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Fig. 1 Framework for concrete carbonation depth prediction and explicit formula extraction
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Table 1 Names, abbreviations, and units of all input features

Category

Features

Binder properties

Mix proportion

Oxide composition [%] of OPC and SCM, SCM type {fly ash (F), slag (SI), limestone (L), silica fume (SF), metakaolin (M)}

Unit content [kg-m~] of binder (B), OPC, water (W), fine aggregate (FA), coarse aggregate (CA), SCM, Superplasticizer (SP),

air-entraining agent (AE), water-to-binder ratio (W/B), water-to-CaO ratio (W/CaO), SCM replacement level [%] (SCM/B)

Carbonation condition

Annual min, mean, max of monthly average relative humidity [%] (RH_min, RH_mean, RH_max), Annual min, mean, max of

monthly average temperature [°C] (T_min, T_mean, T_max), Annual average of CO, concentration [%] (CO,), Carbonation

environment {indoor (3), outdoor sheltered (2), outdoor unsheltered (1)} (C_envir), Carbonation exposure time [day] (C_time)

Curing condition Curing time [day] (Cu_time)

Material properties

Degree of hydration at 28 d [%] (DOH), compressive strength at 28 d [MPa] (CS)

Note: Abbreviations in () and units in [].
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Fig. 2 Empirical cumulative distributions of input variables and carbonation depth
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Table 2 Different feature sets for concrete carbonation

depth prediction

Feature set Features used for modeling Removed features

FSO All features

FS1 B, OPC, F, SI, L, M, SE, W/B, DOH, OPC_oxides,
SCM_oxides,
RH max, RH min,

T max, T min

RH mean, T mean, CO,, C time,
FA, CA, SP, AE, Cu_time, CS, W,
W/CaO, C_envir, SCM/B

FS2 OPC, RH_mean, T_mean, CO,,
C_time, Cu_time, W/CaO,
C_envir, SCM/B

B,F SLL, M, SF,
W/B, DOH, FA,
CA, SP, AE, CS, W

FS3 OPC, CO,, C_time, Cu_time,
W/CaO, C_envir

RH mean, T mean,
SCM/B
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Table 3 Ranges of input variables and SHAP contributions in the final model

Feature W/CaO C time/d C _envir OPC/(kg-m™) RH_mean/% Cu_time/d CO,/% SCM/B T mean/°C
Input min 0.45 28.00 1.00 90.00 32.60 1.00 0.03 0.00 6.70
Input max 1.95 4852.00 3.00 510.00 80.00 191.00 0.05 0.75 29.50
SHAP min -0.64 -0.91 -0.40 -0.35 -0.32 -0.36 -0.06 -0.20 -0.17
SHAP max 0.65 0.99 0.27 0.60 0.26 0.32 0.35 0.20 0.37
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Table 4 Concrete carbonation depth prediction models proposed in different studies
Model Expression Ref.

FI  x=-056213-8.792/~/1 +17.8372(W /B)

(311

Where x : carbonation depth, ¢ : carbonation time, W /B : Water-to-binder ratio

F2 C:kxalxazxasxﬂxﬁzxﬁzx\/;

[32]

Where C : carbonation depth (mm), ¢: time (year), k : Kishitani model coefficient, ¢, : coefficient related to concrete type, «, : coefficient

related to cement type, a; :

f, : CO, concentration coefficient

coefficient related to water-to-binder ratio, f, : temperature coefficient, 2, :

humidity coefficient,

F3  d =K (W/C-0.106)(C? ~508351C, ~1195.624)(F +112.460)(T - 277.662)(C;** ) (RH ~125.410RH + 2351.806 )/t (71

Where d_ : carbonation depth of concrete (mm), K. : overall carbonation influence coefficient, W /C : water-to-cement ratio, C, : cement

content (kg/m?), F : content of supplementary cementitious materials (e.g., fly ash) (kg/ m®), T: carbonation test temperature (K), C,:CO,

concentration in the simulation test (%), RH : relative humidity in the simulation test (%), ¢ : carbonation time (d)

F4 d., =ee.e.c (F )gw

s “c Yem \ T ey

[33]

