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‘ Literature search methodology ‘

Database: Web of science core
Collection

Search query: (TI=(UHPC)) AND
(AB=(CO2 or carbon emission or GWP))

Language: English

Indexing period: September 30,
2000-September 30, 2025
Number of results: 81 articles

|

Search content and scope

=(UHPC)) AN... > Results for (TI=(UHPC)) AND (AB=(CO2 or carbon emissio

Search scope: Full text —--->

1dd keywords:

smart Search Advanced Search [0}

n or GWP))

81 results from Web of Science Core Collection for:

(TI=(UHPC)) AND (AB=(CO2 or carbon emission or GWP))

+ cementless uhpc + uhpc + ultra-high performance concrete uhpc

‘ After title and abstract screening: 50 articles

Exclude 8 articles

-

¥

‘ Full-text articles available: 42 articles

Articles excluded: 30
| Reason 1: Mix-proportion data not reported

¥

Reason 2: Focused on UHPC structural

‘ Eligible articles: 12 articles

components

- -1
| Reason 3: No supplementary cementitious

Screening process

l

materials or waste-derived binders used
Additional articles identified through review

‘ Studies included in the final review: 15 articles

| and reference tracking: 3

K1
Fig. 1

UHPC B HETERT 7t SRR B A 2R 773

Retrieval method for literature review on carbon emissions of UHPC
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Table 1 Sample screening status

Screening Step Remaining samples  Samples excluded Reason for exclusion
Initial data extraction from the literature 491 0 Obtained through a systematic review
Missing oxide composition data 400 91 Oxide composition could not be calculated
Missing particle-size distribution or density parameters 258 142 Particle packing density could not be calculated
Untraceable units or mix proportions 140 118 Data could not be converted to consistent units
Preliminary valid samples 140 0 Used for descriptive statistical analysis
Removal of anomalous samples after physical plausibility checks 136 4 Values exceeded physically reasonable ranges

1.2 RUSERFIEE EME

{ikB% UHPC 28] R I AR5 — 21 70 AL BTk,
T A2 BB RL KA SN« RIORE A 46 HERR FH 2T 4 48 5
JLREH &5 R34, 2566 /K Wi (Powers) i 2% L
BARMK AR RRIG ERE S, UHPC 5 Tz AL i
NPT RURIHER L 5 KA IR s AT e s R i) 25 5
SR ZHBERREAR T FEH TR FZEN
@, MAE BRI . B SIETRoR N

o =04 +/IZ(aivl.)]+mp; (1)
XH: oy UHPC HUk58/%; o NESKEN 1A
B TR PRI . ) N IRARA IR HE R 5 5
FEs Ag=2) (av,) F7RKMI 5 S I % S B S i
o NEBCHR By OKE TER S MR i)
PIARACRR L s vi 9 & BB RMA R 2 H (T 2 Y v=1):
A RFRPH B I R B (R HEFR I 28 d I A=1); py
NIRARABFIBER, m Ak PR PG RN 2

R REAR e 4 S AR TG L AR T SR AR R 5 2
ETZIHRR, ATIEKERECS LSRN
BAMER RS ORI A R . SRR 3
K MEIRTZSHEE X, QOHRREM BRSNS

PEFRE Xov AKAZEE X0+ AMINGRI SRR 5 IR B
PR EL Xoy IRIPH X6 IR A 4 AR B & Xa
LA & Y, BFEEERELL Y TR X
YNGR T SCRE Vs HARPEREAZ BN 28 d ¥
JESRJE Z1.

