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Abstract

Recycled coarse aggregates (RCA) offer an alternative to natural coarse aggregates in con-
crete production, reducing natural aggregate extraction and landfill burdens and potentially
lowering embodied energy and CO, emissions. This study leverages machine learning
algorithms to predict the dynamic yield stress (DYS) and plastic viscosity (PV) of RCA
concrete (RCAC). A database of 380 RCAC mixtures, incorporating 11 input features, was
analyzed using six machine learning models: Artificial Neural Network (ANN), Decision
Tree (DT), Random Forest (RF), Extreme Gradient Boosting (XGBoost), Light Gradient
Boosting Machine (LightGBM), and Support Vector Machine (SVM). The model perfor-
mance was compared, followed by sensitivity analyses to identify critical factors influencing
DYS and PV. For DYS, the DT model demonstrated the highest predictive performance
(testing R?/RMSE/MAE = 0.95/18.25/13.99; others: 0.90-0.93/12.14-26.10/15.40-19.50)
due to its robustness on smaller datasets. @ The XGBoost model led for PV
(testing R /RMSE/MAE = 0.93/7.06/4.58; others: 0.82-0.89/8.69-11.20/6.06-7.51) owing
to its sequential residual minimization that captures nonlinear interactions. Sensitivity
analyses revealed that polycarboxylate superplasticizer content and water-to-binder ra-
tio significantly influence DYS, while cement content and saturated-surface-dried water
absorption of RCA (i.e., measured with open pores filled and the aggregate surface dry)
dominate PV. The time-dependent role in affecting PV was also highlighted. By optimizing
and comparing different machine learning algorithms, this study advances predictive
methodologies for the rheological properties of RCAC, addressing the underexplored use
of machine learning for RCAC rheology (DYS and PV) and the limitations of traditional
empirical rheology methods, thereby promoting the efficient use of recycled materials in
sustainable concrete design.

Keywords: recycled aggregate concrete; dynamic yield stress; plastic viscosity; machine
learning; prediction; sensitivity analysis

1. Introduction

Rapid urbanization and infrastructure development generate vast amounts of con-
struction and demolition waste, with concrete accounting for nearly 50% of this waste
stream. Waste concrete can be processed into recycled aggregates, which are further used
to produce recycled aggregate concrete. The engineering potential of recycled aggregate
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concrete has been disclosed [1,2]. Substituting natural aggregates with recycled aggre-
gates conserves natural resources and reduces the environmental burden associated with
landfill waste. However, recycled aggregate exhibits different properties from natural
aggregate, such as higher porosity and greater water absorption capacity, which may affect
the rheological properties of recycled aggregate concrete.

It is essential to clarify concrete rheology since the latter influences the mixing, pump-
ing, placement, and even 3D printing of concrete, all of which affect the quality and
durability of the final product. In concrete rheology, three primary rheological parameters
are of interest, including static yield stress, dynamic yield stress (DYS), and plastic viscosity
(PV), which refer to the stress required to initiate flow, the stress needed to maintain flow
under dynamic conditions, and the resistance to flow once the material begins to move, re-
spectively. These parameters are influenced by the internal elements of concrete, including
the properties of the aggregates used. As reported, both recycled coarse and fine aggregates
(RCA and RFA) can significantly alter the rheological properties of recycled aggregate
concrete [3,4]. However, due to limited literature on the rheology of RFA concrete, this
study focuses primarily on RCA concrete (RCAC).

Water-related factors, such as the water absorption of RCA and the effective water-to-
binder (w/b) ratio in RCAC, play a central role in governing the rheology of fresh concrete.
Hou et al. [5] reported that the DYS increase in RCAC is more pronounced when RCA is
in an oven-dry condition due to its higher water absorption. This phenomenon occurs
because the effective w/b ratio is reduced to compensate for the water absorption of RCA,
making the RCAC more difficult to flow. Moreover, the rheological properties of RCAC
are also affected by supplementary cementitious materials and chemical admixtures. For
instance, Singh and Singh [6] found that the addition of fly ash (FA) in RCAC as a viscosity
modifier can reduce yield stress and enhance workability. Gonzalez-Taboada et al. [7] also
indicated that while the addition of superplasticizers (SPs) mitigates the adverse effects of
RCA on rheology, their efficiency decreases when SPs mix with high RCA content.

The above studies underscore the importance and complexity of material design
in adjusting the rheological properties of RCAC. As a result, a technical challenge is
accurately predicting the rheological properties of RCAC. Accurate predictions allow for
optimizing complex material designs, ensuring desired rheological properties. In practical
applications, the required rheological parameters can be determined using the workability
box in conjunction with specific application scenarios [8,9]. Traditional prediction of these
parameters relies heavily on empirical relationships based on extensive laboratory testing.
Despite prior work on workability control, there is currently no generalizable a priori tool
to predict RCAC rheology from design variables without laboratory testing. This gap
motivates a machine learning-based approach tailored to RCAC rheology.

Machine learning models can learn from historical data to identify patterns and rela-
tionships between input features and output properties [10,11]. Once trained, these models
can predict output properties under different combinations of input features, bypassing
the need for extensive experimental trials. At present, machine learning models have
accurately predicted the various characteristics of RCAC, such as compressive strength [12],
frost resistance [13], carbonation resistance [14], chloride resistance [15,16], sulfate resis-
tance [17], and carbon emissions [18]. However, using machine learning models to predict
the rheological properties of RCAC remains an underexplored area. Hence, this study aims
to develop and compare machine learning models that predict RCAC rheology (DYS and
PV) for the first time.

