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Abstract: Titanium dioxide (Ti0,), the primary component of high-titanium slag, is widely used in vari-
ous industrial fields such as coatings, plastics, papermaking, and cosmetics. This paper proposed a TiO,
grade prediction method based on a stacked model that combines random forest (RF), gradient boosting
machine (GBM), and support vector regression (SVR) to optimize the prediction accuracy of TiO, grade
in high-titanium slag through ensemble learning. The dataset was obtained from raw production data in
a metallurgical plant. After data processing and feature derivation, dimensionality reduction techniques
were applied to reduce the number of feature variables from 33 to 15, thereby identifying the most in-
formative variables. Experimental results demonstrate that the stacked regression model achieves excel-
lent performance on the validation and test sets, with an R’ value of 0.924 9, MAPE values of 0.29% and
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0.30%, and MSE values of 0.177 and 0.182, respectively—outperforming individual models. SHAP
value analysis further revealed that feature variables such as the TiO,/FeO mass ratio and C content pos-
itively influence the TiO, grade within certain ranges. Moreover, by integrating the stacked model with
Monte Carlo simulations, the optimal ranges of key feature variables were determined, such as the
TiO,/FeO ratio (1.70-2.12) and the TiO,/C ratio (0.50-0.58). This approach avoids the trial-and-error
process and energy waste associated with traditional empirical methods, thereby contributing to energy
conservation and emission reduction while enhancing the production efficiency and product quality of

titanium slag.

Key words: TiO, grade prediction, ensemble learning, stacked model, metallurgical process optimiza-

tion, feature importance analysis
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Fig.1 Boxplot comparison of raw material input
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Table 1 Summary of machine learning modeling studies for prediction of industrial production performance and metrics

Number of

ML models Target Input variables Reference
samples
ANN, SVM, DT Estimation oil production pe':rformance 117 Petropl}ysmal properties, 0}1 VISCOSIty., oil density, residual oil [32]
of LSWI core flooding saturation, temperature, brine properties
ANN, DT, ERT, Estimation the CO, foam strength 157 Shear rate, temperature, pressure salinity, surfactant concentration 33]

GB, RF, EXBoost

foam quality

Strip width, slab thickness, exit thickness, entrance temperature, exit
SVM, XGBoost, p widiy, ’ ’ P ’

Strip crown 1 809 temperature, rolling force, rolling speed, strip yield strength, bending  [34]
MLP, RF . . . .
force, rolling shifting, roll diameter roll thermal expansion, roll wear
Linear SVR, ANN Mould temperature, melt temper-ature, holding time, holding pressu-
Gaussian SVR The hotspot temperature 16 re, shot size, switch-over position, injection speed, and cooling time [33]
Stacked, BPNN, LSTM  Underground reservoir pressure 4000 Spatio-temporal data, Spatial coordinates and time information [36]
RFR, K A . . L . .
? SI;I]I\II{’ NN, Tempered martensite hardness 1900 Tempering temperature, C, tempering time, Cr, Si, Mn, Mo, Ni on HV [37]
Optimization of water Injection rate, production rate limit, start of depletion,
ANN . 166 ; [38]
alternating CO, gas end of depletion, average pressure
PSO-SVM, KNN, RF Crop yield 1200 Weather, soil fertility, water availability, water quality, crop pricing [39]
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Table 2 Comparison of pros and cons of machine learning models

Methods Pros

Cons

Liner Regression

Random Forest - .
reduces the risk of overfitting

Support Vector Machine

Gradient Boosti . .
radient Boosting complex relationships

Logistic Regression

Simple, easy to implement, highly interpretable

Generally high accuracy, can handle large amounts of data.

Effective in handling high-dimensional data, suitable for
complex classification problems, insensitive to feature scaling
High accuracy, robust to outliers, can handle data with

Suitable for binary classification problems, provides
probabilistic output, easy to understand and implement
Combines the strengths of different models, reduces the

Assumes linear relationship between variables, not suitable
for nonlinear data, sensitive to outliers

> Larger model size, long training time, lower interpretability

Long training time, difficulty in choosing the appropriate
kernel function, sensitive to parameter selection

High computational cost, prone to overfitting, complex
parameter tuning, not suitable for high-dimensional sparse data
Sets linear boundaries, limited ability to fit complex or
nonlinear relationships

Complex model structure, multiple models such as base

Stacked bias of a single model, flexible model structure models and meta-models need to be trained
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Table 3 Statistical parameters of factory raw data

Statistical parameter

Mo, [t

me/t  Wrio, /% Wi /% Wi /% Wrey05 1% Wsio, /%

WMgO/%

wcao/%

we /%

0,
Wtioy) 1%

Mean
Standard
Minimum
Maximum
Median

99.89
19.74
20.04
136.08
101.19

14.39 48.51
2.92 0.73
3.02 46.50
21.31 49.93
14.6 48.65

34.94
1.00
31.97
47.33
34.98

25.92
1.31
19.68
30.04
25.86

21.13
1.82
16.58
34.33
20.93

1.03
0.37
0.07
2.54
0.96

0.65
0.09
0.03
1.42
0.66

0.04
0.04
0.01
0.52
0.03

90.50
1.92
83.71
93.40
91.07

94.48
2.99
83.09
99.61
94.79
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Fig. 5 Heatmap of correlations in factory raw data(correlation coefficient)
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