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A B S T R A C T

This study presents a data-driven analysis of long-term natural carbonation in concrete, using a newly compiled 
database comprising 1079 mixes and 8194 carbonation depth measurements over 65 years, representing one of 
the largest natural carbonation datasets assembled to date. Four different tree-based machine learning models 
(CatBoost, XGBoost, Random Forest and Decision Tree) were evaluated for predicting carbonation rate (k), with 
CatBoost emerging as the most effective. Partial dependence and SHAP analyses were used to quantify the 
relative importance of 13 features influencing k, including binder composition, mix proportion, curing and 
exposure conditions. The water-to-calcium oxide (w/CaO) ratio emerges as the most important feature, encap
sulating the effects of porosity, carbonatable content, and supplementary cementitious material (SCM) type and 
content. Higher SCM replacement levels increase carbonation, while aggregate-related features show compara
tively less pronounced effects. Carbonation environment is a more important feature than curing condition in 
predicting k. By combining machine learning with interpretable SHAP analysis, the model independently rec
ognised trends consistent with literature findings. This study offers a comprehensive dataset and robustly 
selected features to facilitate future machine learning-based predictions of concrete carbonation.

1. Introduction

Carbonation of cement-based materials has attracted growing 
research interest due to its double-edged impact: it causes deterioration 
by inducing corrosion of embedded reinforcing steel but facilitates 
carbon capture and storage in the built environment. Many factors can 
influence carbonation in cementitious materials. Accelerated carbon
ation in high CO2 environment is commonly employed to study 
carbonation mechanism by serving as a proxy for the much slower 
process of natural carbonation. However, fundamental differences exist 
between the mechanism that occur in accelerated and that in natural 
condition, particularly in the carbonation sequence of hydrates [1,2] 
and the types of carbonation products formed [3,4]. A detailed review of 
these differences is provided by the RILEM TC 281-CCC [5].

The square-root-time function [6], derived from Fick’s first law, is 
commonly used to determine carbonation rate, represented by the 
carbonation coefficient (k). This coefficient serves as a single parameter 
that encapsulates the effects of composition (e.g. binder type, carbo
natable content), microstructure, and exposure condition (CO2 concen
tration, temperature, carbonation duration) [6,7]. Furthermore, 
carbonation coefficients derived from measurements in accelerated 
conditions are often used to estimate those under natural conditions by 

applying the square root ratio of CO2 concentration between the two 
environments [8,9]. However, this simple approach tends to underes
timate natural carbonation coefficients, particularly for blended systems 
containing supplementary cementitious materials (SCM) due to differ
ences in internal water content and pore-blocking effects [10,11]. These 
critical differences and knowledge gaps underscore the need to inde
pendently study, understand, and predict natural carbonation, to accu
rately assess its long-term durability risk and carbon capture/storage 
potential.

Recently, the RILEM TC 281-CCC [5] evaluated the influence of a 
range factors on the carbonation of concrete, including mix design, SCM 
type and replacement level, curing and carbonation conditions. The 
study identified the water-to-reactive CaO ratio (w/CaOreactive), pro
posed by Leeman et al. [12,13], as one of the most important factors. 
This ratio captures the combined influence of porosity (governed by 
water content) and chemical buffering capacity (determined by the 
amount of reactive CaO). The study also found that, at similar replace
ment levels (~25 %), SCMs such as fly ash and silica fume tend to reduce 
carbonation resistance more than slag or limestone. The importance of 
adequate curing is strongly emphasised, particularly for blended con
cretes, which tend to hydrate more slowly than ordinary Portland 
cement. The study also noted that elevated CO2 levels (>3 %) can alter 
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the carbonation mechanisms and products, favouring the formation of 
metastable vaterite and aragonite over calcite, and potentially resulting 
in incomplete carbonation of portlandite.

Determining the relative importance of variables influencing 
carbonation is experimentally challenging, as it is difficult to compre
hensively evaluate multiple variables and isolate their individual effects. 
This challenge is further compounded by the growing variety of new 
low-carbon binder systems, which exhibit increasingly complex com
positions, hydration chemistries, and largely unknown carbonation be
haviours. Moreover, natural carbonation experiments often require 
years if not decades to produce meaningful results. In light of these 
challenges, machine learning (ML) models trained on existing experi
mental data offer significant potential to accelerate understanding and 
prediction of carbonation behaviour across a wide range of binder 
systems.

ML models, such as neural networks and tree-based algorithms, have 
shown strong capability in predicting various properties of cementitious 
materials, including pore solution composition [14], chloride concen
tration [15] and carbonation depth [16–19]. With the emergence of 
interpretable ML methods, such as SHapley Additive Explanations 
(SHAP) and partial dependence plots (PDP), recent studies [20,21] have 
moved beyond black-box predictions to quantify the contributions of 
different factors affecting the performance of concrete, thereby offering 
solutions for optimising mix design and durability. Such approaches are 
particularly suited to studying natural carbonation of concrete, which is 
a complex process influenced by multiple interacting factors, including 
the concrete composition, environmental exposure conditions, and time.

However, the effectiveness of these models is highly dependent on 
the quality and quantity of the training data. Most published models rely 
on limited datasets, with input variables often selected from a narrow 
and sometimes subjective pool, thereby limiting their interpretability 
and generalisability [22,23]. Furthermore, a common limitation is the 
lack of validation using truly unseen data, i.e. data collected indepen
dently from sources not involved in model development or training [24]. 
Therefore, to develop effective machine learning models (to predict 
carbonation for example), a comprehensive database and a robust 
approach to selecting variables based on their relative importance (to 
carbonation) are required.

In response to this, the RILEM TC 281-CCC compiled a database of 
1044 concrete and mortar mixes sourced from 54 references, of which 
26 of them were unpublished research and testing reports [11]. They 
conducted a statistical analysis of the database to investigate the influ
ence of different variables. The study largely confirmed previous find
ings [5], notably that w/CaOreactive is a decisive variable in predicting k 
across a range of binders, aligning with the work of Leeman et al. [11,
12]. The analysis also found no significant link between k and either 
compressive strength or the aggregate-to-binder ratio. Furthermore, 
they observed that accelerated carbonation tests systematically under
estimate k under natural conditions, especially in concretes with high 
SCM content.

The study further applied probabilistic inference and eXtreme 
Gradient Boosting (XGBoost) machine learning model, combined with 
SHAP to evaluate the relative contribution of different variables (here
after referred to as ‘feature(s)’ when discussed in the context of machine 
learning) to carbonation. Carbonation duration was revealed as the most 
significant factor, followed by CO2 concentration and compressive 
strength. However, compressive strength was used as a proxy for water 
content, while aggregate content and curing condition were excluded 
from the analysis. Furthermore, accelerated and natural carbonation 
data were combined, potentially limiting the applicability of the find
ings to natural carbonation. In-depth evaluation of the effects of varying 
feature values on carbonation was lacking. Feature collinearity, e.g. 
simultaneous inclusion of overlapping features such as cement type and 
SCM type, also compromised the robustness of the model.

To address these limitations, the present study proposes a systematic 
framework for feature selection and the development of interpretable 

(‘white box’) ML models to manage multifactorial correlations within 
heterogeneous datasets and reduce the risks of feature collinearity. This 
marks a shift away from traditional accuracy-focused black-box ap
proaches, aiming instead to elucidate the complex relationships between 
variables and k. To support this, a new database has been compiled, 
consisting entirely of data from published literature and comprising over 
1079 mixes and 8194 carbonation depth measurements. This represents 
one of the largest natural carbonation datasets assembled to date, 
spanning 65 years of experimental evidence. It should be noted that by 
the time the RILEM TC 281-CCC database was published, the present 
compilation was already near completion, with only four overlapping 
references. Furthermore, the TC 281-CCC database lacks aggregate- 
related information, rendering it unsuitable for integration into the 
current database.

In short, this study has two complementary aims: (i) to demonstrate a 
methodological framework that integrates a curated literature database 
with interpretable ML analyses, and (ii) to use this framework to extract 
mechanistic insights into how different features influence natural 
carbonation of concrete. Guided by these aims, the research addresses 
the following questions using ML: 

1. Can consistent trends be independently identified from large, het
erogeneous literature datasets to enable accurate carbonation 
prediction?

