the 
application of machine-learning (ML) techniques. This study applies five ML algorithms Decision Tree, Random 
Forest, Gradient Boosting, Linear Regression, and AdaBoost to predict the flow of mortars containing varying 
proportions of natural sand, RFA, and water. In the data set was comprised of 26 samples and mortar flow 
range was 100 to 270 mm. The prediction was performed only for mortar flow. Exploratory analysis revealed 
strong positive correlation between water content and flow, while RFA exhibited an expected negative 
influence. Model performance was assessed using parity plots, error trends, Regression Error Characteristic 
(REC) curves, and Taylor diagrams. Gradient Boosting consistently delivered the highest predictive accuracy (R-
squared = 0.988), showing the closest agreement with experimental flow values, lowest residuals, and largest 
REC area under the curve. Random Forest and AdaBoost achieved moderate performance, whereas Linear 
Regression and Decision Tree showed limited generalization capability. The mechanism: boosting sequentially 
corrects errors of weak learners, capturing non-linear interactions between water, natural sand, and RFA, 
including absorption and angularity effects. Ensemble averaging reduces variance and handles 
heteroscedasticity, while tree-based splits adapt to variable interactions and thresholds. Overall, the findings 
demonstrate that ensemble boosting methods provide a robust and reliable tool for predicting mortar flow, 
offering significant potential to support mix-design optimization when recycled fine aggregates are used.  
 
Keywords: Machine Learning, Mortar flow, Recycled Fine Aggregates, Gradient Boosting, Ensemble Models, 
Workability Predictions 
 
1. INTRODUCTION 
 

Workability is a fundamental parameter 
governing the quality, uniformity, and structural 
reliability of mortar and concrete mixtures. For 
mixtures incorporating recycled fine aggregates 
(RFA), predicting flow becomes particularly 
important because RFAs typically exhibit higher 
absorption, angularity, and surface irregularities, all 
of which influence lubrication, paste demand, and 
compaction behaviour. These material 
characteristics introduce non-linear and sometimes 
competing effects that are not fully captured by 

conventional empirical correlations [1]. As a result, 
traditional regression-based approaches often 
struggle to generalise across broader mixture 
proportions or varying aggregate sources. In our 
earlier experimental investigation, a comprehensive 
series of mortar mixes containing natural sand and 
different proportions of RFA were evaluated 
through standard flow-table testing. While the 
previous work established key behavioural trends 
and confirmed the viability of RFA in mortar 
applications, it also highlighted variability in flow 
response that could not be adequately described 
using simple linear models. With increasing demand 

International Journal of GEOMATE

G
EO

MATE

G

C EJ

S
o

i tc e

y

(Geotechnique, Construction Materials and Environment)

ISSN: 2186-2982 (P), 2186-2990 (O), Japan



International Journal of GEOMATE, July, 2026, Vol. 31 (143), pp. 84-92 

85 

 

for optimization driven mix design and the 
complexity introduced by recycled materials, data-
driven modelling techniques offer a promising 
alternative. Machine learning (ML) provides flexible 
tools capable of capturing non-linear, multivariate 
interactions without requiring predefined 
functional forms. Recent applications in civil and 
materials engineering have demonstrated the 
effectiveness of ensemble algorithms for predicting 
compressive strength, durability indicators, 
rheological properties, and structural performance 
[2]. AI-based predictive models are computational 
algorithms that learn from data to forecast future 
outcomes, leveraging techniques like machine 
learning and deep learning [3, 4]. In the context of 
concrete, these models analyze various parameters 
such as cement type, water content, aggregate type, 
and curing time to predict its strength [5-7]. In the 
past, AI models like Artificial Neural Networks 
(ANN), Support Vector Machines (SVM), Decision 
Trees (DT), and Random Forests (RF) have been 
employed to predict concrete strength [8, 9]. These 
models are trained on extensive datasets of 
concrete mix designs and their corresponding 
strength measurements. For example, studies have 
used ANN models to correlate ultrasonic pulse 
velocity with compressive strength, achieving high 
accuracy [10, 11]. Other research has explored 
hybrid models, combining ANN with optimization 
techniques like ant colony optimization and 
biogeography-based optimization, to predict 
concrete strength with high R² values [12, 13]. The 
benefits of using AI-based predictive models include 
reduced costs and time compared to traditional lab 
testing, the ability to handle complex and nonlinear 
relationships within concrete mixtures, and 
improved accuracy in predicting concrete strength 
[14-16]. These models also enable real-time 
prediction of concrete strength using sensor data, 
allowing for faster decision-making and improved 
quality control in construction [17]. Data-driven 
prediction: ML models can learn complex, nonlinear 
relationships between mix constituents (cement, 
water, aggregates, admixtures), environmental 
conditions, and resulting slump. Rapid design 
iteration: Engineers can virtually screen many mix 
designs to achieve target slump without expensive 
trial batches. Descriptive statistical analysis 
revealed a high frequency of outliers and a non-
normal distribution, suggesting underlying 
heterogeneity in ground conditions. [18-21]. Yeh 
[22] and Öztaş et al. [23] applied ANN to model 
slump as a function of the quantities of concrete 
constituents, water to binder ratio, and 
superplasticizer to binder ratio. Ding et al. [24] 
analyzed slump images by deep learning tools such 

