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Abstract: Recycled concrete aggregate (RCA) is recognized as a means of reducing the demand for virgin aggregates. However,
the mortar that often adheres to aggregate particles, the resulting high absorption of RCA, and the heterogeneity of the interfacial
transition zones between aggregate and matrix all have the potential to impact the strength of RCA-concrete. Conventional
concretes are often classified as either normal- or high-strength based upon their compressive strength. An experimental program
that utilized eight different concretes of M30/M80 composition, each with 0, 30, 60, and 100% replacement of natural aggregate
with RCA, allowed for the determination of the mean compressive strength of each concrete between 1 and 28 days of curing. A
leakage-controlled machine learning approach was developed in conjunction with the experimental analysis to model the
relationship between various constituents of the concretes and their resulting strengths. Such variables included the curing age of
the concretes, the fraction of RCA within each concrete, the water-to-binder ratio, the amount of binder, Alccofine (fine cement
particles) within the concretes, and the dosage of superplasticizer. Each of these variables was used to train an artificial neural
network (ANN), a Random Forest, an XGBoost model, and a radial-basis support vector regressor (SVR). The age trajectories of
concretes of unseen compositions were used to hold-out samples for cross-validation to assess the models’ accuracies. Results of
the experiments indicated that concrete that utilized 30%, 60%, and 100% replacement of natural aggregate with RCA exhibited
strength losses of 8.1%, 19.6%, and 23.7% for normal-strength concretes, and strength losses of 12.4%, 29.4%, and 38.8% for
high-strength concretes, respectively. The 6-16-8-1 ANN produced the best results (R?=0.874 £+ 0.025, RMSE =7.12 £ 0.71 MPa,
MAE = 5.11 £ 0.48 MPa, and MAPE = 16.17 + 1.45%), outperforming the SVR, Random Forest, and XGBoost models. The
analysis of the models via SHAP diagrams indicated that the curing age of the concretes and the fraction of RCA within the
concretes were the two most important variables that impacted the strength of the resulting concretes. Thus, approximately 30% of
natural aggregate can be replaced with RCA in the concretes studied. Furthermore, these results indicate that machine learning
approaches can be used as means of predicting the strength of concretes containing RCA, but with consideration of the leakage
within the datasets and the generally limited generalizability of results based upon small sample sizes and averaging of results
among samples.
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1. Introduction

The reuse of construction and demolition (C&D) concrete can address two problems at once: the depletion of
quarried stone and the accumulation of demolition waste. The resulting aggregate, however, is not a direct substitute
for natural coarse aggregate. The residual mortar between the sand and cement particles in the C&D concrete creates
porosity and water absorption in the aggregate, which alters the water demand of the fresh concrete and the stress
transfer between aggregate particles and cement matrix in the hardened concrete. These alterations can reduce the
stiffness and strength of the resulting concrete, especially if the parent-concrete has a high strength and uses
supplementary cementitious materials [1-6].

High-strength concretes can exacerbate the reduction in stiffness and strength of recycled-aggregate concretes.
Due to the low water-to-binder ratio of high-strength concretes, the difference in stiffness between natural aggregate
and recycled aggregate is more pronounced. However, the use of mineral additives and preconditioning of recycled
aggregate can reduce the stiffness loss of recycled aggregate concretes. An experimental programme performed to
investigate the influence of C&D aggregate on the strength of normal- and high-strength concretes at replacement
levels from 0% to 100% has been published previously [7]. This study presents the database of its results in a machine-
readable format and uses machine learning methods to analyse the effect of various factors on the strength of recycled-
concrete.

The strength of concretes is influenced by many factors, and the influence of these factors can be modeled using
machine learning methods. For example, artificial neural networks, random forests, XGBoost, and support vector
regression have previously been used to model concrete using databases of hundreds of concretes [7-12]. However,
due to the vulnerable nature of the dataset to information leakage, which may artificially elevate the apparent learning
of a machine learning model, the methodologically sound approach would be to validate the model using entire
mixtures of concrete, rather than splitting the dataset along random lines.

Therefore, this study makes four contributions to existing literature. First, it presents the database of concretes
tested in this study in a machine-readable format (Section 2), with the original laboratory test results provided in
Appendix A. Second, it presents an analysis of the influence of concrete strength on the retention of strength and
workability of concrete containing recycled aggregate (Section 4.1). Third, it presents the use of several machine
learning methods to model the strength of recycled-concrete concrete (Section 3). Fourth, it explains the factors that
influence the strength of these concretes through the use of SHAP-based explainability methods and one-factor
sensitivity analyses (Section 4.3). This study is undertaken as a pilot study that can be audited, as the available database
only enables the modeling of mean strengths of concretes, rather than the strength of individual specimens of concrete.

