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Abstract

Accurately predicting the carbonation depth of recycled aggregate (RA) concrete is essen-
tial for durability assessment. Based on a dataset of 682 experimental samples, this study
employed seven machine learning algorithms to develop prediction models for the car-
bonation depth of RA concrete. The Optuna framework was utilized to conduct 500 trials
of hyperparameter optimization for these models, with the objective of minimizing the
5-fold cross-validated mean squared error. Results indicate that model performance im-
proved significantly after optimization. Among them, the XGBoost model achieved the best
performance, with a coefficient of determination (R?) of 0.9789, root mean squared error
(RMSE) of 1.0811, mean absolute error (MAE) of 0.6972, mean absolute percentage error
(MAPE) of 8.7932%, variance accounted for (VAF) of 97.8966%, and mean bias error (MBE)
of 0.0641 on the test set. Explainability analysis using SHapley Additive exPlanations
(SHAP) further revealed that exposure time is the most significant factor influencing the
carbonation depth prediction. Additionally, considering that the database incorporates both
natural and accelerated carbonation conditions, the samples were partitioned based on CO,
concentration and conducts a stratified performance evaluation. The results demonstrate
that the model maintains high predictive accuracy under natural carbonation as well as
across different accelerated carbonation intervals, indicating that, within the scope covered
by the current dataset, the proposed approach provides a highly accurate and interpretable
tool for predicting the carbonation depth of recycled aggregate concrete.

Keywords: recycled aggregate concrete; carbonation depth; machine learning; explainability;
hyperparameter optimization

1. Introduction

Concrete is the most widely used construction material globally. While its production
and use generate substantial economic and social benefits, they are also accompanied by a
series of environmental issues, such as the depletion of natural aggregates, accumulation of
construction and demolition waste, and greenhouse gas emissions [1-4]. Processing con-
struction demolition waste into recycled aggregates and using them in recycled aggregate
(RA) concrete has become one of the important approaches to realizing resource recycling
and advancing the carbon-neutrality goals of the construction industry [5,6]. However,
the old mortar adhered to the RA surface results in a more complex pore structure and
significantly higher water absorption [7-9]. This not only affects the mechanical properties
of the concrete but also accelerates its carbonation process, thereby posing a serious threat to
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the structural durability. Concrete carbonation is a chemical process wherein atmospheric
CO, diffuses through the pore structure of concrete and reacts with cement hydration
products (primarily calcium hydroxide), forming calcium carbonate and water [10]. This
reaction continuously consumes alkaline species in the pore solution, leading to a gradual
decrease in pH (i.e., neutralization). When the carbonation front reaches the surface of
the reinforcing steel and the local pH falls below approximately 9, the passive film on
the steel is destroyed, and corrosion is initiated under the combined action of oxygen
and moisture [11-13]. This potential risk greatly restricts the large-scale application of
RA concrete in structures intended for long-term service. Consequently, accurately pre-
dicting the carbonation depth of RA concrete has become a critical issue for assessing its
long-term performance and service life, as well as for ensuring its safe and reliable use in
engineering practice.

Traditionally, the prediction of carbonation depth has primarily relied on theoretical
models based on Fick’s first law of diffusion or empirical formulas derived from limited
experimental data [14-19]. Although these methods possess a certain physical basis, they
typically require long-term and costly experimental support and struggle to effectively
capture the complex coupling effects among multiple factors, such as the water-to-binder
ratio, aggregate characteristics, ambient CO, concentration, and exposure time [20,21]. This
is particularly true for RA concrete, whose carbonation process is significantly influenced
by parameters including the water absorption of RA, replacement ratio, paste properties,
and admixture dosage [22,23]. These factors markedly alter the material’s micro-pore
structure and carbonation reaction path, further undermining the applicability and predic-
tive accuracy of traditional models [24]. With the continuous accumulation of available
carbonation test data, constructing data-driven models for high-accuracy prediction of
carbonation depth has become a vital research direction for enhancing the quantitative
durability assessment of RA concrete [25-28].

In recent years, machine learning has emerged as a pivotal tool for data-driven research
on concrete performance. Methodological frameworks centered on ensemble learning, au-
tomated optimization, and interpretability analysis have demonstrated considerable versa-
tility and effectiveness in addressing complex challenges such as predicting the mechanical
properties of preplaced aggregate concrete [29]. Within the specific domain of predicting the
carbonation depth of RA concrete, related studies have also demonstrated considerable po-
tential [30-35]. For instance, Biswas et al. [20] used a dataset of 300 samples and combined
support vector regression (SVR) with four metaheuristic algorithms, including chicken
swarm optimization (CSO), to develop hybrid models for predicting the carbonation depth
of fly-ash concrete. Among these models, the CSO-SVR model performed best. Nurfiez
and Nehdi [25] employed a gradient boosting regression tree (GBRT) model to predict the
carbonation depth of RA concrete incorporating mineral admixtures and demonstrated
that this model achieved higher accuracy than several analytical formulas based on Fick’s
law. Liu et al. [26] proposed a hybrid artificial neural network model optimized by the
whale optimization algorithm (WOANN) to predict the carbonation depth of RA con-
crete, and its accuracy was significantly superior to that of traditional code-based models
and standalone machine learning models. Moghaddas et al. [36] adopted artificial bee
colony-based expression programming (ABCEP), a novel automated regression technique,
to derive an explicit predictive formula for the carbonation depth of RA concrete, which
showed superior performance to conventional models on a relatively large dataset. Xi
et al. [37] developed a hybrid machine learning model for predicting the carbonation depth
of RA concrete by integrating extreme gradient boosting (XGBoost) with the multi-verse
optimizer (MVO). The results indicated that the model achieved high accuracy, with an R?
of 0.9398 on the test set.
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Although existing studies have confirmed the potential of machine learning in this
area, a systematic research framework has yet to be established. Specifically, current work
still leaves room for further exploration in three aspects: (i) the breadth of model selection
and the systematic nature of comparative evaluation, (ii) the automation and consistency of
hyperparameter optimization, and (iii) the physically meaningful interpretability of model
decision mechanisms. Compared with advanced frameworks that have been successfully
applied to predicting other concrete properties, research on RA concrete carbonation—a
critical durability issue governed by complex multi-factor coupling—still lacks an inte-
grated framework that combines systematic model screening, automated hyperparameter
tuning, and machine learning interpretability.