as convolutional neural networks, region-based, 
fast region-based, and long short-term memory. 
However, the use of ML for predicting flow of RFA-
containing mortar mixtures remains limited. This 
study addresses this gap by applying five ML 
algorithms Decision Tree, Random Forest, Gradient 
Boosting, Linear Regression, and AdaBoost to 
develop predictive models for mortar flow. The 
models are evaluated using a combination of parity 
plots, error analysis, regression error characteristic 
curves, and Taylor diagram metrics. The objective is 
to systematically compare the performance, 
robustness, and generalization capability of each 
algorithm, thereby providing insight into the 
suitability of ML-based surrogate models for 
practical mix design involving recycled fine 
aggregates.  

This study towards the adoption of sustainable 
construction materials has only increased the usage 
of recycled fine aggregates (RFA) in mortar and 
concrete but this move creates a strong risk of 
uncertainty in workability control. In contrast to 
traditional natural sand, RFA is described by being 
more porous, has irregular morphology and 
different absorption capacity which together result 
in non linear and interacting effects on flow 
behaviour. Current methods of mix design and 
empirical correlations, mostly based on linear 
assumptions, are insufficient to have a reliable way 
of measuring these combined effects. Consequently, 
trial-and-error practices among the practitioners 
tend to be conservative, augmenting material usage, 
time, and expenditure. This limitation is thus not a 
simple academic undertaking, but a practical 
requirement in facilitating the increased use of 
recycled materials in construction. 

 
2. RESEARCH SIGNIFICANCE 

 
The main originality of the research is the 

specific application and the system of comparison 
of various machine-learning (ML) algorithms to 
predict the flow of mortars with the use of recycled 
fine aggregates. Although past research in the area 
of ML-based research in cementitious materials had 
mostly focused on compressive strength or 
durability measures, the rheological aspect of 
mortar flow especially in RFA containing materials 
has received relatively little focus. This is precisely 
what this work fills by showing that ensemble 
learning techniques can effectively represent the 
concept of workability that is a property that 
cannot be explained through single and dominant 
variables. As the prediction of mortar flow is 
framed as a data-driven learning problem, the 
research is no longer limited to descriptive analysis 
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but delivers a predictive surrogate, which could be 
generalised across the compositions of a mixture. 
The research significance lies in its novel focus on 
predicting mortar flow with recycled fine 
aggregates (RFA) using ensemble ML methods, 
addressing a gap in rheology rather than solely 
strength or durability. By delivering a data-driven 
surrogate that generalizes across mixture 
compositions, it enables rapid, low-cost 
optimization of sustainable masonry materials. The 
multi-criteria evaluation framework reveals model 
behaviors and generalization capabilities that 
traditional metrics overlook, guiding designers 
toward robust mix designs and automated 
processes. Practically, the approach reduces 
laboratory trials, supports quality control under 
material variability, and advances digital 
construction toward resource-efficient, data-
informed decisions. Its insights inform policy and 
practice. 