In this study, machine learning algorithms are applied to predict the rheological
properties of RCAC. A comprehensive database is developed through systematic data
collection, processing, and partitioning, encompassing essential rheological parameters of
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RCAC. Six machine learning models, including Artificial Neural Network (ANN), Support
Vector Machine (SVM), Extreme Gradient Boosting (XGBoost), Light Gradient Boosting
Machine (LightGBM), Random Forest (RF), and Decision Tree (DT), are constructed, with
hyperparameter tuning for optimization. The significance of the proposed approach lies in
delivering high-accuracy predictions without additional rheological testing, thereby en-
abling rapid Al-assisted optimization of rheology-oriented RCAC mix designs and reducing
reliance on extensive empirical trials. Comprehensive model evaluations and comparisons
are then conducted to assess prediction accuracy for the rheological properties of RCAC.
Moreover, sensitivity analyses are employed to identify the crucial factors affecting these
properties. Overall, the main contributions of this study are to demonstrate the feasibility of
applying machine learning models to predict the rheology of RCAC and identify the most
accurate model for predicting DYS and PV among six commonly used algorithms, thereby
establishing a baseline for future data-driven rheology-oriented RCAC mix designs.

2. Database and Models
2.1. Data Collection, Processing, and Partition

To establish a reliable machine learning database for predicting the rheological prop-
erties of RCAC, data were collected from All Databases of the Web of Science using the
advanced search term: “TS = (recycled aggregate OR waste aggregate OR recycled concrete
OR waste concrete) AND TS = (rheology OR rheological OR yield stress OR viscosity)”.
This data collection process followed specific criteria to ensure consistency and accuracy.

Previous literature was required to report DYS (Pa) and/or PV (Pa-s). Due to the lim-
ited sample size, the prediction of static yield stress has not been conducted. According to
Deng et al. [18], the compressive strength and carbon emissions of RCAC were successfully
predicted using 12 input features, including cement strength grade (1), mixing proportions
(8), and RCA characteristics (3). Thus, the previous literature was required to provide or
enable inference of RCAC mixing proportions, cement strength grade (defined as OPC’s
grade), and RCA characteristics. Only FA, limestone (LF), and polycarboxylate-based SP
were considered in various mineral and chemical admixtures. Only saturated surface-dry
water absorption (Wgq), the water absorption of RA when open pores are filled with water
and the aggregate surface is dry [19], was considered in various RCA characteristics due to
its standardized test method [19], reliability [19], and strong correlation with other char-
acteristics [20], such as apparent density and crushing value. Furthermore, RCA should
be untreated chemically or biologically, with impurities limited to less than 5 wt.%. Since
temporal effects have emerged as a central theme across disciplines [21,22], the previous
literature was also required to report the measurement time for rheological tests, defined as
the contact time between the binder and water.

As a result, 380 sets of RCAC mixtures were collected from 13 studies [5,23-34], where
11 input features include the RCA’s Wggq (%), OPC’s grade (MPa), water content (kg/ m?),
cement content (kg/m?), FA content (kg/m?3), LF content (kg/m3), natural fine aggregate
(NFA) content (kg/ m?), natural coarse aggregate (NCA) content (kg/ m3), RCA content
(kg/ m?), SP content (kg/m?), and measurement time (min). For clarity, the w /b or water-
to-cement (w/c) ratios were replaced by water content. The mass of RCA was converted
to that of total-dried RCA. If RCA was pre-absorbed, the absorbed water was subtracted
from RCA content and added to water content. Moreover, DYS and PV were derived from
flow curve tests. Since some studies did not specify the rheological testing environment,
while others explicitly conducted tests at room temperature, the testing environment of
these 13 studies was defined as room temperature. Furthermore, since FA reacts minimally
over the whole rheological testing period (within 100 min in this study), all fly ashes were
generalized, so that they only behaved as fine spherical particles in the rheological process.
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Additionally, due to the diverse parameters of polycarboxylate-based SPs, SPs are often not
subdivided in machine learning studies on concrete performance prediction [18].

Data processing is necessary for the high-quality evolution of machine learning
databases. Missing values were filled by using mean or median values for each feature to
avoid introducing bias. Subsequently, outliers were detected using box plots and Z-score
analysis and excluded. Additionally, all numerical variables were normalized to a standard
scale to ensure model compatibility and reduce biases from differing measurement units.
The refined dataset was further partitioned into training and testing sets. Specifically,
70% of the data was used to train the relationship between input variables and output
parameters, and the remaining 30% was reserved as the testing set, which was not used in
the training process but utilized for assessing the model’s performance and accuracy.

2.2. Model Development

Given the complexity and interactions of the data, six advanced machine learning
models were selected, including Artificial Neural Network (ANN), Support Vector Ma-
chine (SVM), Extreme Gradient Boosting (XGBoost), Light Gradient Boosting Machine
(LightGBM), Random Forest (RF), and Decision Tree (DT). Each algorithm exhibits distinct
strengths in modeling nonlinearity, high-order interactions, heterogeneity, and interpretabil-
ity. DYS and PV are modeled with separate single-output regressors to optimize each target
while maintaining consistency across datasets. There is a clear need for machine learning
models because empirical lab-calibrated equations do not generalize across datasets and
mix designs. The selected machine learning models address the above problems by learn-
ing nonlinear relationships, high-order interactions, and path-dependent effects in RCAC
rheology, and by providing an a priori test-free approach that reduces reliance on extensive
rheometry and enables rapid screening and optimization.