To address this gap, this study sought to establish an interpretable machine learn-
ing framework driven by Optuna for hyperparameter optimization and systematically
applied it to predict the carbonation depth of RA concrete. Specifically, seven represen-
tative types of models—k-nearest neighbors regression (KNN), SVR, random forest (RF),
extremely randomized trees (ET), XGBoost, light gradient boosting machine (LGBM), and
categorical boosting (CatBoost)—were selected for development. The Optuna framework
was employed to perform 500 trials of automated hyperparameter optimization for these
models, using the mean squared error (MSE) from 5-fold cross-validation as the unified
objective function. Subsequently, the optimal model was selected through a multi-metric
performance comparison, and its prediction mechanisms and feature contributions were
interpreted in depth at both global and local levels using the SHapley Additive exPlanations
(SHAP) method. Through this systematic work, the present study aimed not only to deliver
a high-accuracy predictive tool, but also to offer a reliable, transparent, and transferable
data-driven methodology for the durability design and assessment of RA concrete.

2. Materials

The data used to develop the carbonation depth prediction model for RA concrete in
this study were sourced from references [36,37]. To ensure data integrity for modeling, the
original dataset underwent rigorous cleaning and preprocessing, which involved removing
samples with any missing or unreported values in the input features or the target variable
(carbonation depth). This process resulted in a final set of 682 complete and valid exper-
imental samples that form the foundation for this study. These data were sourced from
21 published studies and cover 11 countries, including China, Portugal, and the United
Kingdom (Figure 1), demonstrating good representativeness and diversity in terms of geo-
graphical distribution and experimental conditions. Notably, more than 80% of the samples
incorporate RA at varying proportions, indicating that the model was trained and validated
predominantly on RA-concrete cases that are directly relevant to the research objective.
The input features of the dataset include RA water absorption (RAWA, %), water-to-binder
ratio (WBR), fine aggregate content (FAC, kg/m?), gravel content (GC, kg/m3), RA content
(RAC, kg/m?), superplasticizer (SP, kg/m?), carbon concentration (CC, %), and exposure
time (T, d). The output variable is the carbonation depth (CD, mm). Regarding feature
selection, it should be noted that although the original studies may have reported addi-
tional variables (e.g., relative humidity and cement mineralogical composition), substantial
discrepancies exist across studies in terms of reporting formats and data completeness for
these parameters. To enable the development of a CD prediction model for RA concrete on
a relatively large sample set, this study ultimately adopted the above eight engineering
parameters, which are more commonly reported in the literature and are defined in a clearer
and more consistent manner. Moreover, this feature set emphasizes practical applicability,
relying primarily on information that can be determined at the mix-design stage or is
relatively easy to obtain in engineering practice. The statistical descriptions of all variables
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are provided in Table 1. Notably, T ranges from 7 to 3650 days, covering both short-term
accelerated carbonation and long-term natural carbonation processes. Detailed data are
provided in the Supplementary Materials.
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Figure 1. Percentage of data contributed by different countries.

Table 1. Descriptive statistics of the variables used for model development.

Feature Mean * Min * 25% * 50% * 75% * Max * STD *
RAWA 5.79 0.20 4.70 5.30 6.27 16.58 2.39
WBR 0.51 0.25 0.45 0.50 0.55 1.00 0.11

FAC 645.59 357.66 550.00 625.00 787.00 998.00 170.90

GC 448.52 0.00 0.00 454 .93 846.45 1311.00 435.71

RAC 586.69 0.00 198.16 635.00 953.00 1280.00 406.73
SpP 0.89 0.00 0.00 0.00 0.73 7.31 1.82
CC 5.31 0.05 3.00 3.50 5.00 50.00 6.48

T 176.98 7.00 28.00 56.00 91.00 3650.00 538.77
CD 10.19 0.10 4.80 8.34 13.30 50.05 7.89

Note. * Mean, Min, 25%, 50%, 75%, Max, and STD denote the arithmetic mean, minimum, 25th per-
centile (Q1), median (50th percentile, Q2), 75th percentile (Q3), maximum, and standard deviation of each
variable, respectively.

To facilitate model development and validation, the entire dataset was randomly
split into a training set and a test set at a ratio of 4:1. Figure 2 presents the results of
the correlation analysis among all variables. The lower-left triangular panels show the
scatter distributions of the training and test sets together with their linear fits; the diagonal
panels depict the probability density distributions of each variable; and the upper-right
triangular panels report the Pearson correlation coefficients between pairs of features. The
analysis indicated that, apart from a relatively strong negative correlation between GC
and RAC, the correlations among the other input features were generally weak. The linear
correlations between the input features and CD were also generally low, suggesting that
carbonation behavior was strongly affected by the coupled influence of multiple factors
and exhibited a complex nonlinear relationship. It should be emphasized that GC and
RAC represent the contents of natural coarse aggregate and recycled coarse aggregate,
respectively. Both variables have clear and independent physical meanings and may exert
differentiated effects on carbonation resistance through mechanisms such as pore structure
and the interfacial transition zone. Therefore, although GC and RAC exhibit a strong
statistical correlation, they were both retained as model inputs in this study to avoid a
priori information loss during preprocessing and to preserve essential information for
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subsequent mechanistic interpretation and feature-contribution analysis. In addition, the
feature distributions of the training and test sets are highly consistent, indicating that
the random split was reasonable and conducive to a reliable evaluation of the model’s
subsequent generalization performance.
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Figure 2. Feature correlation analysis.

3. Methods

3.1. Machine Learning Models
3.1.1. Instance-Based Lazy Learning

K-nearest neighbors (KNN) [38] regression is an instance-based, non-parametric
method belonging to the family of lazy learning algorithms. Its guiding principle is
that “similar inputs yield similar outputs”. During prediction, the algorithm first calculates
the distance between the test sample and all training samples. It then selects the K nearest
neighbors, and finally obtains the prediction through a weighted average of the target
values of these neighbors.

3.1.2. Kernel-Based Models

Support vector regression (SVR) [39] is the application of support vector machines
to regression problems. The core idea of SVR is to find an optimal hyperplane such that
the majority of the data points lie within a margin band (called the e-insensitive band)
centered around this hyperplane. It focuses only on those outliers that fall outside the
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margin band and the few critical samples that define the margin boundaries—namely, the
support vectors. The fundamental objective function of SVR is formulated as follows:

n
min 5 || w > +C ¥ (& +¢7)
wrbrgiféi i=1

vi — (@I P(x) +b) < e+, 1)
subject toq (wT®(x;) +b) —y; < e+,
Cl/éjzol iIl,...,n.

where C is the penalty parameter that balances the flatness of the e-insensitive tube and the
allowed deviations (quantified by the slack variables ¢; and ¢}); w is the weight vector in
the mapped feature space; and ®(x;) denotes the feature mapping from the original input
space to a higher-dimensional space, which is implemented via the kernel function.