 
3. METHODOLOGY 

 
The study utilized the experimental database 

previously published [22] summarized in Table 1, 
which reports flow values for mortar mixtures 
prepared with different proportions of natural sand, 
recycled fine aggregate, and water. To ensure an 
objective evaluation of predictive performance, the 
dataset was partitioned into training (70%) and 
testing (30%) subsets using stratified sampling, 
thereby preserving the natural distribution of flow 
measurements across both splits. During model 
development, a five-fold cross-validation procedure 
was applied to the training subset to monitor model 
stability, minimize overfitting, and provide a more 
reliable estimate of out-of-sample behavior. The 
machine-learning workflow followed four 
sequential steps. First, the input features natural 
sand, recycled fine aggregate, and water content 
were selected based on their direct influence on 
workability. Second, numerical predictors were 
normalized when required by the underlying model 
assumptions (e.g., Linear Regression), whereas tree-
based algorithms were trained on raw values due to 
their scale invariance. Third, the selected models 
were fitted to the training data, with internal 
parameters tuned through cross-validation to 
optimize learning. Finally, model performance was 
assessed on the unseen testing subset using 
statistical and graphical diagnostics. Comparative 
evaluation relied on parity plots, residual and error-
distribution analysis, regression error characteristic 
(REC) curves, and Taylor diagram statistics, allowing 
a comprehensive assessment of both accuracy and 
robustness across models.   Decision Tree is a non-

parametric model that partitions the feature space 
into hierarchical rules, capturing non-linear 
relationships but prone to overfitting. Random 
Forest, an ensemble of bootstrapped decision trees, 
reducing variance through averaging and improving 
robustness over a single tree. Gradient Boosting is a 
sequential ensemble that fits weak learners to the 
residuals of previous iterations, enabling strong 
performance on structured datasets.  

Linear Regression, a baseline linear model 
assuming additive relationships among variables, 
used to benchmark non-linear ensembles. 
AdaBoost an iterative boosting algorithm that 
adjusts sample weights to focus on harder-to-
predict observations, improving accuracy with 
shallow learners. Model accuracy was assessed 
through the coefficient of determination (R²), 
Pearson correlation coefficient (r), and root-mean-
squared error (RMSE). REC curves were used to 
quantify prediction accuracy as a function of 
normalized absolute deviation, with the area under 
the curve (AUC) serving as a comparative indicator. 
Taylor diagrams synthesized standard deviation, 
correlation, and centered RMSE into a single plot, 
enabling a compact visual comparison across all 
models. This section describes the experimental 
database, machine-learning methodology, and 
performance metrics employed in the study. 

 
Table 1. Data set 
 

Natural sand 
kg/m³ 

Recycle fine 
aggregate 
kg/m³ 

Water kg/m³ Flow/ mm 

1067 0 192 100 
1067 0 240 165 
1067 0 288 220 
907 160 192 100 
907 160 240 115 
907 160 288 190 
907 160 192 100 
907 160 240 135 
907 160 288 190 
907 160 192 100 
907 160 240 115 
907 160 288 160 
907 160 192 100 
907 160 240 145 
907 160 288 195 
907 160 192 100 
907 160 240 145 
907 160 288 200 
907 43 192 110 
907 43 240 185 
907 43 288 250 
907 39 192 110 
907 39 240 201 
907 39 288 254 
907 36 192 130 
907 36 240 205 
907 36 288 270 
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4. PERFORMANCE MEASURES 
 
This section explains the performance measures 

that were being noted in this research, when 
developing data-driven statistical models, it is 
essential to evaluate how well each model performs 
so that hyperparameters can be refined and the 
most accurate model can be selected. A number of 
established metrics are commonly used to assess 
predictive accuracy, each offering different insights 
into model behavior. For regression problems in 
particular, the most widely applied measures 
include the coefficient of determination (R²), the 
root mean square error (RMSE), and the mean 
absolute error (MAE). When combined with 
diagnostic plots and comparisons between 
predicted and observed  values, these metrics allow 
for a thorough assessment of model quality. R² 
indicates the proportion of total variation in the 
dataset that is captured by the model, providing a 
measure of how well the predictions reflect the 
underlying data pattern. It is calculated using the 
ratio shown in Eq. (2), where yi represents the 
observed values, ŷi denotes the model predictions, 
and ȳ is the mean of the observed data. A higher R² 
value signifies a model that more effectively 
explains variability in the target variable. R² takes 
values between 0 and 1, with numbers closer to 1 
indicating that the model explains a larger share of 
the variability in the dataset. 