2. Materials and Methods

2.1 Materials and aggregate conditioning

The normal strength concrete used 53-grade OPC (IS 12269 [18]), natural Zone-II sand, and 20 mm natural
coarse aggregate as per IS 383 [17]. The high strength concrete used 80 kg/m3 of fine powdered silica fume (Alccofine
1203) and 1.2% polycarboxylate ether superplasticizer (Glenium) by the mass of the combined cement and Alccofine.
The RCA was produced using 20 mm size fractions for M30 grades and 12.5 mm fractions for M80 grades. Prior to
batching, the RCA was soaked in water for 24 h and air dried for another 24 h; this process reduces the water absorption
by the aggregate but does not have any effect on the mortar adhering to the aggregate particles.

The water absorption of RCA was measured as 10.6% as compared to only 1.0% for natural coarse aggregate
indicating an order of magnitude higher water absorption. The crushing and abrasion values of RCA were measured
as 40.32% and 47.4% respectively which is higher than natural aggregate. The specific gravity of RCA was measured
as 2.78 which is higher than natural aggregate of 2.63. However, both the aggregate and RCA values fall within the
limits allowed as per IS 383 and IS 2386 [17,18].

2.2 Mixtures, testing, and experimental database

Four M30 and four M80 concretes were prepared at 0%, 30%, 60%, and 100% replacement of natural coarse
aggregate with RCA. For the M30 grades, a water-cement ratio of 0.54 was used with 383 kg/m3 of cement, 682
kg/m3 of fine aggregate (sand), 191 kg/m3 of water and 1066 kg/m3 of coarse aggregate. For the M80 grades, a water-
binder ratio of 0.28 was used with 450 kg/m3 of cement, 80 kg/m3 of Alccofine 1203, 665 kg/m3 of fine aggregate,
150 kg/m3 of water and 1050 to 1070 kg/m3 of coarse aggregate. These mixes were prepared according to IS 10262
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[18]. The masses of both natural and recycled aggregate within the mix were exchanged according to the replacement
ratio.

The compressive strength of all concrete was tested on 150 mm cubes with the strength values reported as the
mean of three separate specimens. The M30 concretes were tested at 3, 7, 14 and 28 days whereas the M80 concretes
were tested at 1, 3, 7, 14 and 28 days to provide 36 observations of the compressive strength of concretes with different
replacement ratios for RCA. Tables representing the chemical composition of the concrete and the split tensile strength
of the concretes are available in the original laboratory test notes but were not accessible in a form suitable for inclusion
in this report. Due to the lack of available data, these values were not estimated and are not available in this report
(Section 5).

Table 1. Experimental design used for computational analysis.

Series RCA Ages w/b Binder Alccofine Strength
levels (days) (kg/m3) (kg/m3) range (MPa)
M30/ 0, 30, 3,7, 14, 0.54 383 0 19.0-39.85
NSC 60, 28
100%
MS80 / 0, 30, 1,3,7, 0.28 530 80 10.0-85.0
HSC 60, 14,28
100%

Standardized inputs; L-BFGS optimization; L2 regularization

(a) Experimental-computational workflow (b) Selected ANN: 6-16-8-1
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Figure 1. Experimental-computational workflow and selected ANN topology
2.3 Machine-learning input features and preprocessing

The variable to be predicted was the compressive strength fc in MPa. The six input variables included the
logarithm of the age of the concrete In(1+t), the amount of RCA to be replaced in the concrete, the water-to-binder
ratio, the amount of binder to be used in the concrete, the amount of Alccofine to be used relative to the total binder
amount, and the amount of superplasticizer to be added to the concrete mixture. Each of these variables represent
different aspects of the concreting process and components of the concretes. It was not possible to use both the masses
of each type of aggregate and the RCA fraction as the two variables would be mathematically determined from each
other. Finally, while class of the concrete was a variable in the study, its specific value (M30 vs. M80) was not
represented in the inputs to the models; the ingredients of each class of concrete represents that variable, which is
more useful in utilizing the models to create concretes of classes in between those represented.
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None of the concretes had any missing values for any of the specified variables; the use of RCA, for instance,
had a zero value for concretes that did not use any RCA. Each of the input variables was standardized within each of
the training folds for the ANN and SVR models; the target variable was standardized within each training fold for the
ANN, SVR, and Tree models; the log transformation was utilized for the age variable to provide for the rapid early-
age strength gains for the concretes to slow over time. Each of the values that were transcribed were cross-checked
with the records of the concrete as published in Appendix A.