2.2.1. Artificial Neural Network (ANN)

ANN is a powerful tool for capturing complex non-linear relationships between input
features and output variables. Its multi-layer architecture allows for hierarchical learning,
making ANN well-suited for regression tasks that involve high-dimensional data, such as
predicting DYS and PV in RCAC. Additionally, ANN can adapt to varying concrete mix
designs, enhancing prediction accuracy.

2.2.2. Random Forest (RF)

RF is an ensemble method that builds multiple decision trees on random data subsets
and averages their predictions. By reducing overfitting, it enhances model robustness
and accuracy. For predicting the rheological properties of RCAC, RF effectively captures
complex interactions between input features. However, hyperparameters like tree number
and depth should be carefully tuned to avoid overfitting and ensure generalization.

2.2.3. Extreme Gradient Boosting (XGBoost)

XGBoost is a gradient-boosting algorithm that iteratively corrects errors made by pre-
vious trees. It excels at handling non-linear relationships and complex interactions, making
it well-suited for predicting concrete properties. XGBoost performance depends heavily on
hyperparameter tuning, particularly learning rate, number of trees, and maximum depth,
to optimize accuracy and prevent overfitting.

2.2.4. Light Gradient Boosting Machine (LightGBM)

LightGBM is a gradient-boosting model optimized for speed and memory efficiency.
It uses a histogram-based approach to build decision trees and handles categorical fea-
tures natively. LightGBM is effective for predicting concrete rheology. However, like
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XGBoost, it requires careful tuning of parameters such as tree depth and learning rate to
avoid overfitting.

2.2.5. Support Vector Machine (SVM)

SVM is a regression method that finds the optimal hyperplane to minimize prediction
error, using kernel functions for non-linear relationships. In predicting RCAC’s DYS and
PV, SVM constructs complex interactions between features, but requires careful tuning of
kernel and regularization parameters to achieve optimal performance.

2.2.6. Decision Tree (DT)

DT segments data into regions based on feature values, providing an interpretable
model for regression tasks. For concrete mix prediction, DT can capture relationships
between mix parameters and rheological properties. However, it is prone to over-
fitting, necessitating constraints on tree depth and node splitting criteria to improve
model generalization.

2.2.7. Hyperparameter Tuning for Machine Learning Models

Hyperparameters are critical in determining the performance of machine learning
models, directly influencing prediction accuracy and computational efficiency [35]. Proper
selection of hyperparameters is essential for balancing model complexity and generalization,
which ultimately enhances predictive reliability [36]. In this study, a combination of
hyperparameter optimization techniques was employed to address the unique requirements
of six different machine learning models, specifically leveraging grid search, random search,
and Bayesian optimization.

Each model was paired with the most suitable tuning approach based on its specific
characteristics and computational demands. Grid search exhaustively evaluates all speci-
fied hyperparameter combinations, ensuring optimal configuration at a high computational
cost. Random search provides a more efficient alternative by randomly sampling con-
figurations, often achieving strong performance with reduced computational demands.
Bayesian optimization refines the search iteratively by using prior evaluation results,
enabling a focused and efficient exploration that can enhance model performance with
fewer evaluations.

To prevent overfitting during tuning, regularization techniques and cross-validation
were incorporated. Regularization helped control model complexity, while cross-validation
assessed stability across different data subsets, ensuring robust generalization. Model per-
formance was evaluated using the negative mean squared error metric, with configurations
that minimized negative mean squared error metric retained as optimal. The final tuned
hyperparameters for each model are detailed in Table 1.

Table 1. Optimized hyperparameters for machine learning models.

Model Hyperparameter DYS PV
Learning rate 0.001 0.001
ANN Activation ‘relu’ ‘relu’
Hidden_layer_sizes [32, 16] [32, 16]
n_estimators 149 247
RE Max_depth 45 12
Min_samples_split 4 6

Min_samples_leaf 1 1
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Table 1. Cont.

Model Hyperparameter DYS PV
Learning rate 0.14 0.02
Max_depth 3 32
XGBoost Gamma 4 5
n_estimators 84 266
subsample 0.99 0.5
Learning rate 0.19 0.16
. max_depth 40 11
LightGEM n_estimators 257 335
subsample 1 0.93
degree 3 4
epsilon 0.1 0.001
SVM gamma ‘scale’ ‘scale’
C 1000 100
Kernel ‘rbt’ ‘poly’
max_depth 9 10
DT min_samples_split 2 3
min_samples_leaf 1 3

3. Results and Discussion

3.1. Data Analysis

3.1.1. Statistical Analysis

After data processing, the refined machine learning database comprises 171 and
325 valid samples for DYS and PV, respectively. The summaries of the inputs and outputs
of these valid mixtures are presented in Tables 2 and 3. Figure 1 depicts the parameter
distribution from the database. RCAC samples account for 86.0% (147 samples) for DYS
and 82.5% (268 samples) for PV, while the remaining samples represent natural aggregate

concrete as the control group.

Table 2. Summary statistics of input and output parameters for predicting DYS.