R2=1-
∑ (ŷi-yi)

2n
i=1

∑ (yi-y̅i)
2n

i=1
                       (1) 

 
  The root mean square error (RMSE) provides 
another important measure, capturing how tightly 
the predicted values cluster around the actual 
observations. RMSE is expressed in the same units 
as the target variable and is always positive due to 
the squaring of residuals. This squaring also makes 
RMSE more sensitive to large errors, so even when 
the typical (median) error is small—as captured by 
metrics like the mean absolute error—RMSE may 
remain high if the model struggles with extreme 
outliers. Given observed values yi, predicted values 
ŷi, and n total observations, RMSE is computed as: 

𝑹𝑴𝑺𝑬 = √
∑ (𝒚̂𝒊−𝒚𝒊)

𝟐𝒏
𝒊=𝟏

𝒏
           (2) 

 The mean absolute error (MAE) evaluates a 
model’s prediction accuracy by averaging the 
absolute differences between predicted and 
observed values. Because it does not square the 
errors, MAE is less influenced by extreme outliers, 
offering a more balanced view of typical model 
performance. As a result, it is often interpreted as a 
measure of the model’s median error and serves as 
a useful complement to R² and RMSE. 

𝑴𝑨𝑬 =
∑ |𝒚̂𝒊−𝒚𝒊|
𝒏
𝒊=𝟏

𝒏
            (3) 

 Similar to RMSE, MAE is expressed in the same 
units as the target variable, making it easy to 
interpret in practical terms. Lower MAE values 
indicate better model performance, and because it 
does not exaggerate large errors, MAE is generally 
smaller than the corresponding RMSE value for a 
given model. 

 
5. RESULTS AND DISCUSSION 
 

5.1 Data Visualization 
 

This section presents and discusses the results; 
including data visualization, prediction quality, REC 
curve analysis, and Taylor diagram evaluation. The 
histogram and KDE distribution of flow values 
indicated a moderately wide spread, confirming 
that the mixtures exhibited diverse workability 
characteristics despite sharing similar constituent 
materials (Figures 1 and 2). The KD plots were 
generated using the full dataset prior to data 
splitting. This variability reflects the sensitivity of 
flow to subtle changes in water content and 
aggregate proportions. The correlation heatmap 
further clarified these trends: water content 
displayed a strong positive correlation with flow, 
demonstrating its dominant influence on mixture 
fluidity, while recycled fine aggregate (RFA) showed 
a clear negative correlation, consistent with its 
higher absorption capacity and angular particle 
shape, both of which increase frictional resistance 
and reduce paste availability. Natural sand content 
exhibited only a weak relationship with flow, 
suggesting that its effect becomes significant 
primarily through interactions with RFA and water 
rather than through direct linear influence. 
Together, these exploratory observations point to 
underlying non-linear interactions between mixture 
components, reinforcing the need for machine-
learning models capable of capturing such 
complexities beyond the capability of simple linear 
regression. Training parity plots strengthened this 
interpretation. The ensemble models Gradient 
Boosting, Random Forest, and AdaBoost displayed 
predictions tightly clustered around the 45° 
reference line, indicating excellent fit with high R² 
values and minimal residual spread. Among them, 
Gradient Boosting exhibited nearly perfect 
alignment, demonstrating its ability to iteratively 
model complex error patterns and capture subtle 
dependencies within the data. Linear Regression, by 
comparison, showed broader scatter and noticeable 
deviations, confirming its limitations when 
confronted with non-linear behaviors. The single 
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Decision Tree model produced even larger variance, 
highlighting its instability and tendency to overfit 
small datasets. Collectively, these training results 
provided an early indication that boosting-based 
ensembles were the most capable of learning and 
representing the underlying flow mechanisms, 
positioning them as strong candidates for robust 
generalization on unseen data. 
 