2.4 ANN architecture and mathematical formulation

The architecture of the ANN was screened for various architectures of hidden layers and activation functions.
The architecture that was chosen consisted of six inputs, two hidden layers of 16 and 8 neurons, respectively, each of
which utilized the tanh activation function, and one linear output neuron. The optimization method was L-BFGS due
to the small size of the datasets, but L2 regularization of \lambda = 0.01 was used within the ANN to prevent overfitting
to the training dataset. The forward mapping of the input variables to the output of the ANN and the objective of the
training of the ANN are provided in Equation (1).

f-(x; 8) = W5 tanh[W, tanh(W;x + by) + by] + bs,
n
£©) =13 [f— folxi; 0)]2 + A6]12.

i=1

Equation (1). ANN forward model and L2-regularized mean-square-error training objective.

Here, is the standardized feature vector and and are the weight and bias matrices and vectors, respectively.
collects all the model parameters. is the number of training observations. The architecture with 6-16-8-1 connections
achieved the lowest RMSE in the validation of the architectures during screening (6.57 MPa) while remaining
relatively small compared to the size of the available data. This architecture was locked in place after its determination
and prior to the model comparison in Section 4.2.

2.5 Benchmark algorithms and validation protocol

For the Random Forest algorithm, 200 trees were constructed with a maximum depth of five [13]. For the
XGBoost algorithm, 120 trees of depth two were created with a learning rate of 0.05, a subsampling and column
sampling rate of 0.90, and an L2 regularization coefficient of 5 [14]. For the SVR model, a radial-basis function kernel
was used with parameters of 50 for , automatic gamma, and [15]. These three models are representative of the types
of models that are often used for prediction of strength of cement based concretes. The models were validated using
five repetitions of four-fold cross-validation. Each cross-validation fold used two mixtures of concrete - one of M30
type and one of M80 type. Thus, no mixture of any type was used both during training and testing of the models. Each
of the five repetitions used all eight mixtures and was performed five times to provide a measure of the robustness of
the model predictions. R2, RMSE, MAE, and MAPE statistics were used to evaluate each of the models. The results
presented in the article are the mean statistics for each of the five repetitions of cross-validation.

2.6 Explainability and sensitivity analysis

For the ANN, model-agnostic permutation SHAP values were calculated using a background masker [16]. Both
the mean and absolute values of the SHAP scores provide insight into the relative importance of each of the model’s
features. Furthermore, the sign of the SHAP score indicates whether the feature has a positive or negative effect upon
the prediction of strength of the concretes samples. Lastly, a one-factor sensitivity analysis was performed on the
model that evaluated the effect of varying the fraction of RCA in the concretes between 0% and 100% at 28 days.
Since there are only four levels of RCA in the training set, these plots represent a degree of approximation to the
model’s behavior.

3. Results and Discussion

3.1 Workability and mechanical response

Figure 2 presents the results of the experiments regarding strength and workability of the concretes. For both
M30 and M80 concretes, the slump of the concretes decreased with the increasing percentage of RCA replacement of
natural aggregate. For M30 concretes, slump decreased from 45 mm for 0% replacement to 43 and 40 for 30 and 100%
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replacement, respectively. For M80 concretes, slump decreased from 120 mm to 110, 95 and 70 mm at 30, 60 and
100% replacement, respectively. The higher degree of decrease in slump for M80 compared with M30 is due to the
higher content of water to binder in the M30 mixtures. Furthermore, the higher amount of surface area and absorption
of RCA contributes to higher internal friction within the concretes of M80 type [1-5].

In addition to slump, compressive strength is another important property. As expected, higher percentages of
RCA resulted in reductions in strength for both M30 and M80 concretes. For M30, strength decreased from 39.85
MPa to 36.62, 32.04 and 30.40 MPa at 30, 60 and 100% replacement, respectively. For M80, the strength decreased
from 85.0 MPa to 74.5, 60.0 and 52.0 MPa at 30, 60 and 100% replacement, respectively. Thus, the percentage
reduction of strength at high percentages of RCA was higher for both M80 than M30. This is likely due to the fact that
the high strength in M80 is provided by the low water to binder ratio in the mixture and the presence of fine slag
powder that reacts to form calcium silicate hydrate (CSH) that provides strength to the concretes [1-5].