Parameter Sample Size Mean Min. Median Max. P10 P90

RCA’s Wyq 147 5.91 3.37 6.30 7.97 3.37 7.00

OPC’s grade 171 51.3 42.5 52.5 52.5 42.5 52.5

Water 171 203.3 156.0 200.7 2929 168.0 240.0

Cement 171 374.6 313.0 360.0 455.0 320.0 440.0

NFA 171 796.9 608.0 852.0 944.0 608.0 944.0
Inputs NCA 138 664.1 163.0 649.0 1064.0 327.0 1021.0
RCA 147 439.3 121.9 355.0 1047.0 140.4 868.8

SP 162 5.45 0.40 5.50 9.86 1.34 9.86

FA 23 170.9 110.0 180.0 180.0 110.0 180.0

LF 60 107.7 40.0 40.0 180.0 40.0 180.0

Time 171 26 3 16 100 10 60

Outputs DYS 171 100.31 0 108.48 301.20 4.09 214.00

Note: P10 and P90 denote the 10th and 90th percentiles.
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Table 3. Summary statistics of input and output parameters for predicting PV.

Parameter Sample Size Mean Min. Median Max. P10 P90
RCA’s Weq 268 6.36 3.37 6.96 7.97 5.05 6.96
OPC’s grade 325 51.8 42.5 52.5 52.5 52.5 52.5
Water 325 204.3 156.0 204.2 292.9 178.5 232.1
Cement 325 383.8 313.0 400.0 455.0 320.0 440.0
NFA 325 827.6 608.0 866.0 944.0 700.0 880.0
Inputs NCA 266 626.3 163.0 6144 1064.0 384.0 887.0
RCA 268 398.1 121.9 351.0 1047.0 138.3 795.3
SP 316 4.58 0.40 3.48 9.86 1.60 9.86
FA 23 170.9 110.0 180.0 180.0 110.0 180.0
LF 199 158.2 40.0 180.0 180.0 40.0 180.0
Time 325 36 3 20 100 10 90

Outputs PV 325 40.59 5.23 36.10 140.00 11.58 72.60
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Figure 1. Boxplot distribution of input and output parameters for predicting DYS (a) and PV (b).

As shown, the RCA’s W4 has a P10-P90 range of 3.37-7.00% (median: 6.30%) for
DYS and 5.05-6.96% (median: 6.96%) for PV. High W4 values of RCA would increase the
water demand in RCAC, thus exerting a significant influence on its rheological properties.

For DYS, the water content has a P10-P90 range of 168.0-240.0 kg/ m3 (median:
200.7 kg/ m3), while cement content has a P10-P90 range of 320.0-440.0 kg/ m3 (median:
360.0 kg/m3). These medians result in the w/c ratio of 0.56. For PV, the water content has
a P10-P90 range of 178.5-232.1 kg/m? (median: 204.2 kg/m?), while cement content has a
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P10-P90 range of 320.0-440.0 kg/m3 (median: 400.0 kg/m?). These medians lead to the
w/c ratio of 0.51. Moreover, over 94% of samples utilize SPs. The SP content has a P10-P90
range of 1.34-9.86 kg/ m? (median: 5.50 kg/ m3) for DYS, and 1.60-9.86 kg/ m3 (median:
3.48 kg/m?) for PV. Obviously, high w/c ratios (> 0.50) and high SP content emphasize the
negative effects of RCA on the rheological performance of RCAC. Such effects may stem
from the absorption characteristics, irregular shape, or adhered old mortar of RCA.

NCA and RCA exhibit distinctive content distributions. For DYS, the NCA content
has a P10-P90 range of 327.0-1021.0 kg/m? (median: 649.0 kg/m?), and RCA content has
a P10-P90 range of 140.4-868.8 kg/m? (median: 355.0 kg/m3). For PV, the NCA content
has a P10-P90 range of 384.0-887.0 kg/m? (median: 614.4 kg/m?), and RCA content has a
P10-P90 range of 138.3-795.3 kg/m? (median: 351.0 kg/m?). The lower RCA content than
NCA indicates its partial replacement strategy. Due to the adverse effects of RCA on the
strength of RCAC, the partial replacement of NCA with RCA can balance environmental
benefits with mechanical properties.

In this database, OPC’s grades only involve 42.5 and 52.5. It may be attributed to
structural concrete requirements, ensuring sufficient strength of RCAC. Additionally, FA
is sparingly used, despite its benefits in enhancing workability. LF is the opposite. For
DYS, the LF content has a P10-P90 range of 40.0-180.0 kg/m?> (median: 40.0 kg/m?). These
median values bring about the ratio of LF to (LF + cement) is 10 wt.%, consistent with
typical filler usage. It indicates common practices of using LF as a partial cement substitute
to reduce carbon emissions.

Additionally, the measurement time has a P10-P90 range of 10-60 min (median:
16 min) for DYS and 10-90 min (median: 20 min) for PV. The DYS value presents a P10-P90
range of 4.09-214.0 Pa (median: 108.48 Pa), while the PV value depicts a P10-P90 range
of 11.58-72.60 Pa-s (median: 36.10 Pa-s). The wide variability underscores the complexity
of their relationships with input parameters, which cannot be fully captured through
qualitative analysis alone.