3.1.3. Tree-Based Ensemble Models: Bagging Methods

Random Forest (RF) regression [40] is an ensemble learning method based on bootstrap
aggregation and the random subspace method. Its main procedure is as follows: first,
multiple bootstrap samples are repeatedly drawn from the original training set to generate
several subsampled datasets; subsequently, a separate CART regression tree is trained
independently on each subsample, without pruning (or with only minimal pruning).
During node splitting in each tree, the algorithm considers only a randomly selected subset
of features and chooses the split point that maximizes the reduction in variance. The final
prediction is obtained by averaging the outputs of all decision trees, thereby reducing the
high variance associated with a single tree.

Extremely Randomized Trees (ET) [41] is a tree ensemble model that employs a
“strong randomization” strategy. Unlike RF, at each node it first randomly selects a subset
of features, then generates random candidate split thresholds for each feature, and finally
chooses the split that maximizes variance reduction. This method typically does not rely
on bootstrap sampling; instead, it uses randomly generated thresholds to substantially
reduce the correlation among trees, thereby achieving very high training efficiency. The
trade-off is a slightly higher bias for each individual tree; however, ensemble aggregation
often reduces the overall model variance, leading to generalization performance on noisy
or high-dimensional data that is comparable to, or even better than, that of RF.

3.1.4. Tree-Based Ensembles: Boosting Methods

Extreme gradient boosting (XGBoost) [42] is a high-performance gradient boosting
decision tree (GBDT) ensemble algorithm. Its core principle is to construct multiple decision
trees sequentially through additive training, where each tree learns to correct the errors of
the preceding trees, and the final prediction is obtained by taking a weighted sum of the
outputs of all trees. The objective function is given by:

Obj(0) = ZZL(%%‘) +%Q(fk)

E @
where Q(f) =YT + E)‘HWH

where Y L(7;,y;) is the loss function that measures the discrepancy between the predicted
i

values ; and the true values y;; Q(f) is the regularization term; T is the number of leaf
nodes in the tree; w represents the weights of the leaf nodes; and ¥ and A are regularization
coefficients that control the tree complexity to prevent overfitting.

In contrast to traditional gradient boosting that uses only first-order derivatives,
XGBoost performs a second-order Taylor expansion of the loss function during optimization,
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utilizing both the first-order gradients (g;) and second-order Hessian values (h;) to guide
model convergence more rapidly and accurately.

Light gradient boosting machine (LGBM) is an efficient machine learning algorithm
built on GBDT [43]. While retaining first- and second-order gradient-based optimization,
it enhances training speed and memory efficiency through four key mechanisms: (i) A
histogram-based algorithm that discretizes continuous features into bins, substantially re-
ducing the computational cost of split-point finding. (ii) Gradient-based one-side sampling
(GOSS), which preserves samples with large gradients while applying weighted random
sampling to small-gradient samples, thereby balancing training efficiency and unbiased
estimation; (iii) Exclusive feature bundling (EFB), which effectively mitigates the curse of
dimensionality in high-dimensional sparse settings; (iv) A leaf-wise growth strategy with
depth constraints, in which the leaf with the largest gain is split at each step, achieving
higher accuracy for the same number of splits, but requiring appropriate hyperparameter
tuning to control model complexity and prevent overfitting.

Categorical boosting (CatBoost) [44] is a GBDT algorithm specifically optimized for
handling categorical features. It employs the ordered target statistics technique to encode
categorical variables by introducing random permutations and prior terms to avoid tar-
get leakage. Concurrently, it utilizes an ordered boosting mechanism, which computes
unbiased gradient estimates based on multiple permutations of the training data, thereby
significantly mitigating prediction shift. CatBoost uses symmetric (oblivious) trees as base
learners, which not only accelerate prediction but also provide a regularization effect. The
model natively supports missing values, sparse data, and categorical features without
requiring extensive one-hot encoding. Although CatBoost performs particularly well on
tabular data rich in categorical features, it also maintains excellent predictive performance
on purely numerical datasets, owing to its ordered boosting mechanism and symmetric
tree structure.

3.2. Hyperparameter Optimization Method: Optuna

Optuna is an advanced hyperparameter optimization framework specifically designed
for machine learning [45]. It is built around three core concepts: Study, Trial, and Objective.
A Study serves as the container for the optimization process, recording the complete trial
history as well as the best results; a Trial corresponds to a single run of training and
validation under a given hyperparameter configuration 6; and the Objective function is
defined by the user, with the validation performance metric it returns treated as the quantity
to be minimized or maximized by the optimizer.

3.2.1. Definition of the Search Space

Hyperparameter optimization first requires an explicit definition of the search space,
namely the admissible range and type of each parameter to be tuned. For each machine
learning model, this study defined a corresponding search space, the details of which are
provided in Table 2. All parameter ranges were implemented in code using Optuna’s
trial.suggest_* functions (e.g., suggest_int, suggest_float). To reduce numerical discrepan-
cies in reporting and to facilitate reproducibility, all continuous float hyperparameters were
stored and presented with values rounded to four decimal places.
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Table 2. Definition of the hyperparameter search space.
Model Hyperparameter Search Space Value Type
n_neighbors [1, 50] integer
KNN weights uniform or distance categorical
p lor2 integer
C [0.001, 100] float
SVR epsilon [0.001, 10] float
gamma [0.001, 10] float
n_estimators [100, 1000] integer
max_depth [1, 50] integer
RF and ET min_samples_split [2,20] integer
min_samples_leaf [1, 20] integer
n_estimators [100, 1000] integer
max_depth [1, 50] integer
learning_rate [0.01, 0.5] float
subsample [0.6, 1] float
XGBoost colsample_bytree [0.6,1] float
reg_alpha [0, 10] float
reg_lambda [0, 10] float
min_child_weight [1,10] integer
gamma [0, 5] float
n_estimators [100, 1000] integer
max_depth [1, 50] integer
learning_rate [0.01, 0.5] float
LGBM subsample [0.6, 1] float
colsample_bytree [0.6,1] float
reg_alpha [0,10] float
reg_lambda [0, 10] float
iterations [10, 400] integer
depth [1, 16] integer
CatBoost learning_rate [0.01, 0.5] float
12_leaf reg [0.1,10] float
border_count [32, 255] integer