5.2 Prediction Quality 
 
      This section of the study provides an in depth 
discussion of the observed model behaviours and 
their physical interpretation. The ML results are 
shown in Figures 3-6. Random Forest and AdaBoost 
also produced acceptable predictive quality; 
however, both exhibited slightly wider dispersion, 
particularly at higher flow levels where the 
influence of water content becomes more 
dominant and the interaction effects between 
aggregates intensify. These deviations suggest that, 
while these ensemble methods capture overall 
trends well, they are somewhat less effective than 
Gradient Boosting in modelling finer-scale 
variability. Linear Regression, constrained by its 
strictly linear formulation, displayed systematic 
under- and over-prediction in different regions of 
the flow spectrum. This behaviour reflects its 
inability to account for non-linear effects such as 
the combined influence of RFA absorption and 
water dosage. The Decision Tree model performed 
the weakest, showing scattered parity points, 
reduced correlation, and elevated residuals 
consistent with its tendency to overfit and its 
limited ability to generalise from a small dataset. 
The corresponding error plots reinforced these 
observations.  

 
Fig 1. Heatmap of the data 

 
Gradient Boosting consistently exhibited low 

absolute deviations across the full range of flow 
values, indicating stable predictive behaviour. In 
contrast, the remaining models showed increasing 

residuals at extreme flow values, highlighting their 
reduced capacity to capture boundary conditions 
and subtle interaction patterns within the mixture 
proportions [15]. 

 
 

Fig 2. Histogram with KED lines of . 
 

 
 

Fig 3. Actual Vs Predicted plotting of trainig 
performance of GB. 

 

 
 

Fig 4. Actual Vs Predicted plotting of testing 
performance of GB. 

 

 
Fig 5. Actual Vs Predicted plotting of training 
performance of Linear Regression. 
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Fig 6. Actual Vs Predicted plotting of testing 
performance of Linear Regression. 
 
5.3 REC Curves 
 
      The REC curves (Figures 7 and 8) offered a 
comprehensive comparison of model accuracy by 
illustrating how the proportion of correctly 
predicted flow values varies with increasing 
tolerance in normalised absolute deviation. Among 
all models, Gradient Boosting showed the steepest 
initial rise, indicating that a large fraction of its 
predictions fell within very small error margins. This 
behaviour was reflected in the highest area under 
the curve (AUC), demonstrating both strong 
precision and consistent reliability across the entire 
deviation range. Random Forest and AdaBoost also 
exhibited relatively favourable performance, with 
moderate AUC values that indicate acceptable 
accuracy for most practical tolerance levels. 
However, their curves rose more gradually than 
that of Gradient Boosting, suggesting that these 
models were less effective at minimizing small 
residuals, particularly for mixtures with extreme 
flow values. In contrast, Linear Regression and the 
Decision Tree model showed noticeable limitations. 
Their REC curves remained significantly below those 
of the ensemble methods at low deviation 
thresholds, confirming that they struggle to capture 
the non-linear interactions governing workability. 
These weaknesses manifested as reduced accuracy 
for fine-scale predictions, where even modest 
deviations are critical. Overall, the REC analysis 
strongly reinforces that ensemble boosting 
approaches provide superior predictive capability 
for modelling flow behaviour in RFA-containing 
mortars, outperforming both linear and single-tree 
formulations across all accuracy tolerance levels. 
 

 
 

Fig 7. REC of testing for all ML models 
 

 
 

Fig 8. REC of testing for all ML models 
 
5.4 Taylor Diagram 
 
      The Taylor diagram (Figure 9) provided an 
integrated visual assessment of each model’s 
predictive capability by simultaneously representing 
correlation, the reproduction of standard deviation, 
and the centred RMSE. A Taylor diagram visualizes 
how well a model matches observations using three 
metrics in one polar plot. The radial distance from 
the origin shows the model's standard deviation; 
the angle (theta) encodes the correlation with 
observations; and the distance to the observation 
point reflects RMSE. Closer to observations 
indicates agreement. In this plot, Gradient Boosting 
positioned itself closest to the reference point, 
indicating that it not only achieved the strongest 
linear association with the measured flow values 
but also reproduced the observed variability with 
high fidelity. Its proximity to the reference marker 
reflects a well-balanced performance: high 
correlation, near-matching standard deviation, and 
minimal error dispersion. Random Forest and 
AdaBoost formed a secondary cluster located 
slightly farther from the reference. Their placement 
signifies that, while these ensemble models 
maintained reasonably strong correlations and 
acceptable variance reproduction, they exhibited 
moderately higher centred RMSE values relative to 
Gradient Boosting. This suggests small but 
noticeable discrepancies in predicting both mid-
range and boundary flow values.  
 