3.1.2. Pearson and Spearman Analyses

Pearson and Spearman coefficient analyses were conducted for DYS and PV to further
explore the relationships between input parameters and rheological properties. These
analyses quantify the linear (Pearson) and rank-based (Spearman) correlations, providing
deeper insights into the factors influencing RCAC performance. It is worth explaining that
Pearson coefficient between two parameters (x; and y;) is determined based on their covari-
ance and standard deviation (ox and oy), as shown in Equation (1). In contrast, Spearman’s
coefficient is computed on the ranks of the variables (i.e., a monotonic association), as given
in Equation (2).

o _cov(XY)  E(x—X)(y;—Y) (1)
Y R Y/ 3 A ok
. 6Zin:1 (RXi - RYi)z
PSpearman = 1- 1’1(1’12 _ 1) @

The results from Pearson and Spearman coefficient analyses are shown in Figure 2.
A correlation coefficient r ranges from —1 to 1, values closer to £1 indicate stronger
associations, and negative values denote inverse relationships. Pearson coefficients measure
linear relationships, while Spearman coefficients capture monotonic trends, accounting for
non-linearities.
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Figure 2. Matrices of Pearson coefficients for DYS (a) and PV (b), and Spearman coefficients for DYS
(c) and PV (d).
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For DYS, the correlations with RCA’s W4 are very weak (Pearson: —0.03, Spearman:
—0.16), suggesting that the high water absorption of RCA has a limited impact on the stress
needed to maintain flow. However, RCA’s W4 shows moderate positive correlations with
PV (Pearson: 0.42, Spearman: 0.39), indicating its significant role in increasing resistance to
flow, likely due to increased paste viscosity resulting from higher effective water demand.

For DYS, cement and water contents show weak negative correlations (cement: Pear-
son: —0.25, Spearman: —0.20; water: Pearson: —0.27, Spearman: —0.30). It can be attributed
to the fact that increased water content dilutes the cement paste, reducing cohesiveness,
while higher cement content reduces interparticle friction due to lubrication effects derived
from the paste. For PV, the trends reverse. Cement content demonstrates moderate positive
correlations (Pearson: 0.42, Spearman: 0.48), highlighting its contribution to increased vis-
cosity, while water content shows weak negative correlations (Pearson: —0.16, Spearman:
—0.14), reflecting improved flowability with additional water.

Aggregate composition further differentiates the effects on DYS and PV. NFA content
exhibits moderate negative correlations with DYS (Pearson: —0.33, Spearman: —0.48),
indicating their role in reducing internal friction through better particle packing. Instead,
NCA content shows moderate positive correlations with DYS (Pearson: 0.36, Spearman:
0.33), reflecting increased interparticle friction and structural interlock. Moreover, RCA
content demonstrates weak correlations with DYS (Pearson: 0.07, Spearman: 0.17) and PV
(Pearson: 0.21, Spearman: 0.19), highlighting its limited influence. It should be noted that
indirect effects of RCA through water absorption and morphology may be evident.

The SP use emerges as a critical factor in controlling both DYS and PV. For DYS, SP
content shows strong negative correlations (Pearson: —0.59, Spearman: —0.58), reflecting
its effectiveness in reducing internal friction and improving flowability. For PV, SP content
exhibits weak positive correlations (Pearson: 0.17, Spearman: 0.23), indicating its limited
but notable role in balancing flow resistance through paste fluidization. FA and LF also
contribute significantly. FA shows moderate negative correlations with DYS (Pearson:
—0.44, Spearman: —0.46) and PV (Pearson: —0.29, Spearman: —0.34), underscoring its role
in improving workability. LF exhibits moderate negative correlations with DYS (Pearson:
—0.47, Spearman: —0.33) but moderate positive correlations with PV (Pearson: 0.33, Spear-
man: 0.35), suggesting its dual role as a fine filler enhancing paste viscosity while reducing
yield stress.

Measurement time, which accounts for the potential time-dependent effects such as
thixotropy, shows weak correlations with DYS (Pearson: —0.20, Spearman: —0.16) and PV
(Pearson: 0.21, Spearman: 0.22). These weak correlations suggest that rheological properties
may remain stable during the measurement process, with limited structural rebuilding
or breakdown.

In summary, the correlation analysis highlights the multifaceted influences of input
parameters on RCAC’s rheological properties. DYS is dominantly controlled by SP content,
while PV is more sensitive to RCA’s W4 and cement content. It should be noted that these
correlations are limited in capturing complex, non-linear interactions and lack predictive
capabilities. Hence, machine learning models are necessary to address these gaps.

3.2. Dynamic Yield Stress: Model Evaluation and Accuracy Assessment

The performance and predictive accuracy of machine learning models in estimating
DYS for RCAC are evaluated. To quantitatively present these characteristics of the devel-
oped models, common evaluation metrics are used, i.e., the coefficient of determination
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(R?), Root Mean Squared Error (RMSE), and Mean Absolute Error (MAE), as defined in
Equations (3)-(5):

n _ 3 2
R2=1— % 3)
1:1(}’1 -y)
n _o.)\2
RMSE = Zi::[ (yrl1 YI) (4)
1 «—n .
MAE = Hﬂzl\yi — il 5)

where y;, §;, ¥, and n denote the measured value, the predicted value, the sample mean of
the target, and the number of data points, respectively.

These metrics are computed based on the discrepancies between the measured values
and their corresponding predicted values. Collectively, these metrics evaluate the accuracy,
error magnitude, and overall reliability of each model in estimating the rheological prop-
erties of RCAC, with R? value closer to 1 and lower RMSE and MAE values indicating a
more precise predictive model.

After determining the optimal hyperparameters for each machine learning algorithm,
the predictive performance of the models for DYS was assessed using training and testing
datasets. The evaluation metrics of six machine learning models toward different datasets,
including R2, RMSE, and MAE, are detailed in Table 4. Figure 3 visualizes the above results.
As shown, the X-axis represents the experimentally measured values of DYS, while the
Y-axis denotes the values predicted by the models. The diagonal line in the figure represents
the ideal scenario where the predicted values perfectly match the experimental results.

