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Abstract: In order to predict the criticalmechanical parameters of loess accurately and quantify the uncertainty corresponding to the
prediction results reasonably, anunified framework for probabilistic prediction of critical mechanical parameters of loess by machine
learning methods is proposed. By fitting probability density function to the bias of the training dataset, a 95% confidence interval
for the prediction results is constructed, and the size of the confidence interval reflects the rationality of the prediction results.
(Result)  Predicting cohesion of loess based on four machine learning methods, namely, random forest, decision tree, extreme
gradient boosting and adaptive boosting, the corresponding coefficients of determination R* reached 0.84, 0.75, 0.81 and 0.79,
respectively. The proportion of measurement data included in the 95% confidence interval constructed by the four methods is
around 95%. It is shown that the 95% confidence interval obtained from the bias based on the training dataset is relatively reliable

and can quantify the uncertainty of the prediction results reasonably. In addition, the cohesion of loess can be predicted accurately

BEETH : HME T TR RT3 40 H (No JJKH20230141K1) 5 Fl % H SRRl JE 4 75 4E 3L 4 T H (N0.42107204).

EE B K (1993— ), 2o, AR5 A4, 05 5 1 g A+ TR AR 43 0 5 0L A8 2 2 @24 . ORCID: 0000-0003-0519-0870. E-mail:
song _chao@stu. xjtu. edu. cn

* BIRAEHE i EFH, ORCID:0000-0002-3776-7796. E-mail : gaochongyang99@stu. xjtu. edu. cn

SIAMER RO, R I, 5 T EH, 2026 25 T HLE 2 21 19 28t SCHE 1 2 S BB R B 8 — HES R R IR A} 27, 51(2) - 386 — 397.
Citation: Song Chao, Zhao Tengyuan, Gao Chongyang, 2026.Unified Framework for Probabilistic Prediction of Critical Mechanical Parameters of

Loess by Machine Learning Methods.Earth Science,51(2) : 386 —397.



5 2 M IR T LR T 0 R B RO R B G R R R 387

using the four machine learning methods.

Key words: loess; cohesion; data-driven; probabilistic prediction; bias; uncertainty.
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Fig. 1 The histograms of the physical and mechanical parameters of loess and correlations among them
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Table 2 Spearman’s correlation coefficientbetween bias obtained from unified framework 2 and predicted cohesmn/ input vari-

ables and corresponding results of P-value test
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Fig.2 Scatter plots between bias obtained from unified framework 2 and predicted cohesion of loess
a.RF; b. DT; c. XGBoost; d. AdaBoost
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Fig.3 Results of cohesion prediction and uncertainty quantification for different machine learning methodsbased on unified framework 2
a.RF; b. DT; c. XGBoost; d. AdaBoost
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Fig. 4 Statistical characteristic results of predicted cohesion of
unified framework 2
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Table 3 Spearman’s correlation coefficient between bias obtained from unified framework 1 and predicted cohesmn/ input vari-

ables and corresponding results of P-value test

RF DT XGBoost AdaBoost
SR
T, PiH T, Py T, Py T, Pl
V=N 0.418 0.000 0.024 0.693 0.196 0.001 0.305 0.000
X, = 0.116 0.053 0.134 0.025 0.026 0.667 0.175 0.003
=&k 0.083 0.167 0.019 0.749 0.001 0.990 0.091 0.131
X,=1fLBi —0.144 0.016 —0.119 0.047 0.017 0.781 —0.279 0.000
X, =R 0.148 0.013 0.062 0.304 0.012 0.847 0.222 0.000
=R 0.111 0.063 0.027 0.659 0.027 0.649 0.186 0.002
X, =Wtk % 0.074 0.216 0.005 0.930 —0.008 0.888 0.054 0.365
X, =045 % 0.154 0.010 0.077 0.201 —0.002 0.971 0.224 0.000
X, =1 0.134 0.025 0.073 0.224 —0.017 0.775 0.204 0.001
X,=T % 0.152 0.011 0.123 0.040 0.008 0.894 0.286 0.000
1.0 1.0
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Fig. 5 Statistical characteristic results of probabilisticprediction of cohesion of loess for 100 experiments based on unified frame-

work 1 and 2

a. RF; b. DT; c. XGBoost; d. AdaBoost
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Table 4 Spearman’s correlation coefficient between residual and predicted cohesion/ input variables and corresponding results of

P-value test

RF DT XGBoost AdaBoost
# S5
T PE T PE T Py T Py
V=R 0.098 0.101 —0.169 0.004 —0.075 0.211 0.164 0.006
X, =% 0.151 0.011 0.224 0.000 0.057 0.341 0.129 0.032
X,= KR 0.078 0.193 0.036 0.547 0.022 0.718 0.109 0.068
X,=fLB L —0.160 0.007 —0.079 0.185 —0.060 0.320 —0.247 0.000
X, =R 0.132 0.027 0.079 0.186 0.067 0.266 0.231 0.000
X,=¥RR 0.094 0.115 0.052 0.382 0.056 0.352 0.183 0.002
X, =W rEF5 % 0.067 0.262 0.032 0.597 0.012 0.842 0.074 0.216
X, =1ETEH 0.139 0.020 0.087 0.149 0.065 0.279 0.245 0.000
Xy =1 A 0.143 0.016 0.070 0.242 0.044 0.461 0.212 0.000
X,=T%% 0.168 0.005 0.082 0.169 0.066 0.275 0.256 0.000
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Fig. 6 Statistical characteristic results of probabilisticprediction of cohesion of loess for 100 experiments based on residual

a.RF; b. DT; ¢. XGBoost; d. AdaBoost
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