At early ages, the strength of M80 samples with 30% or higher percentages of RCA was relatively low compared
to the samples without RCA. For instance, at 1 day of age, the 30% or higher percentages of RCA had strengths of 10
to 17 MPa whereas the control mix had a strength of 51.5 MPa. At 28 days of age, however, the difference between
MB80 concretes with high percentages of RCA and the control mix in strength was reduced. In contrast, M30 with 30%
RCA had a higher strength at 7 days of age (29.01 MPa) than the control mixture (27.81 MPa). Despite this increase
in strength at 7 days of age for the 30% RCA mixture for M30, it is still possible for RCA percentages to lead to
reduced strength and workability of concretes at later ages, as well as in the presence of high strength of the matrix.
Such an outcome can be explained by the fact that at high strengths, the primary failure mode shifts from the paste to
the particles of RCA, its mortar and transition zones.

(a) NSC strength development (b) HSC strength development
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Figure 2. Strength development, 28-day RCA, and slump response for the M30 and M80 series.
3.2 Predictive performance

Table 2. grouped four-fold cross-validation performance.

Model R? RMSE (MPa) MAE (MPa) MAPE (%)
ANN 0.874 + 0.025 712+0.71 5.11+048 16.17 £ 1.45
SVR 0.760 +0.016 9.87+0.32 6.93 £ 0.37 21.56 +1.26
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RF 0.630 +£0.078 12.20+1.26 8.61+1.26 27.55+4.49

XGBoost 0.614 +0.087 12.46 = 1.37 9.08 £ 1.00 26.26 £5.27

The ANN model outperformed all others with an R? of 0.874 and an RMSE of 7.12 MPa. The SVR model
ranked second. Both tree ensemble models produced larger errors. The ranking of the models is specific to this
database of smooth aging curves with only four levels of replacement and two families of mixtures. The compact
neural network with radial basis functions can learn such a mixture better than trees with deeper splits in the feature
space. In broader databases of mixtures with more interaction effects, tree ensemble models would likely perform
better without the intensive feature scaling required by ANN and SVR models.

The ANN parity plot demonstrates that the ANN model achieves generally close agreement with the
experimental results within the 15-85 MPa range. However, there are a few outliers at the higher end of the strength
distribution. The negative residual for one of the data points is attributed to the sudden drop in strength of one of the
RCA-containing M80 mixtures at day one. The data point is an outlier compared to the other data points in the M30
series, which begins at day three, and there is no information on the uncertainty of replicate measurements for this
data point. Thus, the error metric for this ANN model is an estimate of the accuracy of the predictions within the eight-
mixture database under consideration.

(a) Grouped-CV error (b) Mean out-of-fold parity (c) Residual structure
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Figure 3. Comparative grouped-validation error, ANN out-of-fold parity, and residual distribution.
3.3 SHAP interpretation and physical consistency

For the SHAP values, the logarithmic age of the cement was the most important factor (with a mean absolute
contribution of 9.23 MPa), followed by the fraction of RCA aggregates (8.04 MPa). The contribution of the following
factors was lower and around 3.4-3.9 MPa: alccofine fraction, binder content, superplasticizer dosage, and water-to-
binder ratio. Each of these variables is somewhat correlated with each other due to the existence of two different mix
families in the data. Thus, while each of these variables does have a measurable contribution to the model predictions,
these contributions are actually indicative of the type of matrix that was used rather than the contribution of those
components themselves.

The contribution of RCA was found to be negative in higher percentages of replacement than 0%, and to have
a steeper decrease in strength at 28 days for matrices with M80 cement compared to those with M30 cement. This is
due to the fact that higher percentages of RCA lead to the aggregates having more attached mortar, absorbing more
water, and having more zones of new and old paste along the aggregate surface. Additionally, in the high strength
matrices, the paste surrounding the aggregates is no longer weak in relation to the cement paste, meaning that the
quality of the RCA has a greater impact on the strength of the resulting material. The age of the material had a positive
contribution across the majority of percentages in the dataset, indicating the role of the hydration of the slag addition
in the cement. Overall, therefore, these interpretations of the SHAP values relate to the actual physical processes
within the material, even though the database of samples used for the creation of the model was small.
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(a) ANN global importance (b) RCA contribution (c) ANN sensitivity surface
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Figure 4. ANN explainability: global SHAP importance, signed RCA contribution, and 28-day
sensitivity curves with measured data points.