Table 4. Evaluation metrics of models for predicting DYS.

Model Dataset R? RMSE MAE
Training 0.9702 14.50 9.26

ANN Testing 0.9285 21.97 15.40
RE Training 0.9792 7.97 7.87
Testing 0.9142 12.14 16.78

Training 0.9892 8.73 5.57

XGBoost Testing 0.9067 25.09 16.62
. Training 0.9845 10.47 7.01
LightGEM Testing 0.8990 26.10 19.50
SUM Training 0.9740 1355 6.44
Testing 0.9173 23.62 15.58

DT Training 0.9914 7.80 3.03
Testing 0.9506 18.25 13.99

Among these, the DT model exhibited the best performance in predicting DYS, achiev-
ing the highest testing R? of 0.9506 and the lowest RMSE (18.25) and MAE (13.99). The
ANN model ranked second (testing R? = 0.9285), followed by SVM (testing R? =0.9173),
RF (testing R? = 0.9142), XGBoost (testing R? = 0.9067), and LightGBM (testing R? = 0.8990).
Training—testing gaps were smallest for DT and larger for boosting models, indicating
varying susceptibility to overfitting under limited sample size (n = 171).

DYS is the stress required for a mixture to start and continue flowing, and it is governed
by a small set of levers that change inter-particle friction, mainly SP content and water
content (see Section 3.4.1). These levers often act in a threshold-like manner: once SP
or water crosses a mixture-specific cut-point, the system flips from a non-workable state
to a workable state. DT fits this pattern because it learns a few high-gain splits exactly
at such cut-points, which explains its strong test performance with limited data. ANN
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ranks second, representing nonlinear couplings such as SP and water without hand-crafted
thresholds. However, with only 171 DYS cases, ANN faces a bias—variance trade-off. Strong
regularization can underfit near regime boundaries, while looser regularization can overfit
tail cases. Hence, its errors remain slightly above DT. Boosting methods, including XGBoost
and LightGBM, sequentially chase small residuals. In sparse regions such as the upper DYS
tail (>214 Pa, 90th percentile), this tendency can lead to overfitting and higher test errors.
RF reduces variance. However, random feature subsetting can cause individual trees to
miss decisive SP or water splits, which limits accuracy. SVM imposes smooth decision
surfaces. It is competitive overall but less able to capture sharp regime shifts triggered by
dosage changes, consistent with moderately larger RMSE and MAE than DT. In practice,
when DYS is the target, models that capture a few critical thresholds generalize best, since
aggregative learners become preferable only if sample coverage near regime boundaries is
substantially increased.
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Figure 3. Predicted dynamic yield stress results of machine learning models.
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In summary, for DYS, the empirical ranking (DT > ANN > SVM > RF > XGBoost >
LightGBM) is consistent with control by a limited set of critical variables, favoring inter-
pretable, rule-based learners over heavily aggregative ensembles when data are modest.

3.3. Plastic Viscosity: Model Evaluation and Accuracy Assessment

After determining the optimal hyperparameters for each machine learning algorithm,
the performance and predictive accuracy of machine learning models in estimating PV for
RCAC are also evaluated using training and testing datasets. The evaluation metrics of
six machine learning models toward different datasets, including R2, RMSE, and MAE,
are detailed in Table 5. Figure 4 visualizes the above results. The X-axis represents the
experimentally measured values of PV, while the Y-axis denotes the values predicted by
the models. Similarly, the diagonal line in the figure represents the ideal scenario where the
predicted values perfectly match the experimental results.

Table 5. Evaluation metrics of models for predicting PV.

Model Dataset R? RMSE MAE
Training 0.8750 8.59 5.76

ANN Testing 0.8230 11.20 7.51
. Training 0.9417 5.87 3.81
Testing 0.8665 9.73 6.48

Training 0.9840 3.08 1.97

XGBoost Testing 0.9298 7.06 458
. Training 0.9709 415 2.79
LightGEM Testing 0.8935 8.69 6.06
Training 0.9348 6.21 3.27

SVM Testing 0.8487 10.36 6.60
o1 Training 0.9503 5.42 3.04
Testing 0.8577 10.05 7.03

XGBoost demonstrated the highest accuracy in predicting PV, achieving a testing R? of
0.9298, RMSE of 7.06, and MAE of 4.58. LightGBM, while also leveraging gradient-boosting
principles, achieved slightly lower accuracy (testing R? = 0.8935, RMSE = 8.69, MAE = 6.06).
RF (testing R? = 0.8665) and DT (testing R? = 0.8577) showed moderate accuracy, while
SVM (testing R? = 0.8487) and ANN (testing R? = 0.8230) trailed.