Where d,,: carbonation depth at time ¢, ¢, : correction coefficient for environmental relative humidity, e, : correction coefficient for

s

sheltering or rainfall exposure conditions, e, : correction coefficient for environmental CO, concentration, c,, : coefficient related to

cement type or binder system, F,,: strength development function considering curing age, g : carbonation transfer factor reflecting the

influence of cement or supplementary cementitious materials, ¢ : carbonation time

F5 x=f,(RH) £,(T) £,([CO,)) fi (fral )Nt

[34]

Where x : carbonation depth, f (RH) : function describing the influence of relative humidity, f, (T ) : function describing the influence of

temperature, f; ([COZ]) : function describing the influence of CO, concentration, f, ( f,a/c): function representing the combined

influence of compressive strength and aggregate-to-cement ratio

RH : relative humidity, 7 : temperature, [COZ]: CO; concentration, f : compressive strength, a/c : aggregate-to-cement ratio, ¢ :

carbonation time
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Fig. 10 Comparison of RMSE values on the training and test
data and RMSEuwin/RMSEst ratios for different
models

A, M RMSEuai/RMSE oo FLIE KB, HlLEs%
SR Z L E B RAR T 1, Ui AEMNREE R
WERERTNSE, FE—EMZIMERE TN,
Mg A=Az L EBLS ST 1, £H
FAEN AT EE b (1R 25 0 A AR X ¥ M, (HE
PRTIINR 250K e PF AR AY ) RMSE rain/RMSE est Eb
fE#E 1, HUIZGEANREE RMSE ¥R, 18
FLAE R % e TOUIN R 52 1740 ) i L 8 S 0 T s



254 55 10

PO A T A RENLAR o o1 AR BE L B AR P ST 2 3R

° 3385 -

PE. 286K, PF ARG A S TR B Bz
s v DA SR S A AT R RRAE, R I
TAERI T

Rt — PR PF BEBZ AL RE, X Chan
At 61T £ I B3 K VR B+ AR TR AL B P 3R AT 0
%, EEUEE5EE OPC 5 SCM B rd . 1R &
RS EEE, JL193) 843 SKFEARIENAMITEL
PidE, %A, Chan UV FIAMBEHRE S A T
V' SEAS BT FH 5 a6 B0 SR T AN [F) Gk, AAFEAEE
SRS, RUERT R TIR T PF OB (15 8 >k
Pz AR Sy fEBREERE b, FIFZAMEEEE XA
[F) sk A TS B P T AR ZE AT X L 2B, DAVRAS
FRIZAGRE ST itk — 0 U B A R S S
BRI BHR 25, R 502 MRS
Hh 3 B N AR B R B A IR FE R B Y FELEEAT T X B

R S L, AN LS R ISR R F 2

A U E BRI B M E S, (HA4F
E—EZER. Hi, JMTEIRLER OPC. C_time.
Cu_time A1 SCM/B HUE JG I AHRT 72, i B HAE iR
BEAPRLZE R BTSSR 7 4 1) 52 7 T P e 7
T R i HdE S JUHE Cu_time BB AMEH
JRAEHIEEERT 191 d FEEZE 29 d, RHISMHEHEE
HRIAFR AR D M2, SRR ER
T mean fx K{HIEF] 35.0 C, mTIRIBHIEER
29.5°C, VLEHAMBEIR RO S SREXE THE
IRBRAGFEAR . IEAL, AMERER AR CO IRELEH T
0.04%7c 47, TR AGEAREE N 0.03%~0.05%, B
ANFBE R B S AL s MU Ve Bl = 5.
SRS, ANTEHE S5 a6 B SR R B A AT 1
A A A, SUAFAE — 8 I A R RN A Y
ZE 5, DRI T FH A B0 A [R5 2 A 125 5 SRR 2 A
TRz

x5 FRRBESESIINPEEETETENEEEEL
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Feature OPC/(kg'm™) RH _mean/% T mean/°C COy/%  C_time/d Cu_time/d W/CaO C_envir SCM/B  C_depth/mm
Original min 90.0 32.6 6.7 0.03 28.0 1.0 0.45 1.0 0.0 0.0
Original max 510.0 80.0 29.5 0.05 4852.0 191.0 1.95 3.0 0.75 36.2
External min 125.0 50.0 6.0 0.04 28.0 1.0 0.51 1.0 0.0 0.0
External max 451.0 79.0 35.0 0.04 4015.0 29.0 1.96 3.0 0.65 346
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Fig. 11 Comparison of RMSE values of different models on
the original full dataset and the external dataset
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Construction of an Explicit Prediction Formula for Concrete Carbonation Depth Based on
Interpretable Machine Learning
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Extended Abstract