3.2.2. Sampling Strategy

Optuna by default employs the Tree-structured Parzen Estimator (TPE) for sequential
sampling. The core idea of TPE is to model the conditional probability p(x |y) of the
hyperparameters x given the objective value y, rather than modeling the objective function
directly. Specifically, the algorithm ranks all historical observations by their objective values
and uses a quantile threshold « to split them into a “promising” group, £(x), and a “non-
promising” group, g(x). It then performs kernel density estimation on the hyperparameter
distributions of these two groups separately. When minimizing the objective function,
TPE selects the hyperparameter combination that maximizes the expected improvement
criterion, which is equivalent to choosing the point that maximizes the likelihood ratio
£(x)/g(x), as the candidate for the next trial:

£(0)

6% ~ argmax——% 3)
0 g(6)

In practice, Optuna first conducts a set of initial “warm-start trials” using either
random sampling or Latin hypercube sampling. It then iteratively updates the density
estimates for #(x) and g(x) using the accumulated observation data, focusing subsequent
sampling on the parameter regions that are most promising for performance gains.
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3.2.3. Pruning and Stopping Criterion

To control optimization efficiency, a fixed trial budget was adopted as the primary
stopping criterion. Specifically, trials = 500 was set for each model, providing a practi-
cal balance between sufficiently exploring the search space and maintaining reasonable
computational cost. Because the objective value was defined as the MSE averaged over
5-fold cross-validation, each trial was required to complete all folds to obtain a stable and
reliable performance estimate. Therefore, to avoid potential bias introduced by prema-
turely terminating trials based on intermediate results and to ensure consistent evaluation
across different hyperparameter configurations, no dynamic pruning strategy was applied.
This setting ensured that all candidate configurations were assessed in a complete and
fair manner.

3.3. Interpretability Analysis Method

SHapley Additive exPlanations (SHAP) [46] is theoretically grounded in the Shapley
value from cooperative game theory and decomposes the prediction of an individual
sample into the sum of the marginal contributions of each feature. In this way, it quantifies
the influence of features on the predictions at both the local (single-sample) and global
(overall) levels, thereby alleviating the “black-box” nature of the models.

Let the model output be f(x), the complete feature set be F, and the total number of
features be M = | F|. Select a background dataset B, with the baseline value defined as:

o = Exp[f(X)] 4)

For any sample x, SHAP assigns a local attribution ¢;(x) to each feature j € F such that:

M
f(x) =do+ ;d%‘(x) (5)

]

holds true (in regression tasks, each ¢; shares the same unit of measurement as the target
variable). For the j-th feature of sample x, its SHAP value ¢;(x) is obtained by computing the
expected marginal contribution of that feature across all possible feature subsets, expressed
mathematically as:

=y BHMEBIZUN G )~ o) ©)

SCR\{j}

where f5(x) denotes the expected model output when only the feature subset S is utilized.
This computational framework ensures equitable allocation of feature contributions and
rigorously satisfies three theoretical properties: local accuracy, missingness, and consistency.

3.4. Model Evaluation Metrics

To comprehensively assess the overall performance of the predictive models, this
study employed six statistical metrics for evaluation from different perspectives, including
goodness-of-fit, accuracy metrics, and bias analysis. These metrics include the coefficient
of determination (R?), variance accounted for (VAF), root mean squared error (RMSE),
mean absolute error (MAE), mean absolute percentage error (MAPE), and mean bias error
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(MBE) [47-51]. Let the dataset be {(x;, y;)}\_;, the model predictions be §;, and the sample
mean be ¥;. The metrics are defined as follows:

L - \2
Y (vi—9)
RZ —1— l:nl - (7)
';l (yl - y)
_ (1 Yaly=9) g
VAF = (1 Vary) ) 100% (8)
1y 2
RMSE = /= ) (vi =) ©)
i=1
1 A
MAE = — } |y; — §il (10)
i=1
MAPE = L Y% 01| o 100% (1)
=1
1
MBE = — ) (% — ¥i) (12)

i=1
where R? ranges from (—oo, 1], with values closer to 1 indicating a better model fit. VAF
ranges from (—oo, 100%], and values closer to 100% are preferred. RMSE, MAE, and MAPE
all range from [0, +o0), where smaller values indicate higher predictive accuracy. MBE
reflects the direction of systematic bias: positive values indicate overall overestimation,
negative values indicate overall underestimation, and ideally it should be close to 0.

3.5. Model Development Workflow

The construction workflow of the proposed prediction models is illustrated in Figure 3,
and can be summarized as follows: First, the original dataset was randomly split into a
training set and a test set at a ratio of 4:1. Next, systematic hyperparameter optimization
was conducted on the training set for seven machine learning models using the Optuna
framework. In this stage, the hyperparameter search space for each model was explic-
itly defined, and the TPE sampler was employed to guide the search. The optimization
objective was uniformly set to minimize the MSE averaged over 5-fold cross-validation,
and a fixed budget of 500 trials was specified as the stopping criterion for each model to
ensure sufficient exploration of the search space. Subsequently, each optimized model was
retrained on the full training set using the best hyperparameters identified by Optuna, and
its predictive performance was evaluated on both the training set and the independent test
set. By comprehensively comparing prediction accuracy and generalization performance
on the test set, the model with the best overall performance was selected. Finally, SHAP
was applied to interpret the predictive mechanism and feature contributions of the selected
model at both the global and local levels.
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Figure 3. Workflow for developing the CD prediction model.

4. Results
4.1. Hyperparameter Optimization Results

Figure 4 illustrates the convergence process of the objective function values over
500 optimization trials. It was observed that all models achieved rapid decreases in the ob-
jective value during the initial phase (first 50 trials), accomplishing most of the performance
improvements. After approximately 100 trials, the models entered a phase of diminishing
marginal returns, where the curves gradually flattened. In terms of the optimization results,
CatBoost ultimately converged to the lowest objective value, followed by XGBoost. The
optimal objective values and the corresponding hyperparameter configurations for each
model are summarized in Table 3.

After obtaining the optimal hyperparameters, they were applied to the corresponding
models, which were then retrained on the full training set. The predictive performance of
these models was subsequently evaluated on both the training and test sets. Figure 5 shows
a comparison of the evaluation metrics on the test set before and after model optimiza-
tion. The results indicated that hyperparameter optimization with Optuna substantially
improved the predictive performance of the KNN, SVR, XGBoost, LGBM, and CatBoost
models. Among them, SVR showed the most notable improvement, with R? increased by
177.38%, while RMSE, MAE, and MAPE decreased by approximately 69.67%, 68.95%, and
65.10%, respectively. KNN also exhibited substantial gains. Although the gradient boost-
ing models (XGBoost, LGBM, and CatBoost) already demonstrated high accuracy under
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their default parameter settings, their error metrics decreased further after optimization;
for instance, XGBoost achieved reductions in RMSE, MAE, and MAPE of about 23.02%,
25.57%, and 24.81%, respectively. In contrast, RF and ET showed only minor changes in
metrics before and after optimization. RF even exhibited a slight decline in some metrics,
suggesting that for the dataset used in this study, the default hyperparameters of these
bagging-based models were already near optimal. Their performance was less sensitive to

hyperparameter tuning, and further optimization may introduce additional variance with

limited gains.