2. What is the relative importance of different variables influencing 
natural carbonation?

3. How do these variables quantitatively affect the carbonation 
process?

4. Which variables should be prioritised to guide future predictions of 
natural carbonation?

The novelty lies in combining rigorous feature analysis and robust 
model interpretation, with a focus on model explainability in the context 
of natural carbonation. Specifically, the distribution of features and 
potential collinearity issues in datasets were examined (Section 3.2), 
and post-hoc model interpretation using SHAP analysis was performed 
to quantify the contribution of individual features to natural carbon
ation of concrete and to examine how these contributions change as a 
function of varying feature values (Sections 3.3 and 3.4).

2. Methodology

2.1. Database compilation

A new database for natural carbonation depth was compiled from 66 
peer-reviewed journal articles [1,7,25–88] and 7 reports from VTT 
Technical Research Centre of Finland (VTT) and the UK Building 
Research Establishment (BRE) [89–95], covering research conducted 
over 65 years (1958–2022). All of the carbonation depth data was 
measured using the phenolphthalein spray test, which is the most widely 
adopted method recognised by national and international standards 
[96–102]. The reliability and consistency of this method have also been 
evaluated through round-robin experiments [9,103,104], confirming its 
suitability for comparative studies. While more sophisticated methods 
are available for measuring carbonation depth (e.g. thermogravimetric 
analysis (TGA), X-ray diffraction (XRD), and Fourier-transform infrared 
spectroscopy (FTIR)), the amount of carbonation depth data obtained 
using these alternative methods is considerably less compared to the 
phenolphthalein spray method, which remains the most widely used.

Table 1 summarises the variables (45 in total) recorded in the 
database, categorised into binder properties, aggregate properties, mix 
proportions, fresh properties, curing condition and carbonation condi
tion. Most of the variables are well-defined and self-explanatory. Due to 
limited data availability, only binary systems are considered in the 
present study. The binder oxide composition was calculated based on 
Portland cement, SCM type and content and X-ray fluorescence (XRF) 
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data. The Portland cement mineralogical composition was estimated 
using the modified Bogue calculation [105]. The unit content of raw 
materials and mix design ratios (e.g. water to binder (w/b), aggregate to 
paste (agg./paste), coarse to fine aggregate (coarse/fine agg.)) were 
calculated from provided information when not explicitly stated. Mix 
design ratios refer to the relative proportions of constituent materials in 
the concrete mixture by weight (e.g. water/cement ratio, aggregate to 
binder ratio, etc.), whereas unit contents refer to the weight of each 
constituent material per unit volume of concrete in kg/m3.

CaOreactive is the primary component that hydrates and carbonates, 
and the water to CaOreactive mass ratio (w/CaOreactive) is used to describe 
the combined effects of mass transport and carbonation buffer capacity 
of the system [12,13]. However, determining CaOreactive is challenging 
because the information required (i.e. initial limestone content, gypsum, 
unreacted clinker, and unreacted SCMs) [5] is not provided in most 
literature. Moreover, SCMs can contain small amounts of inert 
Ca-bearing phases (e.g. merwinite in GGBS or anorthite in FA-F) that 
further complicate these calculations [5,11]. Therefore, the water to 
total CaO content of the binder (w/CaO) was used in lieu of w/CaOr

eactive in this study to avoid making erroneous assumptions. Hereafter, 
all instances of w/CaO refer to the mass ratio of water to total CaO (i.e., 
all CaO in the system), whereas w/CaOreactive refers to the mass ratio of 
water to the portion of CaO that participates in hydration and carbon
ation. It will be shown later in Section 3.3.1 that using total CaO instead 
of CaOreactive does not significantly impact carbonation predictions.

Curing condition was classified as water, fog, sealed, or air curing, 

while carbonation environment was categorised as indoor, outdoor 
sheltered or outdoor unsheltered [13,106]. For indoor exposure, CO2 
concentration, temperature, and relative humidity were recorded. For 
outdoor exposure, these variables were often unclear or missing, 
although some studies [27,28,95] included detailed meteorological 
data, allowing them to be reported as ranges.

Tabular data were extracted directly, while graphical data were 
digitised using OriginPro [107] software and reported to two decimal 
places. Missing data were classified as either missing at random (MAR) 
or structurally missing (SMD). MAR data were labelled ‘Null’, for 
example, when the binder oxide composition is not available or the fine 
aggregate content in a mortar mix is unknown. SMD refers to inherently 
non-existent data and were labelled ‘N/A’, such as coarse aggregate 
content for mortars.

Imputation methods were considered to address missing data in the 
dataset. However, to enhance the reliability of ML predictions and 
model interpretability, and to mitigate any potential bias introduced by 
imputation [108], all data entries with MAR and SMD were excluded. 
This resulted in the removal of approximately 38 % of the data, 
including paste and mortar systems (which accounted for about 4 % of 
the total mixes) due to SMD in agg./paste and coarse/fine agg. ratios, 
leaving only concrete systems for further analyses.

As such, the final dataset can be regarded as complete for conven
tional OPC, SCM-blended binary systems, and concretes, thereby 
defining the scope of this study yet providing sufficient data quality and 
quantity to robustly develop and evaluate the proposed model frame
work. It is noted, however, that this may reduce representativeness for 
paste and mortar, as well as for more complex ternary and newer binder 
systems. The refined dataset contains over 1000 entries, which remains 
appropriately sized for tree-based models used in this study [109]. The 
exclusion of missing data entries ensures that the models were trained 
and tested on complete datasets, thereby enhancing the robustness and 
validity of the outcomes [110].

2.2. Data preprocessing

Carbonation depths were converted into carbonation coefficients (k) 
for each mix subjected to the same curing and carbonation conditions, 
using the square-root-time function (d = k√t+ d0), where d, t and d0 
represent the measured carbonation depth at time t and initial carbon
ation depth at time zero, respectively. This approach is well-established, 
widely accepted and has been extensively scrutinised for its use in pre
dicting carbonation in research [111] and is recognised in standards (e. 
g. EN 12390-12) [112]. This approach standardises the effect of time, 
allowing k to serve as a consistent metric for comparing different mixes. 
It enables the study to focus on the influence of binder composition, mix 
design, curing condition and carbonation environment, without the 
confounding impact of carbonation duration. More importantly, it ad
dresses data imbalances and reduces bias from studies with dispropor
tionately more carbonation time points than others.

If carbonation depth was measured only at a single time point (t), the 
carbonation coefficient (k) was calculated by simply dividing the 
carbonation depth by the square root of the carbonation duration, 
assuming d0 = 0. For mixes with carbonation depth measured over time, 
the data were fitted based on the least squares method, accounting for d0 
but without imposing constraints. Although it is physically impossible 
and meaningless for d0 to be negative [9], the fitting accuracy improved 
when d0 was not constrained to zero (with an average residual sum of 
squares between actual and predicted carbonation depths of 2.80 ±
12.5 mm vs. 4.49 ± 18.8 mm). Linear regression that produces negative 
d0 value suggests errors or inconsistencies in the experiment [113], for 
example, when samples were not properly pre-conditioned prior to 
carbonation. Therefore, k obtained with negative d0 were retained as-is 
for analysis. Further analysis and discussion on the impact of k with or 
without d0 are provided in Sections 3.2 and 4. To ensure reliability, any 
fitted k values not meeting R2 ≥ 0.9 were excluded from further 

Table 1 
Summary of variables recorded in the database. Information in [], () and {} 
represents the unit, abbreviation, and categories or definitions of each variable, 
respectively.

Category Variables

General information Authors, year of publication, sample ID, system 
type {paste, mortar, concrete}

​

Binder properties SCM type {neat ordinary Portland cement (OPC), 
class-F fly ash (FA-F), ground granulated blast- 
furnace slag (GGBS), limestone (LS), silica fume 
(SF)}, oxide and mineralogical composition [wt. 
%]

​

Blaine fineness [cm2/g], Brunauer-Emmett-Teller 
(BET) specific surface area [m2/g], specific gravity

​

Initial setting time of Portland cement [min] ​
Fine and coarse aggregate 

properties
Type {natural, crushed, recycled or mineralogy of 
aggregate}, maximum aggregate size [mm], 
fineness [cm2/g], specific gravity, bulk density 
[kg/m3], water absorption [wt.%]

​

Mix proportiona Blend type {neat, binary, ternary} ​
Unit content [kg/m3] of Portland cement, SCM, 
water, CaO, coarse and fine aggregates

​

Water to binder ratio (w/b), water to cement ratio 
(w/c), water to CaO ratio (w/CaO), SCM 
replacement level [wt.%], coarse to fine aggregate 
ratio (coarse/fine agg.), aggregate to binder ratio 
(agg./b), aggregate to paste {paste = binder +
water} ratio (agg./paste)

​

Type {air-entraining agent, superplasticiser, water 
reducing agent} and content of admixture [wt.% 
binder content]

​

Fresh properties Slump [mm], flow [mm], air content [%] and 
density [kg/m3]

​

Curing condition Curing method {water, fog, sealed, air}, duration 
[day], temperature [oC], relative humidity [%]

​

Carbonation condition Carbonation environment {indoor, outdoor 
sheltered, outdoor unsheltered}, duration [day], 
temperature [oC], relative humidity [%], 
carbonation depth [mm]

​

Supplementary 
information

Sample shape {prism, cylinder} and dimensions 
[mm]

​

a All mix design ratios are by mass. Fine and coarse aggregates are classified as 
reported in the literature, with a 4 mm threshold applied when not otherwise 
specified.
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analyses. Furthermore, a quantile-quantile (Q-Q) plot was applied to 
evaluate the distribution of k before and after filtering of dataset (see 
Section 3.1), and to identify outliers, thereby preventing extreme (or 
anomalous) data from distorting the findings.