AR B 25 S N P iR B Xo #230(2) TH 3

Xy =Y km /Y m, ()
s ki F g 53 500 9 R BGEAA R AFGT 52 7 7% 1P 4 4
(3R )M & B T TR BE R EAZ K (3) s (4)
A(S) 5

Y1i=n(CaO_active)/n(SiO,_active) 3)

Y>=n((SO3_active)/n(Al,O3_active) 4

n(Oxide _ active) = Z(ml. W, ige K I M o) (5)
e wioxiae 955 IR RSRERT L AR S S AL 5T B 70
B Moae DB BE IR &

Y1 T 3RAE C-S-H B AU S, Ya FIT3RAE
B2 5 B AR Z RV S NP, s T SRR A
FRAVUEHER SRR E o HE T IR 2 R i Ao
BUR MG E Xou Y1y Yo, FEEETF CPM RIS
T Y3, Jy BN @Rt 7 A MBS R
] 28 &



.« 3486 - QEIENEEIY)

J Chin Ceram Soc, 2026, 54(10): 3483-3498

2026 4

x2 REMHRRNIEER

Table 2 Reaction degree of cementitious materials

Binder materials Reaction degrees  References

Portland cement b 0.80 125,331
Ground granulated blast-furnace slag a/c 0.425 25, 36]
Fly ash a/c 0.088 [25,36-39]
Silica fume a/d 0.585 25,37-39]
Brick dust a0.160 (371
Lithium slag a0.063 139
Steel slag € 0.0565 (401
Limestone powder £0.048 [41,42]
Metakaolin a0.153 (381
Dehydrated cement mortar powder €0.30 [43]
Quartz powder €0.015 [44]
Coal bottom ash €0.149 [43]
Glass powder € 0.007 46]
Copper powder € 0.400 [47]
Calcined clay € 0.489 (48]
Sewage sludge ash a/c 0.745 [49, 501
Nano-materials €0.75 (23]

Values were calculated (a) lime adsorption; (b) XRD/RQPA or DTG; (c)
BSE imaging; (d) LF-NMR; (e) strength activity index ratio; (f) hydration

kinetics.
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Fig. 2 Flowchart of interpretable Bayesian network modeling for low-carbon UHPC
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x3 muBIELREAtt

Table 3 Independent validation experiment mix proportions

Samples BC SF BP400 BP500 BP600 BP700 GGBS400 GGBS700 Sand Water SP
Bl 321 214 0 455 42 141 123.0 183.5 1177 192.6 26.8
B2 428 214 107.0 68.2 49 54 96.3 53.5 1177 171.2 28.5
B3 428 214 0 0 91 0 230.0 107.0 1177 192.6 26.8
B4 428 214 458 0 32 0 218.2 132.0 1177 192.6 26.8
BS 375 214 0 0 79 0 402.0 0 1177 181.9 21.0

PC is Portland cement; BC is belite cement; SF is silica fume; BP400-BP700 are basalt powder with different fineness levels; GGBS400 and GGBS700 are

ground granulated blast-furnace slag with different fineness levels.



+ 3488 - CREFR Eh 224 )

J Chin Ceram Soc, 2026, 54(10): 3483-3498

2026 4

28 d L o B I K Y B AL RL g S v R T
AT MR RS 3 uliE, B
S ST A AR Z A REA I S5 L . R 0

e i@ I 15 7 AR R 25 (RMSE) AT VAR .
B R EAL A L XRD it DL KR 47 A I
AR 4. KB 3 AIE 4.
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Table 4 Oxide composition of cementitious materials
Mass fraction/%
Materials Ignition loss/%  Density/(g-cm™)
CaO SiO, AlLO3 SO; Fe 03 MgO K>O Na,0O  f-CaO Else
PC 62.63 18.10 4.36 3.84 334 1.57 0.66 0.63 0.70 2.10 2.10 3.08
BC 60.70 19.89 3.87 3.48 5.08 3.99 0.65 0.13 0.66 0.50 1.05 3.15
BP 14.58 48.71 14.84 4.90 2.76 1.62 1.83 3.45 5.72 3.19
GGBS 47.93 26.51 12.10 1.91 1.22 5.86 0.54 0.47 0.52 0.81 2.03 2.86
SF 0.40 92.50 0.60 0.80 0.60 0.40 0.50 3.40 2.10