Objective value

70
60 - KNN RF XGBoost LGBM
SVR ET CatBoost

50 4
40 4
304 L‘_
20 4

-y ‘L\_h‘—;

0 e e I
Ll :
:0 T T T L T T T :
i 0 100 200 300 400 500
B Numberof Trials :

7
o
< 64
-
251
=44
o

0 100 200 300 400 500

Number of Trials

Figure 4. Iterative convergence of the objective function value over 500 optimization trials.

Table 3. Results of model hyperparameter optimization.

Model Best Objective Value = Optimal Trial Number Optimal Hyperparameters
KNN 26.7809 26 n_neighbors: 6; weights: distance; p: 2
SVR 16.8423 303 C:99.7026; epsilon: 0.0137; gamma: 9.9384
RE 9.8207 144 n_.estlmators: 138.; max_c.iepth: 48;
min_samples_split: 2; min_samples_leaf: 1
ET 57907 383 n_.estlmators: 116.,' max_c.iepth: 28;
min_samples_split: 2; min_samples_leaf: 1
n_estimators: 1000; max_depth: 26;
learning_rate: 0.1335; subsample: 0.6746;
XGBoost 3.5484 361 colsample_bytree: 0.6502; reg_alpha: 0.1466;
reg_lambda: 2.0844; min_child_weight: 6;
gamma: 0.0056
n_estimators: 962; max_depth: 31; learning_rate:
LGBM 5.3658 455 0.1961; subsample: 0.8597; colsample_bytree:
0.7895; reg_alpha: 0.2351; reg_lambda: 2.3606
CatBoost 31254 255 Iterations: 399; depth: 3; learning_rate: 0.453;

12_leaf reg: 2.2635; border_count: 47
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Figure 5. Comparison of model performance before and after optimization.

4.2. Comparison of Model Predictive Performance

After Optuna-based hyperparameter optimization was completed for all models,
this section systematically evaluated and compared the overall predictive performance
of seven machine learning algorithms for predicting the CD of RA concrete. Multiple
evaluation metrics—including R%, RMSE, MAE, MAPE, VAF, and MBE—were used to
conduct a comprehensive quantitative analysis from the perspectives of prediction accu-
racy, error distribution, and bias characteristics. The model prediction results are shown
in Figure 6. With the exception of KNN, all models demonstrated a high goodness-of-
fit on both the training and test sets. On the test set, most models achieved R? values
generally above 0.93, VAF values exceeding 92%, and MBE values close to zero. The
scatter points are largely distributed along the y = x line, indicating no significant sys-
tematic bias in the predictions. Although both KNN and ET achieved an R? of 0.9953
on the training set, KNN’s R? dropped to 0.8163 on the test set, accompanied by marked
increases in RMSE and MAPE and a long-tailed residual distribution. This pattern reflected
overfitting to the training samples and insufficient generalization capability. SVR, RF,
and ET showed relatively balanced performance across the training and test sets, though
their error levels were slightly higher than those of the gradient boosting models. In
contrast, the gradient boosting models—represented by XGBoost, LGBM, and CatBoost—
delivered the best overall performance. Their training and test results were closely aligned,
with concentrated residual distributions, indicating that these models can not only effec-
tively capture the complex nonlinear relationships governing CD but also possess strong
generalization stability.

To quantify the uncertainty of model predictions, Table 4 summarizes the residual
statistics and uncertainty metrics for each model on the test set. Regarding systematic
bias, the MBE of all models was close to zero, and their respective 95% confidence inter-
vals (95% Cls) all covered zero, indicating that no statistically significant overall trend
of overestimation or underestimation was observed at the 95% confidence level. Among
them, CatBoost achieved the closest MBE to zero (—0.0084), demonstrating optimal bias
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control. LGBM (0.0330) and XGBoost (0.0641) also exhibited only a very slight positive bias,
implying an overall marginal tendency toward overestimation that remained statistically
insignificant. In contrast, KNN showed a relatively larger absolute MBE (—0.4344), and its
median residual was also negative (—0.4461), suggesting a greater tendency toward under-
estimation on the test set. Although its 95% ClI still spanned zero, both the point estimate
and the central location of its error distribution indicated that the magnitude and stability
of its bias were inferior compared to the gradient boosting models. Further considering
error dispersion (uncertainty), XGBoost exhibited the smallest residual standard deviation
(SD =1.0831) and interquartile range (IQR = 0.8404), and its 95% confidence interval for
MBE was also the narrowest ([—0.1173, 0.2455]). This indicated that the model not only
maintained controllable bias but also achieved the lowest error variability and the best
prediction stability. CatBoost and LGBM likewise showed relatively low SD and IQR values,
demonstrating good robustness. In contrast, KNN yielded the largest SD and IQR and a
wider MBE interval, suggesting a more dispersed error distribution, higher uncertainty, and
relatively poorer generalization stability. Overall, considering both bias (MBE /Median) and
uncertainty (SD/IQR/CI), the gradient-boosting models outperformed the other methods;
among them, XGBoost performed best in terms of stability and uncertainty control, while

CatBoost stood out in bias control.
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Figure 6. Model prediction results on training and test sets.
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Table 4. Test-set residual statistics and uncertainty measures for different models.
Model MBE SD * 95% CI * Median * IOR *
KNN —0.4344 3.1710 [—0.9654, 0.0966] —0.4461 3.1483
SVR 0.0408 1.8413 [—0.2676, 0.3491] 0.0504 1.6022
RF 0.1550 2.0128 [—0.1820, 0.4921] 0.2690 1.9866
ET 0.1133 1.9025 [—0.2053, 0.4319] 0.1774 1.6920
XGBoost 0.0641 1.0831 [—0.1173, 0.2455] 0.0309 0.8404
LGBM 0.0330 1.3221 [—0.1883, 0.2544] 0.0886 1.1036
CatBoost  —0.0084 1.1549 [—0.2018, 0.1850] —0.0726 1.0788

Note. * SD denotes the standard deviation of the test-set prediction residuals, characterizing the dispersion of
errors; 95% CI denotes the two-sided 95% confidence interval of the test-set MBE, where an interval covering zero
indicates that the model exhibits no statistically significant systematic bias; Median is the median of the test-set
residuals, representing a robust typical signed error that is less sensitive to outliers; and IQR is the interquartile
range of the test-set residuals (Q3 — Q1), quantifying the spread of the middle 50% of errors.

