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Table 1 Gypsum coefficients of each clinker phase

(O C,S CsA3$ CsS,$ CA CAs GA CyF C6AF, C4AF CeAsF

0 0 0.224* —0.358" 0.363° 0.031° 0.637° 0.317° 0.227° 0.354° 0.246°

Notes: * The dosage of gypsum for C4A;$ is based on an M value of 0.8, where M is defined as the ratio of the amount of SO; supplied by gypsum (by mass) to
the amount of SO5 required for AFt formation during the hydration of C4A3$; ° The gypsum coefficient of CsS,$ is negative since it does not form AFt or AFm
during hydration but instead produces gypsum; © Gypsum dosage was determined stoichiometrically by assuming complete hydration of aluminum and ferrite

phases in model-clinker and maximizing the potential formation of AFm.

®2 MARERIFARERNEEDRZENSHE

Table 2  Selection rules and quantity of model-clinker in dataset for Iteration I

Number of systems and

Iteration Belong to Model-clinker system Clinker phase selection rules Total
samples selected
I Training & Ternary system Select 3 phases from 11 clinker phases 9 systems/3 samples 228
validation Quaternary system Select 4 phases from 11 clinker phases 30 systems/6 samples
sets Known clinker PCand BYT PC/1 sample, BYT/2
samples
Unit clinker phase Pure-phase clinker phases 11 samples
Phase-pure clinker phases + gypsum pure-phase clinker phases with gypsum 7 samples
Test set Ternary system & In-system (included in the training and 12 samples 36
Quaternary system validation sets)
Out-of-system 24 samples
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Table 3 Selection rules and quantity of model-clinker in dataset for Iteration II-1V
Iteration ~ Belong to Experimental Pattern  Selection of clinker system rules Number of systems and Each/Set  Total
or virtual data samples selected
1I Training &  Experimental In Iteration I training & validation sets 228 samples 228
validation  Virtual A The systems in Iteration I: 9 ternary system, 9 systems/3 samples
sets 30 quaternary system, PC and BYT 30 systems/6 samples 219
PC and BYT/6 samples 447
B The systems in Iteration I: 9 ternary system, 9 systems/2 samples
30 quaternary system, PC and BYT 30 systems/3 samples 219
PC and BYT/3 samples
The systems not included in Iteration I 105 samples
111 Test set Experimental In Iteration I test sets 36 samples 36 36
Training &  Experimental In Iteration I training & validation sets 228 samples 228
validation  Virtual A The systems in Iteration I: 9 ternary system, 9 systems/6 samples
sets 30 quaternary system, PC and BYT 30 systems/12 samples 438
PC and BYT/12 samples
B The systems in Iteration I: 9 ternary system, 9 systems/3 samples 666
30 quaternary system, PC and BYT 30 systems/6 samples 438
PC and BYT/6 samples
The systems not included in Iteration I 219 samples
v Test set Experimental In Iteration I test sets 36 samples 36 36
Training &  Experimental In Iteration I training & validation sets 228 samples 228
validation  Virtual A The systems in Iteration I: 9 ternary system, 9 systems/9 samples
sets 30 quaternary system, PC and BYT 30 systems/18 samples 657
PC and BYT/18 samples
B The systems in Iteration I: 9 ternary system, 9 systems/5 samples 88
30 quaternary system, PC and BYT 30 systems/9 samples 657
PC and BYT/9 samples
The systems not included in Iteration I 324 samples
Test set Experimental In Iteration I test sets 36 samples 36 36
x4 SRAERENAERUBSHEEEE
Table 4 Hyperparameters to be optimized for each surrogate model and its respective selection ranges
Hidden_dim Dropout Num_layers Ir Weight_decay Optimizer Batch_size Epoch
4-256, step=4 0-0.3 2-20, step=2 e’ ¢ -5¢" “Adam”, “AdamW” 16-128, step=16 2000
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Extended Abstract

Introduction The clinker calcination process involves high-temperature solid/liquid reactions, and the controllable preparation of
multiple clinker phase compositions, which further affect subsequent synergistic hydration reactions. The relationship between
composition and 28 d compressive strength is not simply linear, but rather a complex mapping governed by the coupling of multiple
processes. Conventional point-by-point experimental screening makes it difficult to cover a sufficiently broad compositional space
within a limited timeframe. This restricts the exploration efficiency of novel low-carbon clinker. Machine learning models can be used
to learn the composition and property relationships between clinker phase and strength, and to support the screening of candidate
clinker compositions. However, under small data conditions, these models are susceptible to insufficient training distribution coverage,
resulting in a unstable cross-system predictive performance. Therefore, this study was to develop a self-iterative data augmentation
framework to address the above-mentioned issues. This framework was to expand effective supervised information to optimize the
model’s predictive performance in sparsely sampled compositional regions. Subsequently, model interpretability analysis was
conducted to identify the key clinker phases affecting 28 d compressive strength prediction and their response patterns. This could
provide a testable model basis for the optimization of low-carbon clinker compositions.