Categorical variables such as SCM type, curing method, and 
carbonation environment were encoded (Table 2) to enable numerical 
analysis and machine learning (Section 2.5). Note that this was applied 
only to the Decision Tree (DT), Random Forest (RF), and Extreme 
Gradient Boosting (XGBoost) models, as the Categorical Boosting (Cat
Boost) model does not require an encoding process due to its inherent 
support for handling categorical data. Since SCM type has no intrinsic 
order, one-hot encoding [114] was employed, creating a binary sparse 
matrix to represent each SCM. Conversely, ordinal encoding [114] was 
applied to curing method and carbonation environment to preserve their 
known intrinsic effect on the properties of concrete. These variables 
were ranked based on their tendency to increase carbonation according 
to literature findings [38,60,94,115], considering their effects on hy
dration and microstructure development. An ordinal score of 5 repre
sents the highest favourability for carbonation, while a score of 1 
represents the lowest.

2.3. Correlation analysis

Spearman’s rank correlation coefficient (ρ) and Grey Relational 
Analysis (GRA) were employed to examine the relationships between all 
identified variables and k. The main purpose was to facilitate feature 
selection and pre-processing by identifying highly correlated features 
and removing redundant ones for subsequent machine learning (Section 
2.5). Spearman’s correlation evaluates linear monotonic relationships 
without any distributional requirements, making it suitable for both 
continuous and discrete ordinal-encoded variables [116]. In contrast, 
GRA based on grey system theory [117,118], is particularly effective for 
capturing nonlinear correlations with implicit (or incomplete) numeri
cal data, and for handling small or poorly informed datasets [119]. The 
method produces a Grey Relational Grade (GRG) and classifies the de
gree of correlation as high strength (GRG between 0.7 and 1), moderate 
(GRG between 0.5 and 0.7) or weak (GRG <0.5).

2.4. Effect quantification

The effect of a particular variable on carbonation depth was quan
tified using Eq. (1), which is an approach adapted from Ref. [120]. This 
was obtained by calculating the change in carbonation depth (d) relative 
to the reference case, assuming no interactions with other variables. This 
is expressed as an E-value: 

Ex,j
t =

dx,j
t − dRef ,j

t

dRef ,j
t

(1) 

Where dx,j
t and dRef ,j

t represent the carbonation depth under the influence 
of variable x and the carbonation depth of the reference, respectively, at 
the same carbonation period t in study j. For example, to quantify the 
effect of SCM replacement level, dx,j

t would be the carbonation depth of a 
mix at a particular SCM replacement level, while dRef ,j

t would be the 
carbonation depth of the respective reference (i.e. neat OPC system, 
SCM replacement level = 0 %). Therefore, a greater E-value (whether 
positive or negative) indicates that the variable has a stronger effect on 
carbonation.

2.5. Machine learning

Based on correlation analysis, 13 features were selected and divided 
into two subsets according to mix design ratios or unit contents of raw 
materials (Table 3) to mitigate overfitting caused by excessive dimen
sionality (e.g., w/CaO ratio already encompasses both water and binder 
contents) and high collinearity (e.g. water and cement contents are 
linearly correlated with w/b). For the ‘mix design ratio’ subset, w/b, 
SCM type and SCM replacement level were used instead of w/CaO when 
analysing the impact of SCM (Section 3.3.2) to avoid collinearity, as w/ 
CaO encapsulates the combined effects of the three variables. As a result, 
the ‘mix design ratio’ subset contained 6 features whereas the ‘unit 
content’ subset contained 9 features for ML analysis. Note that curing 
method, curing duration and carbonation environment were included in 
both feature sets.

For each feature set, the data was further split into training and 
validation sets in a 9:1 ratio, using a random seed number of 42 to ensure 
reproducibility. For model training, K-fold cross-validation (5-fold) was 
applied, where each fold served as a validation set once, and the 
remaining folds formed the training set. This approach helps detect 
overfitting and ensures that the model generalises well to unseen data. 
In addition, model hyperparameters were tuned using the Optuna 
package [121], a Bayesian optimisation-based program, to further 
reduce the risk of overfitting and enhance the prediction accuracy.

Tree-based models were employed to enable reliable and meaningful 
feature interpretability, particularly through SHAP analysis [122], as 
described later. Four tree-based machine learning models, i.e. DT, RF, 
XGBoost and CatBoost, were evaluated. DT was included as a simple 
baseline, though it is prone to underfitting and noise sensitivity. RF 
improves generalisation through bagging but may miss rare patterns and 

Table 2 
One-hot encoding for SCM type and ordinal encoding for curing method and 
carbonation environment, ranked according to their tendency to increase 
carbonation. Higher values indicate conditions that favour carbonation.

One-hot Ordinal

SCM type
Neat OPC (1, 0, 0, 0, 0) –
FA-F (0, 1, 0, 0, 0) –
GGBS (0, 0, 1, 0, 0) –
LS (0, 0, 0, 1, 0) –
SF (0, 0, 0, 0, 1) –
Curing method
No curing – 5
Air – 4
Seal – 3
Fog – 2
Water – 1
Carbonation environment
Indoor – 3
Outdoor sheltered – 2
Outdoor unsheltered – 1

Table 3 
Division of features for machine learning to avoid high collinearity and excessive 
dimensionality.

Variables Feature subsets

Mix design ratio Unit content

w/b ✓a ​
w/CaO ✓ ​
SCM type ✓a ✓
SCM replacement level (wt. %) ✓a ✓
Agg./paste ✓ ​
Coarse/fine agg. ✓ ​
Unit content of binder (kg/m3) ​ ✓
Unit content of water (kg/m3) ​ ✓
Unit content of coarse aggregate (kg/m3) ​ ✓
Unit content of fine aggregate (kg/m3) ​ ✓

Curing method ✓ ✓
Curing duration (days) ✓ ✓
Carbonation environment ✓ ✓

a w/b, SCM type and SCM replacement level were used instead of w/CaO 
when analysing the impact of SCM (Section 3.3.2) to avoid collinearity, as w/ 
CaO encapsulates the combined effects of all three variables.
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is less interpretable than a single DT. XGBoost applies gradient boosting 
to iteratively correct errors to achieve higher predictive accuracy, 
though it is prone to overfitting if not carefully tuned. CatBoost also uses 
gradient boosting but incorporates ordered boosting, native handling of 
categorical features, reducing preprocessing and minimising data 
leakage, albeit with increased computational demand [123]. Unlike the 
other three models, CatBoost does not require ordinal or one-hot 
encoding for categorical features [124]. The best performing model 
for predicting k, defined by the lowest mean absolute error (MAE), mean 
squared error (MSE), root mean squared error (RMSE) and the highest 
coefficient of determination (R2), on the test dataset was selected for 
further analysis of feature contribution.

PDP [125,126] and SHAP [122,127] analyses were employed to 
quantify the relative importance of different features. PDP visualises the 
relationship between a selected feature and the predicted outcome by 
plotting the average model predictions as the feature varies, while 
keeping other features constant. SHAP, based on game theory, de
composes model predictions into contributions from each feature, by 
measuring how much each feature shifts the prediction away from the 
model’s expected value (i.e. the average predicted k across the training 
dataset), thereby quantifying each feature’s influence on the final pre
diction for every data point. These two methods are complementary, 
with PDP offering a global interpretation by showing the average effect 
of a feature, whereas SHAP providing local interpretations by allocating 
contributions of individual data points, thereby enabling identification 
of specific interactions and non-linear relationships that may be 
obscured by global averages.