The performance of a model on the test set reflects its generalization capability to
unseen samples. To enable an intuitive multi-dimensional comparison, all evaluation
metrics are normalized and visualized in a multi-metric heatmap, such that, on a unified
scale, larger values consistently indicate better performance. As shown in Figure 7, XGBoost
achieved a normalized score of 1 on five metrics: RZ, RMSE, MAE, MAPE, and VAF, with
only a slightly lower score of 0.869 on the bias metric (MBE), which indicated its overall
superiority in both accuracy and stability. CatBoost also achieved scores close to 1 across
all metrics and performed best in terms of bias control. LGBM was slightly inferior to
the former two, but still maintained scores generally above 0.85 on all metrics, placing its
overall performance in the top tier. Taken together, these results support XGBoost as the
preferred model for CD prediction in this study, whereas CatBoost and LGBM served as
important comparative and complementary models.

Comprehensive performance of models on the testing set
(A1l metrics scaled to higher is better)

CatBoost- 0983  0.967 0933 0957 0.982 1

LGBM- 0937 0888 0875 0848 0935 0942 0.8

XGBoost 1 1 0.869

ET

RF

Machine learning models
Normalized performance

SVR

KNN

R? RMSE MAE MAPE VAF MBE
Evaluation metrics

Figure 7. Multi-metric heatmap of model performance on the test set.

Table 5 presents a direct performance comparison between the proposed Optuna-
XGBoost model and the CD prediction models developed by Xi et al. [37] using the same
database. Compared with the best-performing model reported in that study (XGB-MVO),
the proposed Optuna-XGBoost exhibited consistently superior performance: R? increased
from 0.9398 to 0.9789 (an improvement of approximately 4.13%), while RMSE, MAE, and
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MAPE decreased from 1.7565 mm, 1.0688 mm, and 18.63% to 1.0811 mm, 0.6972 mm, and
8.7932%, respectively (corresponding reductions of 38.28%, 33.37%, and 59.77%). These
results demonstrated that, on an identical data basis, the Optuna-based hyperparameter
optimization framework was more effective in unlocking the potential of XGBoost, thereby
achieving markedly higher predictive accuracy and stability.

Table 5. Performance comparison with CD prediction models reported in previous studies.

Model R? RMSE MAE MAPE (%)
XGB-GA model [37] 0.9401 1.7516 1.0464 21.86
XGB-MVO model [37] 0.9398 1.7565 1.0688 18.63
XGB-55A model [37] 0.9373 1.7916 1.0277 21.52
This paper (Optuna-XGBoost) 0.9789 1.0811 0.6972 8.7932

4.3. Model Performance Under Different CO, Concentration Regimes

The dataset compiled in this study covers a wide range of CO, concentrations
(0.05-50%), corresponding to both natural and accelerated carbonation test conditions.
Natural carbonation refers to the process that occurs when concrete is exposed to atmo-
spheric CO; over extended periods under real service conditions. In this study, the outdoor
exposure test groups in the dataset are characterized by a CO, concentration of 0.05%,
representing the natural carbonation condition. Accelerated carbonation, on the other hand,
refers to laboratory tests in which the CO; concentration is elevated (e.g., 1%, 3%, 5% or
higher) to shorten the test duration. Previous studies have indicated that as CO, concentra-
tion increases, the mechanisms and kinetics of accelerated carbonation may increasingly
deviate from those of natural carbonation, particularly when the CO, concentration exceeds
about 3%—a condition under which accelerated test results may become misleading [52-54].
This discrepancy could potentially affect the ability of a model trained on mixed-regime
data to accurately learn the underlying patterns of natural carbonation. To examine whether
the inclusion of high-CO, accelerated carbonation data in the dataset would impair the
model’s predictive performance for natural carbonation scenarios, a stratified performance
evaluation was conducted for the Optuna-XGBoost model.

Following the approach outlined in relevant literature [52-54], the dataset was divided
into three intervals based on CO, concentration (CC): (i) natural carbonation (CC = 0.05%);
(ii) low-CO; accelerated carbonation (0.05% < CC < 3%, whose mechanism is relatively
closer to that of natural carbonation); and (iii) high-CO, accelerated carbonation (CC > 3%,
where more pronounced mechanistic deviations may occur). The prediction results of
the Optuna-XGBoost model across these three concentration intervals are summarized in
Figure 8 and Table 6. The results showed that the model achieved high predictive accuracy
on the test sets of all three CO, regimes (R% = 0.9640-0.9780). Notably, under natural
carbonation conditions, the model still performed excellently on the test set (R? = 0.9780,
MAPE = 7.9975%), indicating that the inclusion of high-CO, accelerated carbonation
samples in the training data did not substantially impair the model’s predictive capability
for the key engineering scenario of natural carbonation. Furthermore, although the absolute
errors (RMSE/MAE) in the high-CO, regime were significantly larger than those in the
other regimes—which could be attributed to the wider range of carbonation depths and the
greater data scatter induced by extreme CO, conditions—the MAPE remained at a level
of 8-10%, demonstrating that the model retains relatively stable predictive performance
even under high-CO; conditions. In summary, the Optuna-XGBoost model exhibits good
reliability and practical potential for predicting the CD of RA concrete across different CO,
exposure environments.
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Figure 8. Predicted versus actual CD for the Optuna-XGBoost model under different CO, concentra-
tion regimes.

Table 6. Performance of the Optuna-XGBoost model across CO, concentration regimes.

CO, Concentration

R Dataset R? RMSE MAE MAPE (%) VAF MBE
Regime
. Training 0.9975 0.2557 0.1919 2.9471 99.7471 0.0110
Natural carbonation
Testing 0.9780 0.4550 0.3876 7.9975 97.8031 0.0144
Low-CO, accelerated Training 0.9986 0.1589 0.1072 3.3901 99.8588 —0.0003
carbonation Testing 0.9640 0.4696 0.3474 9.9569 96.9329 —0.1800
High-CO, accelerated Training 0.9940 0.6776 0.2629 3.1650 99.4019 0.0074
carbonation Testing 0.9758 1.2283 0.8155 8.6887 97.5988 0.1203

4.4. SHAP Interpretability Analysis Results

To systematically elucidate the prediction logic and feature-contribution mechanisms
of the Optuna-XGBoost model, SHAP was employed for interpretability analysis. SHAP
provides two complementary perspectives—global and local. At the global level, it quan-
tifies the overall contribution magnitude and influence direction of each input feature
on the model predictions; at the local level, it decomposes an individual prediction into
feature-wise contributions, illustrating how multiple features jointly reinforce or offset
one another under specific sample conditions and potentially indicating interaction ef-
fects. This dual-perspective analysis improved the transparency and interpretability of the
model conclusions.