1.C;S
PC 2 ) 2.8-C,S
1 3.CA
4.C,AF
1 5.Gypsum
153 1
14 702 a1 1 Y

Intensity

—o

54,

S 10 15 20 25 30 35 40 45 50 55 60 65
26/(°)
(a) PC and BC

1.Albite
2.Chlorite
3.Quartz
4.Gypsum

Intensity

5 10 15 20 25 30 35 40 45 50 55 60 65
20/(°)
(b) BP, GGBS and SF

K3 Jicestkl XRD i

Fig. 3 XRD patterns of cementitious materials
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B4 JBORLARL S A I BT BURORE X [ RLA% 23 A h 2k
Fig. 4 Interval particle size distribution curves of cementitious
materials after particle refinement
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Table 5 Descriptive statistics of variables for the 140 preliminary valid samples
Variable Number of samples Mean Median Min Max Skew Kurtosis
Z 140 141.210 142.500 42.00 243.000 0.38 1.13
Xo 140 0.641 0.661 0.330 0.861 -0.77 -0.22
Xi 140 0.173 0.170 0.035 0.220 —1.44 3.67
x> 140 0.037 0.025 0.004 0.176 3.59 14.21
X3 140 0.957 0.910 0.649 1.666 0.65 0.54
pa 140 0.010 0.015 0.000 0.021 —0.12 —1.84
Y 140 1.835 1.682 0.459 5.657 2.53 8.22
Y, 140 0.823 0.751 0.225 1.998 1.01 0.35
Y3 140 0.682 0.686 0.560 0.704 -2.70 9.51

Skew is skewness.

SREIZBEIEAGE, Bk BRABE X 15w
A 3.59 FIERE 1421 ¥R twi, RUIEAE“EH L
MBS R, SIFR 2 MERS. KL X RS
—1.44 SR, SEEVENE 3.67. MIAARIRLHER 2 S
[E Y RJE-2.70 K\LZIEL W SFH, FAIENIME
0.560, SR ZEUAFENGENE, k. Bk, K
AR FIRE 2 BTt K oriE AR miL . fafdts
HEAL AN A% B AH 25 6 D50 A B R R A A 2

Nk T A AR SR AR DG E, AR E
IR AR I 45 S (B 5) . I J7 IR b 5 R B R 4y
Hrof %1, UHPC i 5 fE 5 %A s AH O 57 i P it
o PUEME SFEFUREE . KK IRER RS &
AR B RN S R 2 IEAHK, SKEHRK
RBEREFHAMK. FHESEPIUNT 4S5 E S5
JERIEAR, PE 4R TR EELELR. K
KRB r SN 42K ] > 0.7 NERMIDE, 0.4 <
<0.7 AT, 02<|]<0.4 NFIAEFE, #1<0.2
IR ESAHCE A . B S RAREAHCIE, 46

NIERR, BEENTARSE, BRSO R M
SHERIE L, ORI R R E =03,

FERFL > [R1AT DU AL S A R R A7 K TB A5 e
Ry KA 5 2 5 G 9 SO, R G 2R AN
Kl R JFARBR B EER L T 5 AR T s 1 98 mb 5 [ K
W TS R SRS, BRI MBI R
AR 5 ORI 2 A S IR A G, 1 B K K 5
RS T RO RIS I . IR R - K B B AR
Ko FFE KRR LEALEL . T2 2 K64
PIALECR AR ORI, SRR L. AR 2 IEH SR,
D vl T P e R A 5 R R S IR S A A [
RS R IEAR DS, T BE R T ] PR AR A R 1 X 41 4
Tl ] P 48 R AR

BE— B M (A B RNE (B 6), BRid PER AR
b Y, S4B R Xy REORTASGSN, HARZE
T EILE. B Y Ah, HRTESHUREE Z)
RIEAR, BB R SOE RS Xo 5 Z) IEAER
Ve, IRRPLE X5 5 Z) e R 85

C‘;‘xg;‘;ﬂ‘“ Cement Pozzolanic Highl'\ i‘:‘l“‘“‘“ Hig:;ﬁ;:lf“’ Riversand  Quartz sand s"“;‘::f“e Water  Superplasticizer  Activator PE fiber Steel fiber [eﬁ;e";;g‘j re