Both PDP and SHAP have already been adopted in other important 
research fields. They have been used in meteorology to reveal the drivers 
and effects of seasonal asynchrony [128], in medical research to un
derstand the interplay between the genome and transcriptome in 

influencing intratumor heterogeneity [129] and in hydrology to assess 
how human activities affect global patterns of decomposition rates in 
rivers [130]. Across these applications, they have demonstrated high 
reliability and strong explanatory power. While alternative methods, 
such as Gini importance, Local Interpretable Model-agnostic Explana
tions or Accumulated Local Effects are available, they were not adopted 
because they are often biased, unstable, or provide only approximate or 
oversimplified explanations [131–133].

2.6. Computational resources

Python (v. 3.10.14) was used for all computational analyses, 
including statistical analysis and ML workflows, on an Apple Silicon M3 
Max system with 64 GB unified memory in Visual Studio Code. Pandas 
(v. 2.2.3) [134], was used for dataset handling, while scikit-learn 
(v.1.5.2) [135] was used for data preprocessing and building machine 
learning models (DT and RF). XGBoost (v. 2.1.1) [136] and CatBoost 
(v1.2.8) [124] models were installed from their official repositories. All 
packages were installed via Python Package Index (PyPI) (v. 25.0.0).

3. Result

3.1. Overview of database

Fig. 1 provides an overview of the database. This consists of 1079 
mix designs, from which 8194 carbonation depth measurements and 
2872 k values were obtained. The distribution of binder types (Fig. 1a) 
shows that class-F fly ash (FA-F) was the most prevalent SCM, ac
counting for a quarter of the mixes. This was followed by systems 
incorporating ground granulated blastfurnace slag (GGBS), limestone 
fines (LS) and silica fume (SF). Less common SCMs, categorised under 

Fig. 1. Pie charts showing the number and proportion of (a) binder types based on 1079 mix designs, and (b–c) curing methods and carbonation environments based 
on 2872 k values; box plots showing the distribution of (d) SCM replacement level, and (e–f) key mix design ratios, where the horizontal line inside each box 
represents the mean and the whiskers extend to 1.5 standard deviations.
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“Others”, included metakaolin, natural pozzolan, steel slag, rice husk 
ash, trass, etc.

Fig. 1b–c illustrate the distribution of curing methods and carbon
ation environments. Water curing was the most common method. 
Interestingly, nearly a quarter of the 2872 k values were from samples 
exposed to carbonation immediately after demoulding (no curing), 
while 42 % underwent indoor carbonation under controlled CO2 con
centration (200–600 ppm), relative humidity (40–95 %) and tempera
ture (17.5–35 ◦C). The remaining were exposed to outdoor carbonation, 
either sheltered or unsheltered, with varying relative humidity (55–90 
%) and temperature (6–34 ◦C). The curing and carbonation durations 
ranged from 0 to 360 days and from 7 days to 54 years, respectively. 
Preconditioning is an important step in ensuring moisture equilibrium 
[103,137], which may influence the carbonation process. However, 
most studies either do not implement this process or fail to specify it.

The distribution of SCM replacement levels (Fig. 1d) shows that most 
values were within the maximum limits specified by BS EN 197-1 [138], 
i.e. 55 %, 95 %, 35 % and 10 % for FA-F, GGBS, LS and SF, respectively. 
Mix design ratios (Fig. 1e–f) were also well-represented and centred 
around typical values, generally following a normal distribution. To 
mitigate potential biases from extreme values, outliers exceeding 1.5 
times the interquartile range of mix design (~8 % of 1079 mixes) were 
excluded from subsequent analyses. Details of the mean, standard de
viation, skewness and a box plot illustrating the distribution of each 
numerical variable for the 1079 unique mixes are provided in Table S1.

The maximum carbonation depths ranged from 3 to 46.5 mm. k 
values ranged from 0.1 to 34.3 mm/year0.5, while d0 averaged 0.31 ±
2.47 mm. Fig. 2a–b shows that k with consideration for initial carbon
ation depth follows a Weibull distribution (rather than a normal distri
bution, Fig. S1), while d0 fits a normal distribution. The Weibull 
distributions of k before and after data filtering exhibit similar shape and 
scale parameters, with strong overlap of data points (Fig. S1a), indi
cating that the filtered datasets remain representative. Outliers identi
fied in the Q-Q plot (red circles in Fig. 2a) were excluded, and the 
remaining 1960 k values were used for subsequent analyses. Table S2
summarises the criteria for excluding k, including sample type, exposure 
and curing conditions, and goodness-of-fit. Although this reduction from 
the initial total of 2872 may seem significant, the retained data is un
biased, ensuring robustness and reliability of the ML model, as well as 
SHAP and PDP analyses.

3.2. Feature importance

Table 4 presents the correlation between key variables and k 
computed by Spearman’s and GRA methods. The complete results are 
visualised as heat maps in Figs. S2–S3. Spearman’s methods consistently 

identify strong correlations between water-related mix design ratios (w/ 
CaO, w/c, w/b) and k, followed by binder, carbonation, curing and 
aggregate-related variables. The relatively low ranks of water content, 
SCM replacement level (RL) and content are likely due to their non- 
monotonic relationships with k [139,140].

The GRA results indicate that most variables exhibit moderate (GRG 
between 0.5 and 0.7) to high strength correlation (GRG between 0.7 and 
1) with k. Generally, water and binder-related variables (w/c, w/CaO, 
water content, SCM RL, SCM content, w/b, binder content, CaO content) 
and curing duration show ‘high strength’ correlations, with GRG values 
ranging from 0.71 to 0.81. Aggregate-related variables generally exhibit 
‘moderate strength’ correlations, with GRG values between 0.57 and 
0.70. Interestingly, carbonation environment ranks near the bottom. 
This is due to the limited distinct categories in these encoded variables, 
which reduces the precision of GRA, when compared to continuous 
variables [141].

Both methods demonstrate the ability to evaluate variable impor
tance, and they consistently highlight the importance of water-related 
mix design ratios to k. They also confirm strong intercorrelations 
(Figs. S2–S3) between (1) w/c, w/CaO and w/b, (2) mix design ratios 
and the unit content of raw materials, and (3) w/CaO, CaO content, SCM 
replacement level and content. However, inconsistencies persist for 
water content, SCM-related variables and carbonation environment. 

Fig. 2. Q–Q plots to evaluate the distribution of k and d0 using (a) Weibull distribution, and (b) normal distribution.

Table 4 
Spearman’s rank correlation coefficient (ρ) and Grey Relation Grade (GRG) 
between key variables and carbonation coefficient (k) ranked according to 
magnitude in descending order. Negative values in parentheses indicate an in
verse relationship.

Rank ρ GRG

1 w/CaO (0.56) w/c (0.81)
2 w/c (0.53) w/CaO (0.79)
3 Carbonation environment (0.47) Water content (0.76)
4 w/b (0.45) SCM RL (0.75)
5 CaO content (− 0.43) SCM content (0.75)
6 Cement content (− 0.41) w/b (0.73)
7 Binder content (− 0.39) Curing duration (0.72)
8 Agg./b (0.37) Binder content (0.71)
9 Curing duration (− 0.35) CaO content (0.71)
10 Coarse agg. content (0.3) Agg./b (0.7)
11 Agg./paste (0.29) Coarse/fine agg. (0.7)
12 Total agg. content (0.27) Fine agg. content (0.69)
13 Coarse/fine agg. (0.24) Cement content (0.69)
14 Water content (0.22) Agg./paste (0.68)
15 Fine agg. content (− 0.21) Coarse agg. content (0.6)
16 Curing method (0.19) Curing method (0.6)
17 SCM RL (0.14) Carbonation environment (0.59)
18 SCM content (0.1) Total agg. content (0.57)
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This supports the need to split the data strategically (Table 3) to mitigate 
machine learning overfitting caused by excessive dimensionality and 
high collinearity.

Fig. 3 shows the permutation importance and mean absolute SHAP 
values, computed by DT, RF, XGBoost and CatBoost for variables in the 
‘mix design ratio’ feature set (Table 3). The rankings consistently show 
that w/CaO and carbonation environment are the most important fea
tures, followed by curing duration and aggregate-related features. 
Curing method ranks the lowest. CaOreactive and CO2 concentration have 
also been identified as two important features contributing to carbon
ation in the recent study by RILEM TC 281-CCC [11], despite differences 
in the input features used in their SHAP analysis. Both permutation and 
SHAP rankings align closely with those of Spearman’s, suggesting that 
these variables are monotonically related to carbonation.

