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Table 1 Statistical characteristics of steel fiber concrete database parameters

Parameters w/c s/a alc Zmax/Mm pr Lidy Vi % fo/MPa f/MPa

Maximum value 0.69 0.77 7.68 40.00 1.00 84.51 3.00 74.86 10.48
Minimum value 0.29 0.29 2.38 10.00 0.00 26.56 0 16.00 1.95
Mean 0.47 0.43 4.87 19.35 0.76 57.87 0.74 40.85 4.68
Standard deviation 0.09 0.08 1.18 5.54 0.38 16.20 0.55 11.99 1.50
Standard error 0.00 0.00 0.06 0.27 0.02 0.87 0.03 0.59 0.10
Median 0.47 0.41 4.65 20.00 1.00 58.33 0.60 37.98 437
Mode 0.50 0.38 4.50 20.00 1.00 80.00 1.00 33.28 4.28
Kurtosis -0.95 3.94 -0.74 2.41 —-0.03 -1.14 0.09 —-0.11 1.96

Skewness 0.12 1.63 0.38 0.88 -1.28 0 0.60 0.78 1.17

Note: w/c is water-to-cement ratio; s/a is sand-to-aggregate ratio; a/c is aggregate-to-cement ratio; gmax 1S maximum coarse aggregate size; pr is fiber shape

factor;L¢/dr is fiber aspect ratio; Vris fiber volume fraction; £; is compressive strength; £ is splitting tensile strength.
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Table 2 Existing semi-empirical models
Notation Predictive model AVE (fs pre/ [+, test) Cov (fs, pre/ f+, test) Reference
A f=85+15.12V-4.71 V7 2.44 27.9% [31]
B £=30.68+45.12V7-69.67V;+29.16 V¢ 1.06 34.0% [4]
C fo = [22.4(W/c+0.09)x (w/c) 50x (a/e) O147+0.623 (w/e) 0-345x (a/c) 0222x 0] 0.96 21.9% [29]
(1+0) 0.136><(1+pf) 0.044X(1+Lf/gmax)0.131
D £=5.8+3.017-0.021;2 1.86 26.9% [31]
E £i=0.58£.0543.0207 1.48 41.9% [32]
F Ji= 2.98(W/e) 2 (1) * (1 Li/gnay) % 099 283% [29]

Note: For hooked-end fibers, crimped fibers, and straight fibers, o; is taken as 0.76, 0.55, and 0.52, respectively; f+ . is predicted strength; f« oy is
tested strength; o, is fiber end-factor coefficient.

) A A BF G T BARERR. B DURMRE AT 5 TR KR .
B AR C BP0 &2, (HTRINE S Sl ez 2) fA D AR E M = i A, TSR,

LA S REETE 34.0%F0 21.9%, Wahtkss, #  FERGMHIWZE. B FREEO, (B850 EHt



« 1794 - CHERR Sh 4 J Chin Ceram Soc, 2026, 54(5): 17911802 2026 4
100 - 18
15 -
80 -
- 1=0.869 7x FRER y=1.464 0x
2 60t /30,864 8x g
E T ER
ke k] y=0.855 1x
5 O 3 ol
& £ A
o A © D
20 + o B 3+ o E
aC A F
0 1 1 1 1 1 0 | | | | |
0 20 40 60 80 100 0 3 6 9 12 15 18

Tested f,/MPa
(a) Compressive strength

Note: x is tested value ; y is precited value.