Introduction Accurate prediction of concrete carbonation depth is essential for durability assessment and service-life prediction of

reinforced concrete structures, as well as for evaluating the COz uptake capacity of cement-based materials. Concrete carbonation is

affected by material composition, mix proportions, curing conditions, and the exposure environment, and these factors exhibit

complex nonlinear coupling effects. Traditional empirical models are generally based on simplified assumptions and limited variables,

making it difficult to fully describe the carbonation process. Machine learning (ML) models can capture nonlinear relationships from

large datasets and achieve high prediction accuracy, but they usually lack explicit analytical expressions. To balance prediction

accuracy, model simplicity, and interpretability, this study proposes an interpretable ML-based framework for constructing an explicit

prediction formula for concrete carbonation depth.
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Methods A natural carbonation database shared by Marani et al. was used in this study. After data cleaning and feature processing,
a database containing 35 input features, 2077 carbonation-depth data points, and 709 concrete mixtures was obtained. Decision tree
(DT), random forest (RF), XGBoost (XGB), and CatBoost (CB) models were established for carbonation depth prediction.
Considering the skewed distribution of carbonation depth, loglp transformation was applied to the target variable. The data were
divided by concrete mixture group to avoid data leakage. SHAP analysis was then used to rank feature importance and guide feature
selection. Based on the optimal CB model, the relationships between input variables and their SHAP contributions were fitted, and the
additive SHAP contribution terms were further transformed into a multiplicative explicit prediction formula.

Results and discussion The carbonation depth data showed an obvious skewed distribution, and loglp transformation improved
model training stability and test-set prediction performance. By comparing different ML algorithms and feature sets, the CB model
based on loglp transformation and the FS2 feature set showed the best overall performance. The root mean square error (RMSE)
values of the training and test sets were 0.55 mm and 1.14 mm, respectively, and the corresponding coefficient of determination (R?)
values were 0.98 and 0.93. These results indicated that the model could accurately predict natural carbonation depth and effectively
capture the nonlinear relationship between input variables and carbonation depth. In the final FS2-CB model, SHAP analysis showed
that W/CaO, carbonation time, and carbonation environment were the three most important variables affecting the prediction of
carbonation depth. Among them, W/CaO showed the highest feature importance, indicating that it was a key combined variable
influencing model prediction. Based on the SHAP dependence relationships, variable contribution functions were fitted, thereby
enabling transformation from a black-box model to an explicit prediction formula (PF).

The PF model achieved an RMSE of 2.28 mm on the test set, which was approximately 47.2% lower than that of F4, the
best-performing formula model on the same test set. This indicated that the PF model had higher prediction accuracy than traditional
formula models on the original dataset. On the external dataset, the PF model achieved an RMSE of 4.48 mm, which was 11.6%
lower than that of the ML model (5.07 mm), and also lower than those of formula models F1-F3, which ranged from 5.91 mm to 8.52
mm. These results showed that although the PF model was less accurate than the optimal ML model on the original full dataset, it
combined relatively high prediction accuracy, an explicit mathematical expression, and better cross-source generalization ability,
indicating its potential for engineering application.

Conclusions This study proposes an interpretable machine learning-based method for concrete carbonation depth prediction and
explicit formula extraction. Through literature database processing, feature selection, machine learning modeling, and SHAP
contribution function fitting, a high-accuracy black-box model is transformed into an interpretable formula model. The CB model
with loglp transformation and the FS2 feature set achieves the best prediction performance. In the final FS2-CB model, SHAP
analysis shows that W/CaO, carbonation time, and carbonation environment are the dominant variables controlling carbonation depth,
indicating that concrete carbonation is mainly governed by pore transport conditions, carbonation buffering capacity, exposure time,
and environmental effects. The constructed PF model shows higher accuracy than traditional formula models and better cross-source
generalization performance than the ML model on the external dataset. Overall, the proposed method improves model simplicity and
interpretability while maintaining relatively high prediction accuracy, providing a useful reference for explicit model construction in
concrete carbonation depth prediction and other performance prediction tasks of cement-based materials.

Keywords machine learning; carbonation depth prediction; SHAP; feature selection; explicit formula extraction