As mentioned in Section 2.2, k can be determined from the square- 
root-time function either with consideration for initial carbonation 
depth (d0 ∕= 0) or without (i.e. d0 constrained to 0). The approach with d0 
∕= 0 was adopted because it improves linear regression, but this could 
affect feature importance analysis and therefore merits discussion. 
Table 5 shows the relative importance of key features determined by 
SHAP when d0 is considered versus when it is not. The percentage dif
ferences are small (<10 %) in all cases except curing method and 
duration (~37 %), the effects of which are discussed in Section 3.4.

Overall, the CatBoost model performed the best in predicting k, with 
the lowest errors and highest R2 on the test dataset (Table 6), largely due 
to its ability to handle categorical features through ordered boosting, 
without requiring explicit encoding. These findings align with those of 
McElfresh et al. [109], who reported superior performance by CatBoost 
gradient boosting models across 17 regression datasets with categorical 
variables. Although RF and XGBoost exhibited slightly higher training 
accuracy, they showed lower test accuracy compared to CatBoost 
(Table 6), likely due to data leakage introduced during the ordinal 
encoding process, which can lead to prediction shifts and reduced 
generalisation to unseen data [24,124,142]. Based on these findings, the 
CatBoost model was selected for further analysis of the effects of key 
features (Sections 3.3 and 3.4).

3.3. Effect of mix proportion

3.3.1. w/b and w/CaO ratios
Fig. 4a shows a positive linear correlation between w/b ratio and its 

quantified effect on carbonation depth (E value, Eq. (1)). The reference 
case here is w/b ratio ~0.5. It is worth noting that this trend is inde
pendent of binder type and other variables. The regression analysis in
dicates that carbonation depth increases by 36.5 % with a 0.1 increase in 
w/b ratio, in line with the findings of [5]. This trend is consistent with 

current understanding that higher w/b ratios lead to increased total 
porosity [1,35,58] and transport properties of concrete, thereby accel
erating the carbonation process.

Fig. 4b shows a strong positive correlation between w/b and w/CaO 
across all binder systems. Blended systems have larger w/CaO than neat 
OPC systems at the same w/b ratio. This is attributed to the lower CaO 
content of blended systems, especially at high SCM replacement levels. 
Therefore, the use of w/CaO instead of w/b effectively captures the 
influence of two key variables, which controls the total porosity (water) 
and carbonatable content (CaO). The latter encapsulates the influence of 
SCM, as it varies with SCM type and replacement level. This highlights 
w/CaO as a reliable proxy for capturing the combined effects of w/b, 
SCM type and SCM replacement level in machine learning models.

The significance of CaOreactive content (i.e. CaO involved in hydration 
and carbonation) was evaluated by comparing the impact of w/CaO and 
w/CaOreactive on predicted k. This is shown in Fig. 4c for LS-blended 
systems, which represent a good test case since these systems have the 
highest contrast between total CaO and CaOreactive. The CaOreactive was 
estimated by subtracting CaO from limestone filler, which is assumed to 
be inert [11,13]. For example, consider a concrete mix from Huy Vu Q 

Fig. 3. Feature importance computed by different machine learning models for variables in the ‘mix design ratio’ feature set (Table 3).

Table 5 
Effect of d0 on feature importance computed by SHAP analysis for all cases 
where multiple carbonation depths over time are available.

Feature Mean (|SHAP|)

k with d0 k without d0

w/CaO 1.23 1.27 (+3.2 %)
Coarse/fine agg 0.42 0.38 (− 9.1 %)
Agg./paste 0.55 0.49 (− 11 %)
Curing method 0.18 0.25 (+37 %)
Curing duration 0.77 1.04 (+36 %)
Carbonation environment 1.06 1.01 (− 5.1 %)

Table 6 
Performance comparison of different tree-based ML models for predicting k.

DT RF XGBoost CatBoost

Training dataset
MSE (mm/year0.5) 2.58 0.93 0.85 1.12
RMSE (mm/year0.5) 1.61 0.96 0.92 1.06
MAE (mm/year0.5) 1.15 0.67 0.64 0.74
R2 0.77 0.92 0.93 0.90
Test dataset
MSE (mm/year0.5) 2.91 3.64 3.15 1.73
RMSE (mm/year0.5) 1.98 1.91 1.78 1.32
MAE (mm/year0.5) 1.42 1.34 1.24 1.03
R2 0.64 0.67 0.71 0.85
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et al. [27] with a binder containing 30 % LS replacement, a total binder 
content of 280 kg/m3, and 64.5 % of CaO in the cement, the CaOreactive 
content is calculated as 280 kg/m3 × (1–0.3) × 64.5 % = 126 kg/m3.

Both SHAP and PDP analyses show similar predictive trends using w/ 
CaO and w/CaOreactive, suggesting that using total CaO instead of 
CaOreactive in the denominator does not significantly affect the predic
tion of k. Using the example above, at a w/b ratio of 0.65, w/CaO equals 
to 1.07 and w/CaOreactive equals to 1.44. In both cases, increasing water 
content coupled with reducing CaO content increases carbonation. The 
impact of w/CaO and w/CaOreactive in systems with higher inert CaO 
content (>30 %) on k remains unclear and will be revisited as more data 
become available. Nonetheless, these results demonstrate w/CaO is a 
robust feature for carbonation prediction in most binder systems 
compliant with EN-197-1 [138], with LS replacement levels of up to 35 
%.

Fig. 4d depicts the impact of w/CaO on k for different binder types, 
evaluated via SHAP and PDP analyses. All systems, including neat OPC, 
show a linear proportional impact on k with higher w/CaO. These trends 
align with the direct correlations between k and w/CaOreactive observed 
in Ref. [11] for neat OPC, GGBS and FA-F-blended systems. LS-blended 
systems show a slightly larger impact on k, attributable to increased 
porosity [143].

3.3.2. SCM type and replacement level
Fig. 5a presents the quantified effect (E value, Eq. (1)) of different 

SCMs at various replacement levels (grouped according to BS EN197-1 
classifications) on carbonation depth. The results show that, irre
spective of the SCM type and other variables, carbonation depth 

increases with higher replacement levels. This increase is primarily due 
to a reduction in reactive CaO (LS, FA-F) and/or a decrease in por
tlandite content resulting from pozzolanic (FA-F, SF) or latent hydraulic 
(GGBS) reactions [5,144].

It is challenging to draw firm conclusions on the significance of 
different SCM types at replacement levels between 6 and 35 %. This 
could be due to the wide spread of replacement levels and the limitation 
of the E-value calculation, relying on single-factor statistical analysis 
which assumes no interactions between variables [120]. However, it is 
clear that SF has a significant effect at replacement levels >10 %, 
attributable to increased pore sizes [12] and micro-cracking induced by 
autogenous shrinkage [145], while GGBS shows a more pronounced 
impact than FA-F at replacement levels >36 %.

To further investigate the feature contribution of SCM, both SHAP 
and PDP analyses (Fig. 5b) were performed using the ‘mix design ratio’ 
feature set with w/b, SCM type and SCM RL rather than w/CaO 
(Table 3). The results confirm that k increases with higher SCM 
replacement levels. PDP analysis reveals that at the same replacement 
level of up to 30 %, LS exhibits the greatest impact, likely due to its effect 
on pore structure and dilution [12], followed by FA-F, GGBS and SF. A 
direct comparison of the impact of different SCMs on carbonation shows 
that a binder with 35 % FA-F exhibits a similar k value to a binder with 
55 % GGBS, assuming all other variables remain constant. This aligns 
with the higher portlandite consumption of FA-F compared to GGBS, as 
shown with thermodynamic modelling, and the increase in k is governed 
by the rate of the pozzolanic or latent hydraulic reactions [5].

Fig. 5c presents a two-way partial dependence interaction plot be
tween w/b and SCM replacement level for k, irrespective of the SCM 

Fig. 4. (a) Quantified effect (based on Eq. (1)) of w/b on carbonation depth using w/b 0.5 as reference; (b) correlation between w/b and w/CaO; (c) impact of w/ 
CaO and w/CaOreactive on predicted k for limestone blended systems by SHAP (scatter points indicating individual contributions) and PDP (dashed lines showing 
average trends) analyses; (d) impact of w/CaO on predicted k for all binder systems by SHAP (scattered points) and PDP (dashed lines) analyses.