Tested f/MPa
(b) Splitting tensile strength

K2 BEAZIER R HNE S R0 E X

Fig.2 Comparing experimental strengths with predicted ones using existing semi-empirical models

Uik, BEREHEANE (LAE DAL

B AERI T BT JLME S 1) 9L B
T FRACH R P U MR TE ZE L B
RIS ARSI T 2 54, 7S
5 RIEFHE S35 2 I OAF LR 2) SR it
IR AN B U 3 IR R,
A A2 P A AR BT, TR
HOUH A IEB R BB 4 3) KEHOL
HBCMIET QSR B BHOE St Kt
ARAEMATAE S, JAh, A LA AR
b R 7G5 — U DL ARE S — St (B4 2
FEMR AN L2 AT, T
W BRI B SR

G, BUAF LA S T
PR ERETIER R . 5 R B SRR
R, SR TSGR R R 5 3 b
MBS . I, LTI R — M LR T
WIRE 3. BLF B M L O T R B OB,
LA LR RIS 5 TR SR )
.
3 ATHEF AR A REEL ) F

M B N

3 R T T TR ST HOR O
IRt B B 6 PR, R B P
B BRI VEREVEY. MU DL R AR
GRAT . EBRIGNEL, A A
(7R (LALEE, BRHHCR I 75% 5 25%R140
WG SRS, FEAESIERY E ST SR AL,

PSR TR B 52 ALBE ST -

Building database

Inputs
@ e (OF:™ @ Compressive strength
% Z//a ® 0 @ Splitting tensile strength
c
I
1] L]

[ Testing set (25%) ]
T
¥
Machine learning model
1. Random forest (RF)
2. Gradient boosting regression trees (GBRT)
3. Extreme gradient boosting (XGB)
4. Light gradient boosting machine (LGBM)
5. Bayesian neural network (BNN)

Model evaluation

R MAPE RMSE

[ Training set (75%) ]
[

[ Best model ]

Model interpretation

1. SHAP analysis 2 PDP analysis

B3 TR AL o o) B St AR
Fig. 3 Procedure of explainable machine learning prediction
models

3.1 EBEN

ATAERT 4 MEERNS 2] J715@RF. GBRT.
XGB. LGBM)55 1 MRES 2] J75(BNN), T
WA LEREL £ 5 AN TR RERAL, $47E Python
3.8 P& LS.
3.1.1 RF B RF BEAGE S BEAh R AE AR
KRR Z ARV, I DAISE T SR 0 T30 25
B, BA B RIEEE . 210 AE 158 B PP R



5455 5 W

MBS ANERZEIREE L ) S0 R O AT R REAIL & S AR « 1795 -

BRI
3.12 GBRT.XGB 1 LGBM f#! 5 RF 2L,
GBRT [FJFEEE TR 18 2 2] ik . Hodid ik
RINEHT— A R 22, FIFBE BN B4 O R
B, K S AR TR SE SR BT s A g

XGB 1 LGBM %] GBRT [ & %4844 . XGB
I FR S R I I B B AR R A, ST TR B
IFIE T E A TR A R AR, PR
LGBM KM ELFHE B B e m B, FAE
77 B 2 o MR s SR e i B s, B
BRAR TS A P AR Y, [R] A R e o) Bl A 2R i
LYEHE
3.1.3 BNN fi#!

BNN Gl i 75 40 28 X 26 Hh 5] AR 2L, SEBL
o 2R S A5 () AN 5 M A A T o AT 5T OR P
T MC Dropout (14843 UL 77 3%, @it 7£ I g
TR B34 5 F Dropout, F| F 22 I BEHLR FEFR 1S
TIP3 ERIASHSG 22 5, DT 484 5 A R ) 5 A 1 S

e

32 FHESXIUERIP LR

S 5 R G RIS ST IRt AR Bk
PRl BEXTIEG, AR AAE: 1) IR
RGP, IRl s KRR, B b AR &
AR RIS 2) 51N L2 1ENfE, s ik
Tl I K 2 B o B RRAE A 3) SR EE
ARFAL PR 7 KPR S, Bl AL 3z R 0 A A 5 R I
CAE s R 2 AL REJTs 4) GBI 5 a8 R,
A B A R AN [ Bl ) 23 R AR e R, AT AT 2L
LIV V=gl

XK E, LB S 1) SniiIgk
R AT T o P20 B AR AL 2) AR 20K,
B D KN BRI 2, oA S U
3) AIFHASEGIE IR TIPERE, 45 23 4 R IR
AEE, WFERTHRRE R i S B E