C"g‘:};‘:&:‘“ —0.118 0.229 0.028 -0.189 -0.094 0208 | -0.110 | -0.132 -0.061 0.097 -0.014 0.156 0.363
Cement ~0.118 0315 | -0.014 -0.181 0.166 0.137 0206 | 0329 | -0.016 | -0.105 | -0.197
Pozzolanic 0.229 0.454 0053 | -0.185 0277 | -0166 | -0.032 | -0242 0.453 0.054 0.206 0.293
”‘gh::f‘“‘“ 0.028 0.454 0336 0075 | -0.044 0.013 0045 | -0.145 0360 0.141 | 0032 0.095
High-sulfur ype| ~0.189 | 0315 0.053 0336 ~0.065 | -0.179 0.300 0077 | -0086 | -0025 | -0.017 0.107 | -0.078
Riversand | -0.094 | -0014 | -0.185 0075 | -0.065 0540 | -0.094 0.011 0099 | -0.047 0093 | -0271 | -0.174
Quartz sand 0.208 -0.181 0277 | 0044 | -0179 [ 0540 -0266 | -0.088 0047 | -0.140 0.034 0326
Solid waste sand|  —0.110 0166 | -0.166 0.013 0300 | -0.094 0192 | -0.043 ~0.068 0.098 0254 | -0.187
Water -0.132 0137 | -0.032 0.045 0.077 0011 | -0266 0.192 -0475 -0.156 0186 | -0231 | -0.112
Superplasticizer | ~0,061 0206 | -0242 | -0.145 | -0.086 0099 | -0088 [ -0043 | -0475 0182 | -0013 0103 | -0037
Activator 0.097 -0329 0453 0360 | -0025 | -0.047 0047 | -0068 | -0.156 0.182 ~0012 | -0.002 0.115
PE fiber -0014 | -0.016 0.054 0.141 | -0.017 0.093 | -0.140 0.098 0.186 | -0.013 ~0.012 ~0.105 | -0.048
Steel fiber 0156 | -0.105 0.206 0.032 0107 | -0.271 0.034 0254 | -0.231 0.103 ~0.002 | -0.105 0.182

Curing 0.363 -0.197 0.293 0.095 0078 | -0.174 0326 | -0187 | -0.112 | -0.037 0.115 -0.048 0.182

Bl 5 oA AR & R R AR o R
Fig. 5 Pearson correlation coefficient chart of mix proportion variables
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Z X, X, X, X, X, Y, Y, Y,

Z 0.45 0.28 0.18 0.05 0.31 0.16 —0.17 0.29
X, 0.45 0.01 0.10 0.20 0.23 0.41 0.10 0.06
X, 028 0.01 —0.24 -0.07 0.02 0.03 0.03
X, 0.18 0.10 —0.24 0.01 -0.20 0.25 0.38 —0.02
X, 0.05 0.20 0.01 0.36 [ 030 | o037
X, 0.31 023 -0.07 —0.20 0.36 0.37
Y, 0.16 0.41 0.02 0.25 0.60

Y, —0.17 0.10 0.03 0.38 0.60 —0.17
Yy 0.29 0.06 0.03 —0.02 037 0.37 —0.17

B 6 rhAlAz & Pearson M55 R A

Fig. 6 Pearson correlation coefficient chart of intermediate variables
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Fig. 7 Initial topology structure of the Bayesian network
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Table 6 Comparison of prediction performance among different models

Interpretability and model characteristics

Model RMSE MAE R?
Multiple linear regression 03457 02528 0.8612
Ridge regression 0.3294 0.2415 0.876 8
Bayesian network 0.2813 0.203 1 09101
Random forest 02135 0.1812 0.920 0
Support vector regression 02912 0.196 5 0.9100

Medium; clear parametric form, primarily describes linear relationships
Medium; L2 regularization, can mitigate multicollinearity

High; capable of capturing conditional dependencies and predictive uncertainty
Low; strong nonlinear fitting capability, but weak structural interpretability

Low; nonlinear kernel-based fitting, limited mechanistic interpretability
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Fig. 8 Model prediction results
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Table 7 Comparison of BN model performance before and after forbidding the Y3—Xi edge