PV reflects resistance under continuous shear and is governed by paste-controlled
viscosity that accumulates from several medium-strength factors (see Section 3.4.2). Higher
cement content increases solids volume and cohesion. Larger W.q reduces effective free
water and raises viscosity. Longer measurement time captures thixotropic rebuilding.
Because influence is distributed across many inputs rather than dominated by a single
threshold, boosted ensembles, such as XGBoost and LightGBM, are advantaged. By se-
quentially correcting residuals, they integrate cement, W4, water, time, and second-order
interactions into accurate predictions, which aligns with their leading test performance. DT
is less suitable because PV rarely hinges on a small number of high-gain splits. A single
tree may fit local regions, but loses accuracy when effects are additive and diffuse. RF
mitigates variance and is more robust than a single DT, while random feature subsetting
can dilute attention to the most informative variables, which generates accuracy below
boosting. SVM provides smooth function approximation and performs moderately well.
However, it may fail to capture interaction terms without explicit features. ANN trails
primarily because key morphology and grading descriptors (e.g., shape index) are absent.
The network cannot fully exploit higher-order interactions and may regularize away weak
signals. In practice, PV modeling benefits from aggregative learners and from features that
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approximate effective water and time dependence, and adding particle-level descriptors
should further narrow the gap for ANN and SVM.
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Figure 4. Predicted plastic viscosity results of machine learning models.
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Overall, for PV, the empirical ranking (XGBoost > LightGBM > RF > DT > SVM >
ANN) aligns with viscosity of the cumulative effect of multiple moderate factors, favoring

aggregative learners.

3.4. Sensitivity/Significance/Importance Analysis

To understand the impact of individual features on the predictive models of RCAC,
feature importance analysis was conducted using the XGBoost and DT models. These

models were selected because they demonstrated the best predictive performance for

DYS and PV, as indicated in Sections 3.2 and 3.3, respectively. XGBoost uses a tree-based

approach to evaluate the gain (or reduction in error) for each feature across multiple

boosting rounds, aggregating these gains to quantify overall importance. In contrast, the

DT model calculates feature importance based on how effectively each feature reduces the

prediction error at each node split. These metrics help in understanding which features

most significantly influence the target predictions and provide insight into how the input

variables affect the rheological properties.
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3.4.1. Importance Analysis for DYS

The feature-important results for DYS are presented in Figure 5. As shown, the SP
content emerged as the most influential feature, with an importance score of 0.5974, un-
derscoring its dominant role in controlling DYS. SP significantly reduces internal friction
and cohesion within the concrete matrix, enabling better flow under dynamic conditions.
The schematic diagram of this mechanism can be found in the previous literature [37]. This
effect aligns with the primary definition of DYS as the stress required to maintain flow.
By dispersing cement particles and reducing particle-particle interactions, SP enhances
fluidity and offsets the adverse effects of RCA’s high water absorption. The high impor-
tance score reflects the necessity of SP in mitigating the rheological challenges posed by
recycled aggregates.

RCA's Wssd
Time 0.8 OPC's grade
0.6

0.4

LF content Water content

0.2

FA content Cement content

SP content NFA content

RCA content NCA content

Figure 5. Feature importance for DYS based on the DT model.

The water content ranked as the second most important feature, with an importance
score of 0.22068. Water content directly impacts the paste viscosity and the lubrication
between particles, which are critical for maintaining flow. An optimal w/b ratio ensures
sufficient cohesion while preventing excessive dilution, which could compromise the struc-
tural stability of RCAC. The significant role of water content aligns with the observation
that DYS is highly sensitive to the balance between paste fluidity and aggregate interlock.

The NFA content exhibited a moderate importance score of 0.07986, reflecting its
contribution to the overall workability of RCAC. NFA improves packing density and
reduces interparticle voids, enhancing flowability under dynamic conditions. The moderate
importance score suggests that while NFA positively influences DYS, its effect is secondary
to SP and water content.

The measurement time (importance score: 0.0501) also plays a notable role, indicating
the time-dependent nature of the stress required to maintain flow. Thixotropic effects, such
as structural rebuilding within the cementitious matrix during rest periods, could influence
the measured DYS. The importance of measurement time highlights the dynamic nature of
RCAC’s rheological behavior, where time-dependent changes in paste structure can affect
flow resistance.

Interestingly, features such as RCA’s W4 (importance score: 0.02077), NCA content
(0.02291), and RCA content (0.00811) had lower importance scores. RCA’s W4, while
influencing water demand, appears to have a more indirect effect on DYS, likely mitigated
by SP usage. Similarly, NCA and RCA content have less impact on flowability compared
to fine aggregates or paste properties. The lower importance of RCA content reflects its
partial replacement strategy, where its contribution to flow resistance is diluted by NFA
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and SP. Additionally, several features, including OPC grade, FA content, and LF content,
exhibited negligible importance scores, almost 0. It may be attributed to the limited sample
size or point distribution of obtained values (rather than interval distribution).

In summary, the DT model reveals that SP content and water content are the primary
factors governing DYS in RCAC, as they directly influence the internal friction and cohesion
of the matrix. This analysis underscores the importance of prioritizing SP dosage and water
management in RCAC mix design to optimize its rheological properties. It is consistent
with the analyses of Pearson and Spearman coefficients.

These results, combined with Section 3.2 results, indicate that DYS is dominated by
a few critical thresholds: once SP and water reach mix-dependent cut-points, yield is
overcome; remaining variables modulate but rarely overturn that regime.

3.4.2. Importance Analysis for PV

The feature-important results for PV are shown in Figure 6. As illustrated, cement
content exhibited the highest importance score (0.24947), indicating its dominant influence
on PV. Cement content directly determines the viscosity of the paste matrix by influencing
the w/b ratio, hydration kinetics, and particle packing efficiency. A higher cement content
typically increases the cohesion and viscosity of the paste, thereby elevating PV. The
schematic diagram of this mechanism can be found in the previous literature [38]. This
aligns with the fundamental definition of PV, since higher paste viscosity results in greater
resistance to flow. The model’s prioritization of cement content underscores its integral
role in governing the rheological properties of RCAC.