T.C. Chan et al.                                                                                                                                                                                                                                 Cement and Concrete Composites 167 (2026) 106436 

8 



type. The plot demonstrates that increasing both w/b and SCM 
replacement level leads to a greater k. It also illustrates the equivalence 
between different combinations of w/b and SCM replacement levels in 
terms of their impact on k. For example, a w/b ratio of 0.5 combined 
with GGBS replacement level of 50 % results in a k value comparable to a 
neat OPC system at w/c ratio of 0.75.

3.3.3. Aggregate content
Fig. 6a–b shows the influence of agg./paste and coarse/fine agg. 

ratios on k. Compared to w/CaO and SCM replacement level, the 
aggregate-related features have a less pronounced impact on carbon
ation. Fig. 6a suggests a slight increase in k with higher agg./paste ratio. 
On one hand, an increase in aggregate fraction reduces the overall pH 
buffering capacity. On the other hand, higher aggregate content reduces 
the overall porosity and increases the tortuosity of cement paste, thereby 
limiting pathways for CO2 ingress [146]. However, a higher aggregate 
fraction leads to more interfacial transition zones (ITZ), which can 
promote microcracking and facilitate CO2 diffusion, particularly in 
mixes with high w/b ratio [147,148].

Fig. 6b shows that the coarse/fine agg. ratio (at constant agg./paste 
ratio) has no consistent impact on k. However, further analysis using the 
‘unit content’ feature set (Fig. 6c) decouples the impact of fine and 
coarse aggregates on k, revealing a clear increase in k with coarse 
aggregate content, which becomes more pronounced beyond ~1250 kg/ 
m3. In contrast, the impact of fine aggregate content on k is less obvious.

Fig. 6d presents the two-way partial dependence interaction plot 
between w/CaO and agg./paste ratio for k. This shows w/CaO has a 
much greater impact on k compared to agg./paste. However, when agg./ 

paste exceeds ~4, and is paired with w/CaO above 1, a notable increase 
in k is observed. This is likely due to the combined effects of high 
porosity and reduced CO2 buffering capacity from low paste content and 
the less tortuous pathways created by high total aggregate content [6,
149].

3.4. Effect of curing and carbonation conditions

Fig. 7a presents the quantified effect of curing method and duration 
on carbonation depth. As expected, carbonation depth reduces with 
longer curing duration, regardless of the curing method. Water curing is 
most effective for limiting carbonation depth, followed by fog and seal 
curing, irrespective of the binder type. SHAP and partial dependence 
analyses (Fig. 7b) show that, for water and fog curing, k decreases with 
increasing curing duration up to 7 days, with no definitive trends 
observed thereafter due to limited data availability.

As mentioned in Section 3.2, curing influences d0. To investigate this, 
the distribution of d0 values is plotted for different curing methods (all 
with a curing duration of 28 days) in Fig. 7c. The results show that 
water, fog and seal curing produce lower d0 values compared to air and 
no curing. Negative d0 values, especially for water and fog curing, sug
gest that the initiation of carbonation may be delayed due to high in
ternal water content, likely caused by the absence of preconditioning. In 
contrast, when air (or no curing) is applied, the sample surface is drier, 
allowing carbonation to initiate earlier, resulting in larger positive d0 
values.

Fig. 8a presents the impact of carbonation environment (indoor, 
outdoor sheltered, and outdoor unsheltered) based on the E-value, SHAP 

Fig. 5. (a) Quantified effect (based on Eq. (1)) of SCM replacement level on carbonation depth; (b) SHAP (scatter points indicating individual contributions) and PDP 
(dashed lines showing average trends) analyses of SCM replacement level on predicted k; and (c) two-way partial dependence interaction plot between SCM 
replacement level and w/b.
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and partial dependence analyses. All three methods show consistent 
trends. Carbonation is most severe under indoor exposure, followed by 
outdoor sheltered and unsheltered environments. Indoor exposure 
conditions are well-controlled (e.g. constant relative humidity of 50–65 
%) throughout the test [26,94] and set to maximise carbonation. In 
contrast, outdoor conditions experience fluctuations in relative humid
ity and temperature, and wet/dry cycles, in particular unsheltered 
exposure. Carbonation decreases or suspends when specimens become 
excessively dry or wet [5,26,94].

Fig. 8b shows the two-way partial dependence interaction between 
curing method and carbonation environment on k. Regardless of the 
curing method, indoor exposure has the largest impact on k, followed by 
outdoor sheltered and outdoor unsheltered conditions. However, within 
the same carbonation environment, no definitive conclusions can be 
drawn about the impact of curing method, particularly for outdoor 
sheltered and unsheltered exposures. Overall, curing method has a lower 
impact on k compared to carbonation environment.

3.5. Comparison with literature findings from RILEM TC 281-CCC

The SHAP values presented in Section 3.3 were converted to k values 
by adding them to the average predicted k, enabling estimation of the 
average factor by which k changes as each feature varies within its 
range. This approach allows for direct comparison with findings from TC 
281-CCC [5], which reported the effects on k based on single-factor 

literature analysis. For categorical features, including SCM type, 
curing method and carbonation condition, predicted k values were 
compared against selected baselines, i.e. a 25 % replacement level for 
SCM type, a 28-day curing age for curing method and indoor exposure 
for carbonation condition.

Table 7 shows generally good agreement between the SHAP-based 
analysis in this study and the single-factor, literature-based analysis 
from TC 281-CCC. In both studies, w/CaO emerges as the most influ
ential feature. SHAP analysis indicates that k increases by a factor of 3.7, 
broadly aligning with the 5-fold increase reported by TC 281-CCC for w/ 
CaOractive.

However, a discrepancy arises in the ranking of SCM types. SHAP 
analysis, consistent with the PDP results (Fig. 5b), suggests that LS and 
FA-F lead to higher k than SF and GGBS, whereas TC 281-CCC suggested 
that SF should rank ahead of LS at a 25 % replacement level. This dif
ference is likely due to the different approaches adopted rather than to 
data imbalance in the present study. TC 281-CCC’s findings are based on 
qualitative literature review, while the results here are derived from a 
data-driven analysis using ML and interpretable methods. Some degree 
of data imbalance is common in real-world datasets of this type, where 
research on and applications of different SCMs vary depending on local 
availability. Nevertheless, the CatBoost model applied in this study is 
relatively robust to such imbalance due to its decision-tree algorithms 
and embedded techniques, including ordered boosting, effective 
handling of categorical features (such as SCM type), which help mitigate 

Fig. 6. SHAP (scattered points indicating individual contributions) and PDP (dashed lines showing average trends) analyses of (a) agg./paste and (b) coarse/fine agg. 
ratio on predicted k; (c) SHAP analysis of fine agg. and coarse agg. content on predicted k; and (d) two-way partial dependence interaction plot between w/CaO and 
agg./paste.
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the risk of bias [4].
TC 281-CCC did not provide a quantitative estimate for the influence 

of SCM replacement level but qualitatively identified an increasing trend 
for k with higher replacement across all SCM types. SHAP analysis 
quantifies this effect as a factor of 2.49, confirming that higher 
replacement levels lead to increased k. For aggregate-related features, 
TC 281-CCC reported a 1.1–1.5-fold increase in k with a higher 

aggregate-to-cement volume ratio, depending on binder type. SHAP 
analysis identifies a similar effect, with a factor of 1.36 averaged across 
all binder types. SHAP analysis further shows that increasing coarse/fine 
agg. from 0.6 to 2.5 results in a slight increase in k, by a factor of 1.08.

In terms of curing, both the TC 281-CCC and SHAP analyses confirm 
that water curing is more effective than air curing or no curing. SHAP 
analysis further shows that prolonging curing to 28 days reduces k by a 

Fig. 7. (a) Quantified effect (based on Eq. (1)) of curing method and duration on carbonation depth; (b) SHAP (scatter points indicating individual contributions) and 
PDP (dashed lines showing average trends) analyses of curing duration and methods on predicted k; and (c) Distribution of d0 for different curing methods under a 
28-day curing duration.