LREIEH BTN, ASCRI TR RS
FARIM IS, BERT TGRS B
HIBEAARIL. 2 3 B AL 5 FifLas o > Sk
RS E.

x3 HHEFIRENBSY

Table 3 Hyperparameters for machine learning models

Models

Hyperparameter values

RF fe: n_estimators=300, min_samples_split=5, min_samples leaf=2, max features=None, max depth=5

fi:n_estimators=300, min_samples_split=5, min_samples leaf=2, max_features=None, max depth=5

GBRT fe: subsample=0.8, n_estimators=300, min_samples_split=50, min_samples leaf=10, max_features=None, max_depth=4, learning_rate=0.02

fi: subsample=0.8, n_estimators=500, min_samples_split=50, min_samples_leaf=10, max_features=log2, max_depth=3, learning rate=0.02

XGB fe: subsample=0.8, n_estimators=500, min_child weight=10, max_depth=3, learning_rate=0.02, gamma=0, colsample bytree=0.7

fr: subsample=0.8, n_estimators=500, min_child weight=10, max depth=3, learning_rate=0.02, gamma=0, colsample bytree=0.8

LGBM fe: subsample=0.8, reg_lambda=0.1, reg_alpha=0.1, num_leaves=15, n_estimators=300, min_child samples=15, max_depth=5,

learning_rate=0.02, colsample bytree=0.8

fr: subsample=0.7, reg_lambda=1.0, reg_alpha=0.1, num leaves=31, n_estimators=500, min_child samples=15, max depth=5,

learning_rate=0.02, colsample bytree=0.8

BNN fe: hidden1=64, hidden2=128, dropout_p=0.1, Ir=0.01, epochs=250
fi: hidden1=32, hidden2=64, dropout p=0.05, Ir=0.01, epochs=250
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Table 4 Predictive performance of machine learning models

Training set Testing set Whole dataset
Type Model
R? RMSE/MPa  MAPE/% R? RMSE/MPa  MAPE/% R? RMSE/MPa  MAPE/%
fe BNN 0.861 437 7.98 0.869 4.56 8.20 0.864 4.42 8.04
GBRT 0.864 433 8.43 0.854 4.83 9.40 0.862 4.46 8.68
LGBM 0.892 3.86 7.68 0.881 432 8.47 0.890 3.98 7.87
RF 0.841 4.69 9.63 0.830 5.18 10.77 0.838 4.82 9.92
XGB 0.881 4.06 8.00 0.872 4.48 8.61 0.879 4.17 8.15
S BNN 0.874 0.52 7.72 0.848 0.62 9.06 0.867 0.55 8.06
GBRT 0.856 0.58 8.46 0.840 0.55 8.88 0.853 0.57 8.57
LGBM 0.899 0.48 7.43 0.873 0.50 9.09 0.894 0.49 7.85
RF 0.841 0.59 9.08 0.800 0.68 11.26 0.831 0.62 9.63
XGB 0.887 0.49 7.43 0.899 0.50 8.65 0.891 0.50 7.74

Note: R? is coefficient of determination; RMSE is root mean square error; MAPE is mean absolute percentage error.
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Extended Abstract

Introduction Conventional concrete suffers from its inherently low tensile strength. To address this drawback, researchers propose
steel fiber reinforced concrete (SFRC) as a novel material that significantly improves tensile properties and exhibits outstanding
performance in cracking resistance, toughness, and durability. However, the incorporation of steel fibers makes the mechanical
behavior of SFRC more complex. To ensure its safe application in structural engineering, an accurate prediction of its mechanical
properties is essential.

Artificial intelligence technologies are widely applied to accurately evaluate the mechanical properties of concrete. However, the
existing machine learning models for SFRC are typically trained on a limited number of samples (i.e., fewer than 300), which restricts
their generalization capability. Moreover, these models often lack interpretability, undermining their credibility and limiting their
practical application in engineering projects.