RCA's Wssd
Time 0.3 OPC's grade

LF content Water content

FA content Cement content

SP content NFA content

RCA content NCA content

Figure 6. Feature importance for PV based on the XGBoost model.

The RCA’s W44 ranked second (importance score: 0.19124), emphasizing its critical
role in determining effective water availability within the mix. RCA’s high W4 leads to
increased water absorption during mixing, reducing free water for lubrication and thus
raising the viscosity of the cementitious matrix. This effect is particularly pronounced in
RCAC, where RCA is known to exacerbate water demand due to its porosity and adhered
old mortar. The high importance of W4 reflects its indirect yet significant impact on PV
through its influence on the paste’s consistency and lubrication capacity.

Measurement time, with an importance score of 0.13992, ranked third, highlighting the
time-dependent behavior of PV. Prolonged measurement times may capture the thixotropic
nature of cementitious systems, where structural rebuilding occurs during periods of rest.
This phenomenon directly affects PV as the internal structure of the paste may resist flow
more significantly over time. The importance of this parameter suggests that PV prediction
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models should account for time-dependent thixotropic effects, which are particularly
relevant in practical scenarios such as pumping and casting.

Water content (0.08723) and LF content (0.09317) also contributed significantly to PV
prediction. Water content plays a dual role: higher water content reduces PV by increasing
fluidity, while insufficient water exacerbates particle-paste friction, elevating PV. LF, as a
mineral additive, improves particle packing and reduces water demand, thereby enhancing
paste consistency. However, excessive LF may increase PV due to its fineness and high
surface area, which contribute to internal friction.

Interestingly, NFA and NCA contents exhibited relatively low importance scores
(0.06344 and 0.06202, respectively). This suggests that while aggregates contribute to
overall stability and cohesion, their role in determining PV is secondary compared to
paste-related parameters like cement and water content. Similarly, RCA content (0.06747)
ranked lower in importance, highlighting that RCA’s indirect effects, such as increased
Wisd, are more critical than its direct content level. Additionally, OPC grade and FA content
were assigned zero importance, indicating minimal influence on PV within this dataset.
Similarly, it may be attributed to the limited sample size or point distribution of obtained
values (rather than interval distribution).

In summary, cement content and RCA’s W4 emerge as the most influential param-
eters, underscoring their critical roles in determining paste viscosity and particle-paste
interactions. It is consistent with the analyses of Pearson and Spearman coefficients. Im-
portantly, the XGBoost model supplements the significance of measurement time, i.e.,
time-dependent effects. These findings offer mechanistic insights into PV and emphasize
the importance of optimizing paste properties to control the flow resistance in RCAC.

Together with Section 3.3 results, these results confirm that PV accrues from multiple
paste-level processes, which explains why aggregative learners (boosting) best capture its
rheological behavior.

4. Conclusions

Traditional prediction methods for RCAC’s rheology require extensive laboratory
testing and cannot capture the interaction of parameters. Instead, machine learning models
can address the above limitations in theory, but their applications to predict RCAC’s
rheology have been rarely reported. Therefore, machine learning algorithms were applied to
predict the DYS and PV of RCAC in this study. The database comprises 380 RCAC mixtures
from 13 studies, with 11 input features. Six models were constructed and optimized. Model
evaluations assessed prediction accuracy for the rheological properties of RCAC, and
correlation and sensitivity analyses identified key influencing factors. The main findings
and prospects are summarized as follows:

(1) The DT model demonstrated the best predictive performance for DYS, achieving
the highest testing R? of 0.9506. Accordingly, DT is the preferred model for DYS on
small datasets, leveraging the full dataset while capturing hierarchical and nonlinear
interactions with minimal overfitting. The ANN model ranked second with a testing
R? of 0.9285. SVM and ensemble models, including RF, XGBoost, and LightGBM,
exhibited moderate to strong performance, with testing R? values ranging from
0.8990 to 0.9173.

(2) The XGBoost model excelled in predicting RCAC’s PV, achieving the highest testing R?
of 0.9298. Therefore, XGBoost is the recommended choice for PV, reflecting superior
capture of multiple paste-level interactions that govern viscosity. LightGBM also
performed well, with a testing R? of 0.8935. Simpler models, including DT and RF,
achieved moderate predictive accuracy, with testing R? values of 0.8577 and 0.8665,
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respectively. SVM and ANN showed lower predictive capabilities, with testing R
values falling below 0.85.

(38) As identified by the DT model, SP content and water content (i.e., w/b ratios) are
the most influential factors for RCAC’s DYS. Thus, adjusting SP content and w/b
ratio is the most effective lever for controlling DYS. For PV, cement content and RCA’s
W4 emerged as the dominant parameters in the XGBoost model, confirming that
cement content and RCA absorption govern paste lubrication and viscosity. These
conclusions are corroborated by the Pearson and Spearman coefficient analyses. The
observed time-dependent effect on PV confirms the dynamic nature of RCAC rheology
as indicated by feature importance.

(4) Future research should focus on expanding the database, particularly for predicting
DYS, to improve model generalization and reliability. The apparently small effects of
FA, LE and cement strength grade likely reflect data limitations rather than intrinsic
irrelevance. Current samples are limited and unevenly distributed, with missing
intermediate levels. Addressing these limitations by incorporating more samples
with evenly distributed parameter values could better capture their true influence on
RCAC'’s rheological properties.
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