Fig. 8. (a) Quantified effect (based on Eq. (1)) of carbonation environment on carbonation depth, SHAP and PDP analyses on predicted k; and (b) two-way partial 
dependence interaction plot between curing method and carbonation environment.
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factor of 0.65, which aligns with TC 281-CCC’s reported reduction in k 
by factors ranging from 1.1 to 2.5. For carbonation conditions, both 
approaches agree on the same ranking, with indoor > sheltered outdoor 
> unsheltered outdoor. These findings highlight the potential of SHAP- 
based analysis to validate and complement existing literature. While 
traditional single-factor analyses consider each parameter in isolation, 
SHAP provides quantitative estimates that reflect the combined and 
interacting effects of features, offering a more comprehensive under
standing of their influence on k.

4. Discussion

The modelling framework presented in this study, based on a large 
dataset and machine learning analyses, provides quantitative insights 
into which features are most important and how they influence natural 
carbonation of concrete. These insights can potentially be used to pro
vide indicative assessments of durability of existing concrete structures, 
guide future binder selection and mix design, inform or refine design 
codes, and support the development of new binders, ultimately aiming 
to achieve more carbonation-resistant and durable concrete structures. 
However, to fully exploits its practical potential, further work as 
detailed below is required.

A challenging aspect of this study was the occurrence of missing data 
in the datasets. To avoid potential bias and preserve model interpret
ability, all entries with missing data were excluded (Section 2.1), which 
significantly reduced the dataset. While this approach helped ensure the 
robustness and validity of the ML predictions for k, it may have limited 
the models’ full predictive potential, especially for paste and mortar, as 
well as more complex ternary and newer binder systems. In future work, 
systematic imputation techniques, such as regression imputation, 
distribution-based imputation and k-nearest neighbour imputation 
[150,151], will be explored to evaluate whether a more complete but 
imputed dataset can further improve the reliability of carbonation 
predictions.

Inevitably, some binder systems are less well studied than others. 
These were recorded in the database but excluded from analyses due to 
limited data availability. Examples include (1) ternary blended systems, 
which exhibit complex chemical interactions and synergistic effects on 

carbonation [152–154], (2) marine-exposed or chloride-contaminated 
systems, which show altered pH and ion equilibria in the pore solu
tion [155,156], (3) systems containing recycled or coated aggregates, 
which modifies carbonation capacity and overall porosity [80,157], (4) 
self-compacting systems with high dosages of water-reducing admix
tures [158–161], and (6) cored specimens from in-service structures, 
where structural loading exacerbates carbonation under tension and 
vice-versa [162]. Future work should revisit these when their data 
availability improves.

A potential limitation of this study is that it only considers carbon
ation depths obtained via phenolphthalein spray. This is a simple 
operator-dependent test, and its pH-induced colour change may un
derestimate the true carbonation front. But it is the mostly widely used 
standardised method. Its reliability has been assessed through round- 
robin testing [9,103], and confirmed with high-resolution techniques 
such as Raman microscopy [104]. Studies have also used other methods 
such as TGA, XRD, and FTIR to profile carbonation depth. Although 
these techniques provide detailed information on phase and chemical 
composition, they typically require destructive sampling and prepara
tion (e.g. cutting, grinding, and hydration stoppage) at intervals along 
the carbonation depth. Such procedures can affect measurement accu
racy and may create an artificial transition zone containing both 
carbonated and uncarbonated material, which, according to previous 
work [104], does not exist. Furthermore, these methods can produce 
different carbonation depth values depending on the sampling intervals 
and interpretation of results, making it difficult to achieve fair com
parisons across datasets, unlike the standardised phenolphthalein spray 
method.

The w/CaO ratio has emerged as the most important feature 
impacting k as it encapsulates the combined effects of porosity, carbo
natable content, and indirectly, the influence of SCMs. This feature has 
potential to predict more complex systems such as ternary blends con
taining uncommon SCMs. To illustrate this, the CatBoost model trained 
with the ‘mix design ratio’ feature set with w/CaO was tested on unseen 
blended systems containing uncommon SCMs such as metakaolin, class- 
C fly ash, natural pozzolan, steel slag, rice husk ash, trass and diatomite. 
The results (Fig. 9) show reasonably good accuracy (R2: 0.62, RMSE: 
1.82 mm/year0.5) and indicate the applicability of w/CaO-trained model 

Table 7 
Influence of key features on k, comparing data-driven SHAP analysis in this study with single-factor analyses performed by TC-281 based on literature review.

Feature category Feature Observed range Factor by which k changes across the observed range of a featurea

Single-factor analysis in TC-281b SHAP analysis in this study

Binder composition 
and mix design

w/CaO 0.5 → 2 (SHAP) 
0.4 → 0.9 (TC-281, w/ 
CaOreactive)

5.0 3.7, across all binder types

Type of SCM (at a 
replacement level of 25 %)

OPC, FA-F, SF, LS, GGBS FA-F ≈ SF (2.3) > LS (1.9) > GGBS (1.3) > OPCc LS (1.46) > FA-F (1.38) > SF 
(1.37) > GGBS (1.37) > OPCc

SCM replacement level 0 → 85 % of OPC No quantitative conclusion was drawn, but a 
qualitative increasing trend was identified across all 
SCM types

2.49, across all SCM types

Agg./paste 2 → 5.5 (SHAP) 
1.7 → 2.3 (TC-281, 
aggregate-to-cement 
volume ratio)

1.1 (OPC) – 1.5 (blended with pozzolan or slag) 1.36, across all binder types

Coarse/fine agg. 0.6 → 2.5 n/a 1.08
Curing Curing method (with a 

curing duration of 28 days)
​ Air > water (28days) No curing > seal (− 0.73) > fog 

(− 0.65) > water (− 0.61)d

Curing duration 1 → 28 days − 1.1 to − 2.5 (vary depending on SCM type, degree 
of hydration and curing method)

− 0.65 (1 → 28 days), irrespective 
of curing method and binder type

Carbonation Carbonation condition ​ Indoor > outdoor sheltered > outdoor unsheltered Indoor > outdoor sheltered 
(− 0.69) > outdoor unsheltered 
(− 0.54)e

a A positive value indicates a contributing effect that increases k, whereas a negative value indicates a reducing effect.
b Data for all features were from Ref. [5], except for carbonation condition, which was taken from [9].
c Values in parentheses are relative to OPC.
d Values in parentheses are relative to no curing.
e Values in parentheses are relative to indoor.
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for carbonation prediction. It is important to note that these are pre
liminary findings. The scope of the dataset, limited to conventional SCM 
and binary binders, may reduce representativeness for these less-studied 
systems. Further studies are ongoing to validate this across a broader 
range of data.

Overall, this study shows that the relative importance of different 
variables can be predicted using a data-driven approach, leveraging 
machine learning methods such as partial dependence and SHAP ana
lyses. Further investigations are required to confirm the influence of 
aggregate-related variables, including agg./paste and coarse/fine agg. 
on carbonation. While ordinal encoding has limitations in capturing the 
precise impact magnitude of categorical data (carbonation environment 
and curing method) [114], the predicted impact on carbonation is 
generally consistent with experimental findings in the literature. Future 
research could explore more advanced methods such as scoring tech
niques, logit models, or latent variable models [163] to quantify the 
influence of these categorical features.

5. Conclusions

This study presents a comprehensive analysis of the relative impor
tance of binder composition, mix proportions, curing and carbonation 
conditions on the natural carbonation of concrete using a data-driven 
approach. By combining correlational analyses, effect quantification, 
and ML methods, the study quantitatively evaluates the influence of 
various features on natural carbonation. To support the investigation, an 
extensive database has been compiled, comprising 1079 mixes and 8194 
carbonation depth measurements collected over a period of 65 years, 
representing one of the largest natural carbonation datasets assembled 
to date.