3.4 Engineering implications

The results suggest that 30% RCA is the most defensible compromise for the studied materials. The M30
mixture showed 91.9% of the reference 28-day strength with no slump reduction, while the M80 mixture retained
87.6% of the strength with 91.7% of the slump. At 30% and above, both strength and slump values began to decrease
more rapidly. The thresholds identified in this study are not universal ones but dependent upon the qualities of the
parent-concrete, the amount of mortar content in the concrete, the moisture content, the grading of the aggregate, and
the exposure class of the concrete to environmental factors. However, the computational surrogate model developed
in this study can aid engineers in the preliminary designing of concretes with RCA by allowing for screening of various
mixtures and the prediction of which concretes should be tested in laboratory environments before being utilized in
construction projects.

4. Data Provenance, Limitations, and Reproducibility

The most important limitation of the computational models established in this study is the relatively small
amount of data used to train and test them. The data set contains 36 measurements from eight concrete mixtures, and
the individual data from the triplicate samples of each mixture are unavailable. The model cannot be used to estimate
the performance of a given mixture of concrete outside of the data obtained from these concretes.

A second limitation of the study is the incomplete original reporting of the analyses. The composition of the
concretes and the results of the split tensile strength tests are referenced in the original lab notes for each group of
concretes (Section 2.2), but these results are unavailable for transcription. These values are not invented within this
paper. All of the original tables and figures from the experiments are published in Appendix ef{appendix}, with only
the margins surrounding the text trimmed for compactness. The machine-readable dataset for this study along with all
of the scripts that were used to generate the analyses, evaluations, and figures are available with the manuscript to
enable other researchers to audit and extend the research.

5. Conclusions

1. The RCA-based water absorption rate was roughly one order of magnitude higher than that of natural
aggregate, with workability decreasing with increased percentage of RCA replacement in M80 concrete.

2. The 28-day strength losses at 30%, 60%, and 100% RCA replacement rates were 8.1%, 19.6%, and
23.7% for M30 concrete, and 12.4%, 29.4%, and 38.8% for M80 concrete. High strength concrete was
more sensitive to the quality of RCA than normal strength concrete.

3. A model validation procedure that holds out complete concrete mixture age trends provides a more
realistic estimate of model performance than random split validation.

4. The 6-16-8-1 tanh ANN outperformed support vector regression, random forest, and extreme gradient
boosting models, achieving an R? of 0.874 + 0.025 and an RMSE of 7.12 + 0.71 MPa. These results are
specific to the present dataset and should not be generalized.
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SHAP and sensitivity analysis results show that the age of curing and the fraction of RCA were the two
most influential parameters in the results, leading to the expected reduced strength of RCA concretes
relative to natural aggregate concretes, especially at 28 days. For these materials, 30% RCA replacement
appears to be the most defensible level of replacement.

Appendix A. Original Experimental Records

the original tabulated data and charts produced during the laboratory phase of this study are reproduced below
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Figure Al. Original experimental record comprising the particle-size distribution, aggregate-property table,
M30/M80 mixture tables, strength tables, and original bar charts.
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Slump values at different RCA replacement levels
Table 8. Vee-Bee values of M80 concrete at different RCA replacement levels

Concrete grade 0% 30% 60% 100%
Parameter 0% 30% 60% 100%
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M80 134,760 123530 106685 78,610
Measured warkatility and strength values x1.173. Replacement levels and derived percentage-loss vaues retsined
Measured workability and strength values x1.123. Replacerent levels and derived percentage-loss values ratained.
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Figure A2. Original experimental record comprising the Vee-Bee and slump tables and the original strength-
loss and 28-day comparison charts.
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Appendix A. Original Experimental Records

the original tabulated data and charts produced during the laboratory phase of this study are reproduced below

Figure Al. Original experimental record comprising the particle-size distribution, aggregate-property table, M30/M80
mixture tables, strength tables, and original bar charts.

Figure A2. Original experimental record comprising the Vee-Bee and slump tables and the original strength-loss and 28-
day comparison charts.
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