4.4.1. Global Interpretation

Figure 9 shows the SHAP global summary of the Optuna-XGBoost model (beeswarm
plot and mean |SHAP value | bar chart), which collectively describes the overall contribu-
tion magnitude and effect direction of each input variable on CD. The gray bars denote
global feature importance, quantified as the mean absolute SHAP value across all sam-
ples. In the beeswarm plot, each feature is represented by a column of points showing
the distribution of SHAP values over the dataset: positive SHAP values indicate an in-
creasing contribution to the predicted CD, whereas negative values indicate a decreasing
contribution. The color of each dot reflects the relative magnitude of the feature’s value.
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Figure 9. Global SHAP explanation.

Based on the ranking of mean | SHAP |, exposure time (T) exhibited the highest global
importance (mean |SHAP value | =2.814) and served as the dominant factor influencing
the prediction of CD. This was followed by FAC (1.665), WBR (1.562), and RAC (1.362).
CC (0.977) and RAWA (0.706) showed a moderate level of influence, whereas the marginal
contributions of SP (0.388) and GC (0.353) were relatively small. By further considering the
correspondence between point color (feature value) and the sign of SHAP values in the
beeswarm plot, an overall effect trend was observed: higher values of T, WBR, RAC, and
CC were more likely to be associated with positive SHAP values, indicating that, under
the joint influence of other variables, these factors tended to increase the predicted CD.
In contrast, higher FAC values tended to yield negative SHAP values for most samples,
suggesting that increasing FAC was generally associated with a lower predicted CD. It
was also noteworthy that some features exhibited substantial dispersion of SHAP values
even at similar feature values, implying that the learned response relationships were partly
nonlinear and might be jointly modulated by combinations of other variables.

Based on this, to further elucidate the influence pattern of CC on carbonation depth
prediction and its coupling effect with T, the SHAP dependence plots for CC and T are
plotted in this study (Figure 10), aiming to intuitively reveal their marginal contributions to
the predictions and the interaction effect between them. As shown in Figure 10a, the SHAP
values for CC generally exhibit an upward trend with increasing CC. Under natural CO,
conditions (CC = 0.05%), SHAP(CC) values are mostly close to zero or negative, indicating
a relatively weak marginal contribution of CC on the predicted carbonation depth. As CC
increases, SHAP(CC) gradually shifts from negative to positive and strengthens notably,
showing a more pronounced positive contribution especially when CC exceeds approx-
imately 3%. This suggested that the model had learned the response characteristic of a
more significant carbonation acceleration effect under high CO, conditions. Meanwhile,
SHAP(CC) still shows a certain degree of dispersion around similar CC levels, and the
dispersion becomes more pronounced in the high-CO, range, implying that the effect of
CC was not a simple linear and monotonic superposition but was jointly modulated by
combinations of other input variables, resulting in a more complex nonlinear response.
These findings demonstrated that the model not only identified the main effects of CC
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and T individually but also captured the positive interaction mechanism between them
in driving the carbonation depth. Combined with the regime-wise performance evalua-
tion in Section 4.3, the aforementioned dependence relationships provided a reasonable
explanation for the model’s behavior under different carbonation conditions. The stronger
dispersion of SHAP(CC) in the high-CO, regime was consistent with the wider range of car-
bonation depths and greater experimental variability within this regime, thereby offering a
plausible interpretation for its relatively higher absolute errors (RMSE/MAE). Conversely,
under natural /near-natural conditions, the model still exhibited stable marginal responses
and high predictive accuracy, demonstrating that its predictive capability for natural
carbonation scenarios had not been significantly compromised despite being trained on

mixed-regime data.
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Figure 10. SHAP dependence plot for CC and T.

4.4.2. Local Interpretation

To further reveal the model’s decision path at the sample level and the joint mecha-
nisms of multiple features, two representative samples from the test set were selected for
local interpretation analysis. Their SHAP waterfall plots are presented in Figure 11.

Each waterfall plot starts from the baseline prediction E[f(X)] (10.112 mm in the figure),
which is the expected model output over the entire dataset. The SHAP contribution of each
feature, conditioned on the specific values of that sample, is then added sequentially to
yield the final prediction f(x) for that sample (e.g., 9.481 mm for sample @ and 12.775 mm
for sample 2)). In the plot, a red bar indicates that the variable increases the predicted
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CD relative to the baseline (positive contribution), whereas a blue bar indicates a decrease
(negative contribution); the length of the bar reflects the magnitude of the contribution. The
sample-specific value of each feature is also annotated on the left. For instance, in sample
@, the exposure time T = 120 d corresponds to a positive contribution of +2.780, implying
that—given the fixed values of the other features (RAWA, WBR, FAC, GC, RAC, SP, and
CC)—a longer exposure time significantly drives the predicted CD upward.

Waterfall Plot
(Predicted: 9.481, Actual: 9.498)

flx) =9.481
6=CC +1.017

§70.58 - RAC <n

6.55 = RAWA 0252 .
7 8 9 1([)ﬁ 1
E[f(X)] =10.112
Sample @
Waterfall Plot

(Predicted: 12.775, Actual: 12.877)
fl) =12.775

0.67 = WBR

988 =RAC

5=CC

0=SP

5.4 =RAWA

56=T

+1.376

+1.017

+0.317
-0.229 .
-0.217 .

0=GC . +0.204

9.5 10.0 10.5 11.0 1.5 12.0 12.5
E[fX)] =10.112
Sample @

Figure 11. Local SHAP explanation.