 
Fig 9. Taylor diagram of testing for all ML model 
performance. 
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   6. DISCUSSIONS 
 
       This section summarises the main conclusions 
and highlights the implications for future research 
and practical applications in sustainable mortar 
design. This study highlights the significant 
advantages of using machine learning (ML) 
techniques such as gradient boosting, to predict the 
flow of mortar using recycled paper (RFA) material. 
The presented data analysis provides a clear 
understanding of the complexities associated with 
mortar flow modeling, highlighting the limitations 
of traditional linear approaches. Histograms and 
KDE distributions of flow values reveal a moderately 
wide distribution, demonstrating the diverse 
performance characteristics of the mix. This 
variation stems from the flow sensitivity to small 
changes in water content and material ratios. This 
fluctuation is consistent with previous research 
indicating that even small adjustments in 
component ratios can cause significant changes in 
flow characteristics. Furthermore, correlation maps 
provide crucial insights, confirming a strong positive 
correlation between water content and flow, while 
RFA exhibits a clear negative correlation, 
highlighting its high absorption capacity and angular 
particle shape, both of which increase frictional 
resistance. Natural sand material shows only a 
weak correlation with flow, suggesting its effects 
are more pronounced through interactions with 
RFA and water rather than through direct linear 
influences. Exploring the model performance 
through training prediction diagrams provides a 
clear picture of the predictive capabilities of various 
algorithms. Grouped models, including Gradient 
Boosting, Random Forest, and AdaBoost, exhibit 
compact prediction results around the 45° 
reference line. This close clustering indicates their 
ability to capture the complexity inherent in the 
data. Specifically, Gradient Boosting's ability to 
achieve near-perfect clustering demonstrates its 
capability to model complex error patterns and 
nonlinear relationships. In contrast, linear 
regression, which exhibits a wider distribution, 
highlights shortcomings in handling nonlinear 
behavior. Decision Tree models, while simple, show 
significant variance, pointing to breaches and 
highlighting the inefficiency of modeling from 
limited datasets. Testing confirms these findings. 
The Gradient Boosting model shows excellent 
generalization by maintaining consistency with 
tested flow values. Its close operation around the 
45° line indicates its success in preserving learned 
relationships, a crucial property for practical 
applications with previously unknown data.  
 

7. CONCLUSIONS 
 
       This study evaluated five machine-learning 
algorithms Decision Tree, Random Forest, Gradient 
Boosting, Linear Regression, and AdaBoost for 
predicting the flow of mortar mixtures 
incorporating recycled fine aggregates. The 
comparative analysis integrated multiple 
performance perspectives, including parity plots, 
residual and error distribution trends, Regression 
Error Characteristic (REC) curves, and Taylor 
diagram statistics. Based on the combined evidence, 
the following conclusions can be drawn: 
 

• Gradient Boosting demonstrated the highest 
predictive accuracy, producing flow estimates 
that closely followed experimental 
measurements across the full range.  

• Random Forest and AdaBoost models showed 
moderate but reliable performance, capturing 
the main trends. 

• Linear Regression exhibited limited capability, 
with noticeable under- and over-prediction 
patterns, confirming the inadequacy of linear 
formulations for characterising the non-linear 
behaviour of mixtures containing recycled 
aggregates. 

• The Taylor diagram and REC analysis 
collectively confirmed that ensemble boosting 
methods provide the most balanced 
combination of accuracy. 

 
8. LIMITATIONS AND FUTURE RESEARCH 
DIRECTIONS 
 
The study’s validation is primarily laboratory-based, 
raising questions about field performance and long-
term rheological behavior under real-world curing 
and environmental conditions. Variability in 
recycled materials, mortar formulations, and testing 
protocols could affect model transferability. While 
the multi-criteria assessment is informative, 
interpretability of complex ensembles remains 
challenging. Future work should expand datasets 
with diverse RFAs, perform external validation 
across laboratories, and investigate model 
simplifications or hybrid approaches to enhance 
transparency and practical adoption. 
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