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Fig. 1 A whole—process optimization for glass performance prediction
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Table 1 Descriptive statistics of the used datasets for each
property
Missing
Group Count measure Mean Std Min 50% Max

rate/%

Si0; 299 0 56.568 21.360 0.000 62.200 85.000
B,O; 299 0 24265 19.182  0.000 20.000 90.000
Na,O 299 0 12.550 10.565 0.000 13.200 40.000
KO 299 0 6.618 9379 0.000 0.000 35.000
Den 194 35.1 2449 0.088 2.146 2477 2.550
T; 273 8.7 1.931 0.115 1.505 1.940 2210
Ty 273 8.7 1.955 0135 1.533 1951 2352
Ri 205 31.4 1.512  0.013 1470 1.516 1.530
T, 271 9.4 537.458 66.078 347.000 547.000 668.000

577.845 66.630 373.000 589.000 725.000
472.492 83.902 260.000 469.000 680.000

M, 271 9.4
H 179 401
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Table 2 Parameter details of each model

Structure

Model Hyper-parameter Value parameter Value
CART Max-depth None Splitter best
Min-samples-leaf 1 criterion Squared—error
KNN n-neighbors 5 metric minkowski
weights Uniform
SVM C 1 Kernel rbf
gamma Scale
XGB Learning-rate 0 Objective 9.379
Max-depth booster
subsample
RF n-estimators 100 Criterion Squared—error
Max-depth None Bootstrap true
Min-samples-split
ANN Structure [64,32,16]
activation ReLU
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Fig. 2 Statistical information and distribution of each feature
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Table 3 Performance evaluation of each model on dataset B

Model Dataset B-MSE Dataset B-MAE Dataset B-R?

RF 0.1411 0.2599 0.7808
XGB 0.1326 0.2346 0.794 1
CART 0.3058 0.3802 0.5250
KNN 0.2034 03211 0.6839
ANN 0.1705 0.2955 0.7351
SVM 0.2304 0.3073 0.642 1

222 PALPRTT AR 52 AR TAER
F 77 2 73 T (ANOVA) 73 7l vt B (Sequence) i
B 77 ¥ (Method) W& N FE AR SZ 520, FF ) riX
WE & S EER. tFH4 R EE Sum-sq. &
FHHE p EEPR) MR, I p 1 <0.05(B1 AiZdEbs
o 2 SA F2 ) B T AR AE SR 4

x4 BT AR EADITMN

Table 4 Evaluation of the influence of pretreatment methods on different properties

Index Sum-sq PR(>F) Properties of materials Performance of model Partial eta squared/%
Sequence 0.072356 0.000 006 76 H MAE 49.64
0.292757 0.000 198 H MSE 37.45
0.042 125 0.000203 R; MSE 37.35
0.02134 0.002 167 R; MAE 27.28
0.0537 0.003 146 Den MSE 25.58
0.023 057 0.003 642 Den MAE 2491
Method 0.217131 0.000 000252 Ri R 63.68
0.11408 0.000 000 549 Ri MSE 61.75
0.638 734 0.000 005 84 R? 55.22
0.087726 0.000 000755 MAE 54.44
0.056 407 0.0000325 Ri MAE 49.79
0.435094 0.000071 4 H MSE 47.08
0.011 466 0.000 186 T4 MAE 43.59
0.014988 0.000 386 T4 R? 40.78
0.009 593 0.000619 T4 MSE 38.89
0.01078 0.024 389 Ts R? 21.93
0.006 42 0.030 606 T MSE 20.74
Sequence—method 0.039 162 0.001 64 MAE 34.79
0.17159 0.010981 MSE 25.98

3 4 7 LLE S, ALERIN T 2 52 %20 Den.
Ri« H ¥ MSE 5 MAE, fiin &t ik 49.64%, H
BB 2 B R 2, SRR R IFIE B .
A 7 IS AE B IAR B 22 15 (H Ry X R 50 &2

ML T X MSE 5 MAE, Z Bt Ak 13.89%.
FEE 7 2O T3y Ty FRESZ AR, {HXF Den HA L
SR 2 o HENIX 5 BRI e i 0 T K 3R OO
AXKo BT WP EARHNAAEET He
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Fig. 4 Relative percentage change in the performance evaluation results under normalized priority compared to interpolation priority
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Extended Abstract

Introduction The existing research on modeling glass properties has some limitations in critical modeling stages, thus hindering
predictive accuracy and interpretability. Primarily, systematic data pre-processing is often neglected, i.e., most literature relies solely
on basic data cleaning (e.g., removing outliers and duplicates), lacking thorough investigation into optimal missing value imputation
methods and the crucial sequence of imputation versus feature standardization. Secondly, hyperparameter optimization strategies
remain simplistic. As some advanced techniques like random search or Bayesian optimization are introduced, studies generally
overlook a critical adaptation of tuning methods to specific algorithm characteristics and a lack comparative analysis of
approaches different models. This
hyperparameter-sensitive models like Support Vector Machines (SVM). To address these challenges, this study was to propose a

hyperparameter optimization across potentially restricts the performance of

comprehensive, optimized framework for glass property prediction.