A systematic framework for feature selection and the development of 
interpretable ML models was established. Trends consistent with liter
ature findings were independently identified across large, heteroge
neous literature datasets. The most influential features affecting the 
natural carbonation of concrete were ranked and prioritised for future 
prediction models, and their effects were quantified. The key findings 
are summarised as follows: 

a A total of 2872 carbonation coefficient (k) values were obtained 
using the square-root-time function (d = k√t+ d0). Allowing d0 as a 
free parameter could improve regression fit, reducing the average 
residual sum of squares from 4.49 ± 18.8 mm to of 2.80 ± 12.5 mm.

b. Spearman’s correlation and GRA indicate strong collinearity among 
mix design ratios, highlighting the need for careful feature selection 
and dataset splitting to prevent overfitting and maintain model 
interpretability.

c. CatBoost outperformed other tree-based models (XGBoost, Random 
Forest and Decision Tree) in predicting k (R2 = 0.85, RMSE = 1.32 
mm/year0.5) due to its native handling of categorical features, 
eliminating the need for explicit encoding and enabling more effec
tive capture of category-based patterns.

d. Data-driven ML combined with explainable SHAP analysis, shows 
potential to independently capture trends consistent with experi
mental findings in the literature, supporting the validity of both the 
constructed database and the predictive model for natural carbon
ation depth in concrete.

e. The most important features influencing k under natural carbonation 
based on SHAP analysis, ranked in descending order are (1) w/CaO 
ratio, (2) carbonation environment, (3) curing duration, (4) agg./ 
paste ratio, (5) coarse/fine agg. ratio, and (6) curing method. Other 
highly intercorrelated features should be excluded to minimise 
collinearity.

f. The w/CaO ratio can capture the effects of porosity, carbonatable 
content, and SCM, with higher w/CaO associated with increasing k. 
For binders low in inert CaO (e.g. LS < 30 wt.%), total CaO may be 
used in lieu of reactive CaO to predict carbonation, although this 
remains uncertain for binders with higher inert CaO content. Ac
cording to PDP and SHAP analysis, k generally increases with SCM 
replacement level <25 wt.%, with LS having the greatest observed 
effect, followed by FA-F, SF, and GGBS. Further investigation is 
warranted to confirm these.

g. Aggregate-related variables seem to have a less pronounced impact 
on k, with no clear trends observed for the agg./paste and coarse/fine 
agg. ratios. However, a closer analysis suggests k may increase with 
coarse aggregate content, while fine aggregate appears to have a 
weaker effect. Further investigation is required to confirm these.

h. Carbonation environment appears to have a greater impact on k than 
curing, with indoor exposure under controlled conditions showing 
the most noticeable effect. Among curing methods, water curing 
seems most effective at limiting carbonation, and extended curing 
durations are generally associated with reducing k.

Overall, the study provides a robust foundation for advancing ML 
research in concrete durability, supporting the development of transfer- 
learning models to extend carbonation predictions to novel or multi- 
SCM binder systems and the integration of other durability factors, 
thereby broadening model applicability.
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[153] R.A. Rivera, M.Á. Sanjuán, D.A. Martín, J.L. Costafreda, Performance of ground 
granulated blast-furnace slag and coal fly ash ternary Portland cements exposed 
to natural carbonation, Materials 14 (2021) 3239, https://doi.org/10.3390/ 
ma14123239.

[154] K. De Weerdt, M.B. Haha, G. Le Saout, K.O. Kjellsen, H. Justnes, B. Lothenbach, 
Hydration mechanisms of ternary Portland cements containing limestone powder 
and fly ash, Cement Concr. Res. 41 (2011) 279–291, https://doi.org/10.1016/j. 
cemconres.2010.11.014.

[155] C. Andrade, Carbonation effect on the chloride profile, XV international 
conference on durability of building materials and components. Ebook of 
Proceedings, 2018, https://doi.org/10.23967/dbmc.2020.232.

[156] S. Nagataki, H. Ohga, Combined Effect of Carbonation and Chloride on Corrosion 
of Reinforcement in Fly Ash Concrete, 132, ACI Special Publication, 1992, 
pp. 227–244, https://doi.org/10.14359/2069.

[157] M.A. Sanjuán, C. del Olmo, Carbonation resistance of one industrial mortar used 
as a concrete coating, Build. Environ. 36 (2001) 949–953, https://doi.org/ 
10.1016/S0360-1323(00)00045-7.

[158] D.W.S. Ho, R.K. Lewis, Carbonation of Concrete Incorporating Fly Ash or a 
Chemical Admixture, 79, ACI Special Publication, 1983, pp. 333–346, https:// 
doi.org/10.14359/6700.

[159] G. Heirman, L. Vandewalle, V. Boel, K. Audenaert, G. De Schutter, 
J. D’Hemricourt, B. Desmet, J. Vantomme, Chloride penetration and carbonation 
in self-compacting concrete, in: Proc. of the Int. RILEM/JCI Seminar on Concrete 
Durability and Service Life Planning, RILEM Publications SARL, Bagneux, 2006, 
pp. 13–23.

[160] M. Sonebi, V. O’Donughue, G. Keogh, Effect of the Type of Supplementary 
Materials and Viscosity Enhancing Admixture on the Durability of Self- 
Compacting Concrete, 2008.

[161] M. Valcuende, C. Parra, Natural carbonation of self-compacting concretes, Constr. 
Build. Mater. 24 (2010) 848–853, https://doi.org/10.1016/j. 
conbuildmat.2009.10.021.

[162] Y. Yao, L. Wang, J. Li, N. De Belie, X. Shi, P. Van den Heede, C. Zhang, Z. Liu, 
V. Talakokula, Z. Jin, C. Xiong, J. Lu, S. Kamali-Bernard, T. Bansal, B. Li, Z. Wang, 
Y. Huang, Report of RILEM TC 281-CCC: effect of loading on the carbonation 
performance of concrete with supplementary cementitious materials — an 
interlaboratory comparison of different test methods and related observations, 
Mater. Struct. 56 (2023) 110, https://doi.org/10.1617/s11527-023-02190-0.

[163] D.A. Powers, Y. Xie, Statistical Methods for Categorical Data Analysis, second ed., 
Emerald, Bingley, 2008.

T.C. Chan et al.                                                                                                                                                                                                                                 Cement and Concrete Composites 167 (2026) 106436 

17 

https://doi.org/10.1126/science.adn1262
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref131
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref131
https://doi.org/10.1109/ACCESS.2024.3422319
https://doi.org/10.1109/ACCESS.2024.3422319
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref133
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref133
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref133
https://doi.org/10.25080/Majora-92bf1922-00a
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref135
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref135
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref135
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref135
https://doi.org/10.1145/2939672.2939785
https://doi.org/10.1061/(ASCE)0899-1561(2009)21:7(333)
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref138
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref138
https://doi.org/10.1680/macr.15.00204
https://doi.org/10.1680/macr.15.00204
https://doi.org/10.1680/jmacr.15.00449
https://doi.org/10.1007/s10664-009-9113-0
https://doi.org/10.1007/s10664-009-9113-0
https://doi.org/10.1109/icmlc58545.2023.10327921
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref143
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref143
https://doi.org/10.1617/s11527-015-0527-4
https://doi.org/10.1016/j.cemconres.2021.106611
https://doi.org/10.1016/j.conbuildmat.2016.10.062
https://doi.org/10.1016/j.conbuildmat.2016.10.062
https://doi.org/10.1680/macr.2008.61.8.571
https://doi.org/10.1680/macr.1998.50.4.339
https://doi.org/10.1016/0009-2509(91)85060-B
https://doi.org/10.1016/j.cjca.2020.11.010
https://doi.org/10.1016/j.cjca.2020.11.010
https://doi.org/10.1080/08839514.2019.1637138
https://doi.org/10.1080/24705314.2021.1971892
https://doi.org/10.3390/ma14123239
https://doi.org/10.3390/ma14123239
https://doi.org/10.1016/j.cemconres.2010.11.014
https://doi.org/10.1016/j.cemconres.2010.11.014
https://doi.org/10.23967/dbmc.2020.232
https://doi.org/10.14359/2069
https://doi.org/10.1016/S0360-1323(00)00045-7
https://doi.org/10.1016/S0360-1323(00)00045-7
https://doi.org/10.14359/6700
https://doi.org/10.14359/6700
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref159
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref159
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref159
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref159
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref159
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref160
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref160
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref160
https://doi.org/10.1016/j.conbuildmat.2009.10.021
https://doi.org/10.1016/j.conbuildmat.2009.10.021
https://doi.org/10.1617/s11527-023-02190-0
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref163
http://refhub.elsevier.com/S0958-9465(25)00518-9/sref163

	Natural carbonation of concrete: a data-driven analysis
	1 Introduction
	2 Methodology
	2.1 Database compilation
	2.2 Data preprocessing
	2.3 Correlation analysis
	2.4 Effect quantification
	2.5 Machine learning
	2.6 Computational resources

	3 Result
	3.1 Overview of database
	3.2 Feature importance
	3.3 Effect of mix proportion
	3.3.1 w/b and w/CaO ratios
	3.3.2 SCM type and replacement level
	3.3.3 Aggregate content

	3.4 Effect of curing and carbonation conditions
	3.5 Comparison with literature findings from RILEM TC 281-CCC

	4 Discussion
	5 Conclusions
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgement
	Appendix A Supplementary data
	Data availability
	References


