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Table 2  Structure and training hyperparameters of
generator and critic in WGAN-GP-CP architecture
Critic C

Input-Dimension of real data
512, LeakyReLU (negative_slope=0.02), Dropout=10%
256, LeakyReL U (negative_slope=0.02), Dropout=10%
128, LeakyReLU (negative_slope=0.02), Dropout=10%
Output—one

Generator G

Input-Dimension of real data=Dimension of noise data
128, ReL U, Dropout=10%
256, ReL.U, Dropout=10%
512, ReLU, Dropout=10%
Sigmoid activation
Output-Dimension of real data

Training parameters

Adam optimizer ( Learning rate: 0.000 1, betas=0.5, 0.999)
Batch_size: 128 (Ig(R_20)), 64 (&, lg(tano))
Epochs: 80 000 (Ig(R_20), &), 50 000 (Ig(tans))
o:0.1
2:10
n_critic: n_generator=>5:1 (Train the critic first)
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Fig. 3 Distribution of (a) room temperature bulk resistivity, (b) relative dielectric constant, and (c) dielectric loss in collected
datasets, with the blue line representing the kernel density curve
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Table 3 Performance of three XGBoost models for electrical properties of oxide glasses trained on real and augmented data

Trained with real datasets

Trained with augmented datasets

Evaluation indicators

1g(R_20) & lg(tand) 1g(R_20) £ Ig(tano)
R? Train 0.994+0.000 0.997+0.000 1.000+0.000 0.981+0.001 0.999+0.000 0.979+0.000
Test 0.784+0.028 0.862+0.036 0.801+0.056 0.838+0.021 0.897+0.015 0.861+0.011
MAE Train 0.260+0.007 0.195+0.002 0.001+0.000 0.367+0.006 0.086+0.002 0.047+0.000
Test 1.223+0.038 0.896+0.061 0.131+0.008 1.071+0.015 0.738+0.025 0.114+0.004
RMSE Train 0.356+0.011 0.271+0.004 0.001+0.000 0.589+0.015 0.150+0.021 0.070+0.001
Test 2.185+0.139 1.868+0.235 0.216+0.022 1.733+0.076 1.535+0.111 0.179+0.009
MAPE* Train 2.262+0.027 0.022+0.000 1.078+0.018 2.074+0.027
Test 8.616+0.987 6.121+0.873 7.520+0.376 5.069+0.354

*The presence of zero values in the Ig (R_20) dataset results in a null MAPE due to division-by-zero errors in the denominator calculation.
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Fig. 5 Experimental vs. predicted values of (a) room temperature bulk resistivity, (b) relative dielectric constant, and (c) dielectric
loss models trained on real datasets, and (d) room temperature bulk resistivity, (e) relative dielectric constant, and (f) dielectric
loss models trained on augmented datasets on the training and test sets, with black solid lines representing the reference line

where experimental values equal predicted values
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Fig. 6 Training process of room temperature bulk resistivity WGAN-GP-CP model and assessment of diversity and accuracy of

generated samples. (a) Loss function curves of the generator and critic; (b) feature distributions of generated and real
samples; (c) feature correlation heatmaps between generated and real samples
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Fig. 7 t-SNE dimensionality reduction plot for generated and
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Fig. 8

SHAP analysis visualization. Feature importance swarm plots, feature interaction heatmaps, and feature dependence plots for
the most strongly interacting feature pairs in the augmented models of (a,d,qg,j) room temperature bulk resistivity, (b,e,h,k)
relative dielectric constant, and (c,f,i,l) dielectric loss (Swarm plots display only the effects of the top 15 most important
features, while heatmaps show interaction relationships only among the top 15 most important feature pairs)
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Extended Abstract

Introduction With the advancement of the Materials Genome Initiative and the establishment and improvement of the glass
database, data-driven machine-learning methods penetrate the field of glass materials, and remarkable progress is made in the
modeling of the physical, mechanical, and optical properties of glass materials. In recent years, oxide glasses have found increasingly
widespread applications in the field of electronic applications, and their electrical properties as critical indicators have attracted much
attention. However, modeling on the electrical properties of oxide glasses remains a challenge, and insufficient data suppress the
model's performance. To address the issue of limited data availability on the electrical properties of oxide glasses, this work was to
propose a data augmentation framework named WGAN-GP-CP tailored for glass materials.

Methods Based on the Wasserstein generative adversarial network with gradient penalty (WGAN-GP) model, an additional
composition penalty term (CP) was added to the generator's loss function, and a method for evaluating sample quality was proposed,
which could assess the quality of the generated samples from three aspects, i.e., diversity, accuracy, and uniqueness. Moreover, the
XGBoost algorithm was employed for model training, and the model was interpreted through SHAP single-feature analysis and
feature interaction analysis.

Results and discussion The trained generators can generate high-quality synthetic samples, expanding the existing datasets
effectively. The results of comparative studies demonstrate that the data-augmented models exhibit mitigated overfitting and
significantly enhanced generalization capability. The generalization performances of the room-temperature bulk resistivity, relative
dielectric constant, and dielectric loss models increase from 0.784 to 0.838, 0.862 to 0.897, and 0.801 to 0.861, respectively. The
results obtained from SHAP analysis are generally consistent with the classical physicochemical understanding of the electrical
properties of oxide glasses. In addition, some interesting mixing effects and interactive relationships are also revealed.

Conclusions The data augmentation framework proposed in this work offered a strategy for developing high-performance
data-driven models under data scarcity conditions. The insights from SHAP single-feature analysis and feature interaction analysis
could provide an important guidance for a deeper understanding of the relationship between the composition and electrical properties
of oxide glasses. This research shifted the optimization of oxide glass electrical properties from empirically driven trial-and-error
methods to data-driven scientific design frameworks, laying a foundation for the development of high-performance glass materials in
the field of electronic applications.

Keywords oxide glasses; electrical properties; machine learning; data augmentation; SHAP analysis