The waterfall plots provide an intuitive visualization of how multiple variables re-
inforce or offset one another under the conditions of a given sample. For Sample (O,
although variables such as T (d) and CC (%) exerted strong positive contributions to CD
(e.g., T =120 d corresponds to +2.780 and CC = 6% corresponds to +1.017), these effects
were counteracted by the pronounced negative contributions of WBR = 0.48 (—1.913) and
FAC = 915.35 kg/ m3 (—2.440), resulting in a final prediction of f(x) = 9.481 mm,
which is below the baseline. In Sample (@), by contrast, the positive contributions of
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WBR = 0.67 (+1.833), RAC =988 kg/m3 (+1.376), and CC = 5% (+1.017) added in the same
direction; although factors such as FAC = 877 kg/m3 (—1.638) exerted a certain suppress-
ing effect on CD, the overall net effect remained positive, yielding a higher prediction of
f(x) =12.775 mm. Notably, the direction and magnitude of a given variable’s contribution
can vary across samples (e.g., WBR contributed negatively in Sample (D but positively in
Sample (2), and T showed a strong positive contribution in Sample (D but a slightly negative
contribution in Sample (2)). This suggested that the effect of a given variable on CD might
vary with different combinations of other mixture parameters (RAWA, FAC, GC, RAC, and
SP) and environmental factors (CC and T), thereby indirectly indicating the presence of
nonlinear relationships or feature interactions in the model.

Overall, the global SHAP importance ranking and the local decision pathways jointly
suggested that the model’s response patterns to key variables were broadly consistent with
established empirical understanding, which supported the interpretability and credibility
of the model results alongside its high predictive accuracy.

5. Limitations and Prospects

Based on 682 experimental samples, systematic hyperparameter optimization was
conducted for multiple machine learning models using the Optuna framework, and the
best-performing model was interpreted using SHAP. This provided a high-accuracy and
interpretable tool for predicting the CD of RA concrete. Nevertheless, several limitations
should be acknowledged to clarify the scope of applicability and to outline directions for
future research.

First, the input variables in this work mainly included engineering-accessible parame-
ters such as mix proportion, material dosage, and exposure time, which could effectively
capture the macroscopic variation trend of CD. However, beyond these factors, the carbon-
ation process of concrete is also significantly affected by relative humidity and temperature,
cementitious composition, pore structure, and other factors. Due to incomplete reporting or
inconsistent definitions of such information in the multi-source literature-compiled dataset,
forcibly incorporating these variables was not feasible as it would substantially reduce the
usable sample size and undermine cross-study comparability. Therefore, the interpretability
results of this study should be understood as conditional attributions within the current
feature framework, rather than a complete elucidation of the carbonation mechanism.
Future work may construct a more comprehensive and standardized database and, on
that basis, incorporate more representative features to enhance the model’s mechanistic
representational capability and interpretive depth.

Secondly, the dataset compiled in this study was obtained from different literature
sources. Differences in experimental protocols, environmental control methods, specimen
preparation, and measurement standards inevitably introduce additional uncertainty. To
address the wide span of CO, concentrations, the model’s learning behavior across different
concentration intervals was examined through CO;-regime-wise performance evaluation
and CC-T SHAP dependence analysis. It should be emphasized, however, that the model
performance was grounded in the range covered by the training dataset, and extrapolative
predictions for extreme conditions beyond the training distribution should therefore be
used with caution.

Third, there remains room for improvement in evaluation robustness and external
validation. The model comparison in this study relied on a single random train—test split.
Although 5-fold cross-validation was used during hyperparameter optimization to reduce
overfitting risk, a single split might not have fully represented performance estimation
variability. Furthermore, a fully independent external dataset from a unified experimental
protocol is lacking for rigorous validation. Future work should prioritize incorporating
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such independent data to externally validate the model, further assessing its transferability
and reliability in practical engineering scenarios.

In addition, SHAP was used in this study to interpret the model from both global and
local perspectives, effectively enhancing the transparency of the predictions. However, it
should be noted that post hoc interpretability methods may struggle to fully disentangle
main effects from interaction effects when features are correlated or when complex non-
linear interactions exist [55]. Therefore, the interpretability results reported in this work
should be regarded as a statistical contribution decomposition specific to the feature set and
data distribution, rather than strict causal inference. Future work may combine multiple
interpretability approaches or conduct more in-depth sensitivity analyses to further eluci-
date the influence of complex interactions and correlations on the mechanisms underlying
CD prediction.

In summary, future work should prioritize expanding and standardizing datasets,
refining the feature system, performing rigorous robustness evaluation and external valida-
tion, and advancing interaction-sensitive mechanistic interpretation alongside uncertainty
modeling. These efforts will enhance the models’ predictive reliability and their value as a
reference for engineering applications.

6. Conclusions

This study developed a prediction model for the carbonation depth of recycled ag-
gregate concrete by employing the Optuna framework for hyperparameter optimization
across seven machine learning algorithms and interpreting the optimal model using the
SHAP method, based on a dataset of 682 experimental samples. The main findings are
summarized as follows:

(1) The Optuna-based hyperparameter optimization significantly enhanced the predictive
performance of most models, particularly for SVR, KNN, and the gradient boosting
models (XGBoost, LGBM, and CatBoost). However, for bagging-based models such
as Random Forest and Extremely Randomized Trees, their default parameter settings
were already near-optimal, and further optimization yielded limited performance
gains. This indicates that systematic hyperparameter tuning is crucial for certain
model types, yet its application should be tailored according to the specific character-
istics of each algorithm.

(2) Among the seven models, XGBoost performed best on the test set (R? = 0.9789, RMSE
=1.0811, MAE = 0.6972, MAPE = 8.7932%, VAF = 97.8966%, and MBE = 0.0641), which
demonstrated excellent fitting accuracy and generalization within the range of mix
proportions and exposure conditions covered by the dataset in this study. Furthermore,
after partitioning the samples by CO, concentration for stratified evaluation, the
model maintained high predictive accuracy across all test subsets, including under
natural carbonation conditions, which indicated that training on mixed-condition
data did not significantly compromise its predictive capability for the key engineering
scenario of natural carbonation.

(3) The SHAP-based interpretability analysis (global and local) indicated that exposure
time was the most critical factor influencing carbonation depth, followed by fine aggre-
gate content, water-to-binder ratio, and recycled aggregate content. The local waterfall
plots further revealed the superposition and offsetting of multiple feature contribu-
tions at the individual-sample level, suggesting that the model could capture the
complex nonlinear relationships between carbonation depth and the combined effects
of mix-design variables and environmental exposure conditions, thereby improving
the transparency and engineering acceptability of the prediction results.
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(4) The proposed “Optuna optimization + multi-model comparison + SHAP interpre-
tation” framework enables effective prediction of the carbonation depth of recycled
aggregate concrete within the scope of the compiled data, while enhancing the in-
terpretability and credibility of the prediction results. This framework provides a
reproducible methodology for data-driven modeling of similar durability issues in
construction materials, offering certain engineering reference value. However, its
applicability to broader material systems and service environments still requires
further validation.
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