This study was to establish a database for the compressive and splitting tensile strengths of SFRC, develop corresponding
machine learning prediction models, and evaluate their predictive performance. Furthermore, the interpretability of the models was
analyzed. The findings of this study could offer some insights into the development of high-precision machine learning models for
SFRC and their interpretability analysis, thereby promoting their application in engineering practices.
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Methods In this study, a total of 636 experimental data points on SFRC were collected from 24 independent studies to establish a
comprehensive database, including 419 data points for compressive strength and 217 for splitting tensile strength. Each data entry
contains a mix-related information such as the water-to-binder ratio, sand ratio, aggregate-to-binder ratio, maximum size of coarse
aggregate, fiber shape factor, fiber aspect ratio, fiber volume fraction, and the corresponding compressive or splitting tensile strength.

Based on this database, five machine learning models (i.e., Random Forest (RF), Gradient Boosting Regression Tree (GBRT),
Extreme Gradient Boosting (XGB), Light Gradient Boosting Machine (LGBM) and Bayesian Neural Network (BNN)) were
proposed. The predictive performance of these models was evaluated using the coefficient of determination (R?), mean absolute
percentage error (MAPE), and root mean square error (RMSE), in order to identify the most effective prediction model.

For the selected model, the SHAP (SHapley Additive exPlanations) method was employed to analyze the trends and contribution
of each input parameter on the compressive and splitting tensile strengths of SFRC. In addition, the Partial Dependence Plot (PDP)
and Individual Conditional Expectation (ICE) methods were also used to quantitatively investigate the variation patterns of predicted
values with respect to individual input parameters.

Results and discussion All the models proposed demonstrate a great predictive performance. The R? for the test set ranges from
0.84 to 0.90, while for the training set it ranges from 0.80 to 0.90. A small difference between them (i.e., both being > 0.75) indicates
a good predictive accuracy and a generalization ability.For the overall performance across R?, MAPE and RMSE metrics, the LGBM
model shows the optimum prediction performance.

The SHAP analysis reveals that the compressive and splitting tensile strengths of SFRC decrease with increasing water-to-binder
ratio and aggregate-to-binder ratio, while the strengths both increase at a higher sand ratio and a greater fiber reinforcement factor. In
addition, as the maximum size of coarse aggregate increases, the compressive strength decreases, whereas the splitting tensile strength
increaseds. These results are consistent with the practical observations. Based on the mean absolute SHAP values, the input
parameters influencing the compressive strength in a descending order are water-to-cement ratio, sand ratio, fiber reinforcement
factor, aggregate-to-cement ratio, and maximum coarse aggregate size. For splitting tensile strength, the order is fiber reinforcement
factor, sand ratio, water-to-binder ratio, aggregate-to-binder ratio, and maximum coarse aggregate size.

The influence and parameter importance rankings obtained through the PDP and ICE analysis are in a reasonable agreement with
those derived from SHAP, further validating the interpretability and reliability of the model.

Conclusion A large-scale database containing 636 data entries was established for the compressive and splitting tensile strengths of
SFRC. Based on this database, five machine learning prediction models (i.e., RF, GBRT, XGB, LGBM and BNN) were proposed. All
the models exhibited good predictive performance and generalization ability, significantly outperforming the existing prediction
methods. Among them, the LGBM model showed the optimum overall performance. The SHAP, PDP and ICE techniques were
employed to analyze the influence and importance of each input parameter on the compressive and splitting tensile strengths. Based
on the variable contribution analysis, the main factors affecting the compressive strength were the water-to-cement ratio, sand ratio,
fiber reinforcement factor, aggregate-to-cement ratio, and maximum coarse aggregate size. In contrast, the key determinants of
splitting tensile strength were the fiber reinforcement coefficient, sand ratio and water-to-cement ratio.

Keywords steel fiber-reinforced concrete; compressive strength; splitting tensile strength; machine learning; performance
evaluation