Methods This research established a fully optimized framework for glass property prediction. The methodology comprised four
integrated stages, i.e., 1) Systematic Data Preprocessing: For dataset A, the framework rigorously evaluated the combinatorial effects
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of three missing value imputation strategies (i.e., Median Imputation, Polynomial Imputation, Random Forest Imputation) and two
standardization sequences (i.e., Imputation followed by Standardization; Standardization followed by Imputation); 2) Predictive
Model Construction and Evaluation: Six distinct machine learning algorithms, which were chosen for their varied inductive biases
(i.e., Random Forest-RF, XGBoost-XGB, Classification and Regression Trees-CART, K-Nearest Neighbors-KNN, Support Vector
Machines-SVM, Artificial Neural Networks-ANN), were employed. The model predictive efficacy was rigorously quantified using a
triple evaluation metric (i.e., Mean Squared Error—MSE, Mean Absolute Error—-MAE, Coefficient of Determination—R?). The model
generalization was validated by a novel dataset (A); 3) Interpretable Analysis: The SHAP (SHapley Additive exPlanations)
framework was applied to elucidate the contribution paths of key glass components towards the predicted properties; and 4)
Hyperparameter Optimization Strategy Analysis: For representative models SVM and RF, a comparative experiment was conducted
by three hyperparameter tuning methods, i.e., Random Search, Grid Search, and Bayesian Optimization. This stage was to establish
adaptable criteria matching hyperparameter tuning strategies to model architectures.

Results and Discussion

The results show that the sequence of standardization and imputation significantly affects model performance metrics, with a
substantially larger impact observed on MSE and MAE (up to 49.64% variation), compared to R?. Conversely, the choice of
imputation method exerts a greater influence on R? (up to 63.68%) under conditions of high missing data rates (i.e., >10%). The
optimal preprocessing is standardization-first followed by Random Forest Imputation. The SHAP analysis reveals that preprocessing
sequence does not alter the fundamental trends in feature contributions, but significantly changes the numerical distribution
morphology of SHAP values, thus introducing systematic bias. Imputation method, particularly at high missing rates (i.e., >40%),
directly affects the ranking of feature importance derived from SHAP.

The comparative performance of the six algorithms, evaluated across metrics, follows an order of RF = XGB > KNN ~ ANN >
SVM= CART. The RF and XGB demonstrate a superior performance, leveraging their ensemble learning advantages. The
predictive accuracy of model (as measured by MSE, MAE, and R?) is robust to varying missing data rates. However, the
interpretability of model predictions via SHAP becomes less reliable at high missing rates.

The SHAP analysis indicates distinct governing components for different properties, sometimes diverging from conventional
understanding. While B20Os dominates the Glass Transition Temperature (T,), M, content is primarily governed by SiO-, and followed
by B:0;. Na20 is a dominant contributor to both Density and Refractive Index. The primary contributors to the thermal expansion
coefficient (TEC) are temperature-range dependent. Na-O followed by K-O dominates at 20-300 ‘C, whereas SiO: followed by Na.O
dominates at 20400 C.

The use of hyperparameter tuning method proves critical, especially for hyperparameter-sensitive models. The Bayesian
optimization can obtain the most substantial improvements for the lower-accuracy SVM model, achieving a maximum R?
improvement of 76.56%. In contrast, its impact on the high-performing ensemble algorithm RF is marginal, indicating that alternative,
potentially more explorative methods like Genetic Algorithms (GA) can be more suitable for such models. This highlights a necessity
for model-specific hyperparameter optimization strategies.

Conclusions This study proposed and validated a comprehensive optimization framework for glass property prediction, addressing
key limitations in data preprocessing and hyperparameter tuning prevalent in the existing literature. The systematic evaluation
demonstrated that preprocessing choices, particularly the sequence of operations and imputation method under high missing data
scenarios, had profound and quantifiable impacts on both predictive accuracy (MSE, MAE, R?) and the reliability of interpretability
frameworks like SHAP. Among the evaluated algorithms, RF and XGB consistently outperformed others. Critically, the SHAP
analysis provided insights into composition—property relationships, thus revealing temperature—dependent dominance for TEC and
challenging assumptions regarding M,'s primary drivers. Finally, the hyperparameter optimization experiments established that tuning
strategy efficacy could be highly model-dependent. The Bayesian optimization offered significant gains for sensitive models like
SVM but was less effective for robust ensembles like RF, necessitating tailored approaches. This framework could provide a validated,
end-to-end methodology for enhancing the accuracy, reliability, and interpretability of predictive models in glass science and
potentially other material domains.

Keywords machine learning algorithm comparison; property prediction; hyperparameter tuning; data preprocessing