Methods This study defined each simulated clinker as one sample. The dataset contained 264 simulated clinker samples, with the
compressive strengths ranging from 0 to 70.3 MPa. The model inputs consisted of 12 features, including 11 clinker phases and
gypsum, while the output was the 28 d compressive strength. In the self-iterative data augmentation strategy, an artificial neural
network (ANN) model was first trained using the experimental data. Virtual data were then generated under compositional constraints,
and their 28 d compressive strengths were predicted by the model from the previous iteration to assign pseudo-labels. The virtual and
experimental samples were subsequently combined for training, and the surrogate model was updated iteratively. Two sampling
patterns were adopted for virtual sample generation, i.e., 1) Pattern A: dense sampling within the experimental samples’ compositional
systems, and 2) Pattern B: generating virtual samples at a ratio of 1 : 1 from the in- and out-of-system regions of the experimental
samples’ compositional space. Before training, 36 experimental samples were set aside as a test set, which remained isolated
throughout training, iteration and hyperparameter selection. The validation set consisted exclusively of real experimental samples,
whereas virtual samples were included only in the training set. Model hyperparameters were determined based on the Bayesian
optimization, with the validation-set mean squared error (MSE) as the selection criterion. Finally, the model predictive performance
was evaluated by MSE, the coefficient of determination (RZ), mean absolute error (MAE), and mean absolute percentage error
(MAPE). After the final surrogate model was determined, multilevel model interpretation was further performed via combining
constrained permutation feature importance, accumulated local effects and SHapley additive explanations (SHAP).
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Results and discussion The self-iterative augmentation strategy effectively fills sparsely sampled regions, while maintaining
feasible-domain constraints. This provides richer training information for subsequent accuracy evaluation and interpretability analysis
of the surrogate model. Meanwhile, the data augmentation process does not generate a large number of near-duplicate samples, and
the training set retains the necessary heterogeneity. The inclusion of virtual samples reduces the model’s sensitivity to randomness in
data partitioning. Moreover, the overall test set error and the in-/out-of-system errors decrease progressively over successive iterations,
indicating an improved cross-system generalization performance. Pattern B in Iteration II achieves a favorable balance between
predictive accuracy and extrapolation stability. Its overall test set MSE is 9.8, with in-system and out-of-system MSE values of 6.9
and 11.3, respectively. The R’, MAE, and MAPE are 0.79, 2.36 and 5.11%, respectively. These results indicate that, under the current
small data conditions, data augmentation can substantially improve the model’s ability to identify performance trends. Subsequent
interpretability analysis of the optimal surrogate model shows that different clinker phases can be classified as positive or negative
driving phases. The analysis further indicates that when C;A content exceeds approximately 10%, its positive driving effect on
strength decreases rapidly. Although CA and C,,A; act as positive driving phases, their benefits diminish when their contents exceed
40%, and even shift to strongly negative responses.

Conclusions The self-iterative data augmentation framework proposed could expand a supervised training information for
low-carbon clinker systems characterized by small datasets and sparse compositional spaces. The evaluation bias introduced by
pseudo-labels could be also suppressed under a rigorous evaluation strategy. The results showed that data augmentation significantly
improved the prediction accuracy and cross-system generalization capability of the ANN surrogate model for 28 d compressive
strength. In Iteration II, Pattern B achieved the optimum overall performance under the current data conditions. Although further
iterations reduced some in-system errors, an error rebound was observed for out-of-system samples. This indicated that diminishing
marginal information could gain from pseudo-labels constrained the model’s generalization performance. The combined use of
constrained PFI, ALE, and SHAP revealed the decision-making basis of the surrogate model in terms of global sensitivity, average
response trends, and sample-level contributions. The results indicated that C4A3$ and CA were the main positive driving clinker
phases for compressive strength enhancement, whereas C;A, CsS,$ and C,S were the main negative factors. Moreover, CpA;
exhibited a pronounced threshold effect. These findings could provide a testable reference for subsequent composition screening,
constraint-boundary definition and inverse design of low-carbon clinker.

Keywords low-carbon clinker; 28 d compressive strength; prediction model; self-iterative; data augmentation; model
interpretability