Model setting Structural constraint RMSE MAE R?
BN-basic Basic mechanism constraint 0.2813 0.203 1 09101
BN-forbidden Basic constraint + forbidden edge Y3—X; 0.287 6 0.208 4 0.905 4

BN-basic = original BN model with basic mechanism constraints; BN-forbidden = BN-basic plus a forbidden edge from Y3 to Xj.
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Extended Abstract

Introduction Ultra-high-performance concrete (UHPC) has been widely used in bridges, tunnels, prefabricated structures, and other
demanding engineering applications owing to its high compressive strength, excellent toughness, and superior durability. However,
conventional UHPC typically requires a high cement content, high dosages of reactive powders, and steel fiber reinforcement, leading
to considerably higher carbon emissions than ordinary concrete. The partial replacement of ordinary Portland cement (OPC) with
low-carbon cementitious materials, such as ground granulated blast-furnace slag, fly ash, silica fume, limestone powder, belite cement,
and other supplementary cementitious materials, has therefore become an important strategy for developing low-carbon UHPC. The
incorporation of low-carbon binders enhances sustainability but also increases the complexity of mixture proportion design.
Variations in oxide composition, reaction activity, particle size distribution, and hydration products jointly affect the compressive
strength of low-carbon UHPC through hydration reactions, particle packing, fiber reinforcement, and curing conditions. Although
machine learning models have shown good prediction performance in concrete strength prediction, most of them remain black-box
approaches and provide limited physical interpretability. Post-hoc explanation methods, such as feature importance analysis, SHAP,
and LIME, can identify statistical associations, but they may generate physically unrealistic virtual mixture proportions when strict
mix proportion constraints and material boundaries are ignored. To address these limitations, this study proposes an interpretable
Bayesian network (BN) modelling framework for the intelligent design of low-carbon UHPC. The proposed framework integrates
hydration—packing mechanism priors with data-driven structure learning, aiming to describe the conditional dependencies among
mixture proportion parameters, intermediate mechanism variables, and 28 d compressive strength. By introducing physically
meaningful intermediate variables, the model is expected to provide both reliable strength prediction and mechanistic interpretation
for low-carbon UHPC mixture design.

Methods A total of 491 original UHPC mixture proportion records were collected through a systematic literature review following
the PRISMA guidelines. After unit standardization, variable transformation, outlier checking, and valid sample screening, 136 valid
samples were retained for model construction. The target variable was the 28 d compressive strength of UHPC, denoted as Zi. To
improve the physical interpretability of the model, the original high-dimensional mixture proportion variables were transformed into a
hydration-packing feature system. The material/process variables included the cementitious material reaction activity index Xo,
water-to-binder ratio X1, activator-to-binder ratio X2, binder-to-sand ratio X3, and steel fiber volume fraction Xs. The intermediate
mechanism variables included the modified CaO/SiO2 molar ratio Y1, the modified SO3/Al203 molar ratio Y2, and the initial particle
packing density Y3. These variables were used to represent C-S-H formation potential, sulfate-aluminate reaction balance, and the
initial physical compactness of the particle system, respectively. Based on the mechanism of low-carbon UHPC strength formation, a
three-layer BN structure was constructed, consisting of a material and process parameter layer, an intermediate mechanism layer, and
a target performance layer. Mechanism-informed constraints were introduced to prevent physically unreasonable paths, such as
reverse links from compressive strength to mix design variables. Structure learning was performed using a combined strategy
involving the hill-climbing, MMHC, and Tabu Search algorithms. bootstrap resampling was adopted to evaluate edge stability, and
the BGe score was used as the main scoring criterion, with BIC and AIC used for sensitivity comparison. For parameter learning,
maximum likelihood estimation was used for auxiliary variables, while Bayesian ridge regression was adopted for continuous
compressive strength prediction. To reduce the risk of data leakage during model evaluation, all preprocessing steps, including
variable transformation, standardization parameter estimation, outlier threshold determination, BN structure learning, bootstrap-based
stable edge selection, and parameter learning, were embedded within the training folds of a 10-fold cross-validation procedure. The
validation folds were used only for final performance evaluation.

Results and discussion The proposed BN model achieved good prediction accuracy for the 28 d compressive strength of
low-carbon UHPC. Based on 10-fold cross-validation and Bootstrap evaluation, the model obtained an average RMSE of 0.281 3, an
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average MAE of 0.203 1, and an average R? of 0.910 1. The predicted mean compressive strength was 162.11 MPa, with a standard
deviation of 24.53 MPa and an average confidence interval width of 46.04 MPa. Compared with random forest and support vector
regression models, the BN model provided comparable prediction performance while also offering explicit conditional dependency
paths and uncertainty representation. Correlation analysis indicated that curing temperature, pozzolanic cementitious materials, quartz
sand, and steel fiber content generally were positively correlated with compressive strength, whereas the water-to-binder ratio and
cement content were weakly negatively correlated. However, Pearson correlation analysis describes only linear statistical
relationships and could not reveal hierarchical conditional dependencies among variables. Therefore, BN modeling was necessary to
identify indirect effects and mechanism-related pathways. The final BN structure demonstrated that the modified CaO/SiO2 molar
ratio Y1 acted as an important upstream node associated with compressive strength. This indicates that the active oxide composition of
cementitious materials plays a fundamental role in low-carbon UHPC strength formation. The modified SO3/Al203 molar ratio Y2
served as an important intermediate node, reflecting the role of sulfate-aluminate reaction balance in hydration product formation. The
initial particle packing density Y3 was directly related to the physical compactness of the matrix and contributed substantially to
strength development. Mechanism-informed intervention sensitivity analysis further showed that Y1, Y2, V3, and their interaction
contributed 28.7%, 19.2%, 35.1%, and 17.0% to compressive strength, respectively. When Y1 and Y2 were combined as the hydration
effect, the hydration effect, packing effect, and hydration-packing interaction contributed 47.9%, 35.1%, and 17.0%, respectively.
These results suggest that the strength development of low-carbon UHPC is jointly controlled by hydration reactions, particle packing,
and their nonlinear coupling. Therefore, intelligent mix design should prioritize the optimization of active oxide ratios, initial particle
packing density, and their compatibility with the binder-to-sand ratio, water-to-binder ratio, and steel fiber content. A preliminary
independent validation using five unseen low-carbon UHPC mixtures showed that the measured 28 d compressive strengths were
consistent with the BN-predicted values and fell within the 95% prediction intervals. The standard deviation of prediction bias was
6.46 MPa, and the average relative deviation was approximately 0.45%. This provides preliminary support for the applicability of the
proposed framework for candidate mix screening and strength prediction. Nevertheless, because the number of validation mixtures
was limited, further experimental data covering broader cementitious systems, curing regimes, and fiber contents are still needed to
improve the generalizability of the model.

Conclusions In this study, an interpretable Bayesian network modelling framework was developed for the intelligent design of
low-carbon UHPC. By integrating hydration-packing mechanism priors with data-driven structure learning, the proposed model
described a hierarchical probabilistic relationship among material and process parameters, intermediate mechanism variables, and
28 d compressive strength. The mechanism-constrained BN model achieved high prediction accuracy under small-sample and
high-dimensional conditions, with an average R? of 0.91 based on 10-fold cross-validation. Compared with conventional black-box
machine learning approaches, the proposed BN framework not only maintained competitive predictive performance but also provided
interpretable conditional dependency paths and uncertainty estimation. The modified CaO/SiO2 molar ratio, modified SO3/Al20O3
molar ratio, and initial particle packing density were identified as key mechanism variables governing compressive strength. The
intervention sensitivity analysis showed that hydration effects (47.9%), packing effects (35.1%), and hydration-packing interactions
(17.0%) jointly controlled the strength formation of low-carbon UHPC. Independent experimental validation provided preliminary
support for the applicability of the proposed framework for candidate mix screening and strength prediction. This method provides a
useful probabilistic modeling tool for the interpretable and intelligent design of low-carbon UHPC.

Keywords low-carbon ultra-high-performance concrete; bayesian network; compressive strength; interpretable modeling; intelligent
design





