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Predictive Assessment and Mechanistic Analysis of Eco-friendly Insulating Gas Biosafety
Based on Quantitative Structure-activity Relationship

YE Fanchao, XIAO Feng, TIAN Shuangshuang, ZHANG Xiaoxing

(Hubei Engineering Research Center for Safety Monitoring of New Energy and Power Grid Equipment, Hubei University of Tech-

nology, Wuhan 430068, China)

Abstract: Eco-friendly insulating gases are essential for the green upgrading of power transmission and distribution sys-
tems. Although predictive modeling of insulation performance and physicochemical properties has been widely studied,
biosafety, as a critical practical indicator, is governed by distinct structural factors and requires independent predictive
models. In this work, following OECD guidelines, we developed the first QSAR models for the acute inhalation toxicity
of fluorocarbon-based eco-friendly insulating gases. Through performance evaluation, support vector machine with radial
basis function kernel (SVM-RBF) and eXtreme gradient boosting(XGBoost) were selected as two top-performing models,
which demonstrated excellent performance in training set fitting capability, cross-validation stability, and external predic-
tion generalizability. The SHapley additive explanations(SHAP) analysis was further applied to interpret the relationships
between key molecular descriptors and toxicity, revealing the core structural features influencing biosafety. The results
provide a theoretical basis and analytical framework for the molecular design and risk control of fluorocarbon-based
eco-friendly insulating gases.
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Table 1 Optimal hyperparameters for models based on

grid search

By REBSH

SVM-RBF C=25.0, gamma=0.001
SVM-Poly C=60.0, gamma=0.001
RVM-RBF gamma=0.001, init _alpha=0.01
RVM-Poly gamma= 0.002 5, init_alpha=0.01
learning_rate=0.02, max_depth= 3, n_estimators=300,
XGBoost colsample bytree=0.5, min_child weight=5, subsample=
0.5, gamma=0.01, reg_alpha= 0.7, reg_lambda= 0.1
max_depth=10, min_samples_leaf=1,
RRF min_samples split=2, n_estimators=200, Step=0.01,

threshold= 0.01
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Fig.4 Comparison of performance metrics for internal and

external validation of different algorithmic models
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Table2 Model performance comparison
R RY
SVM-RBF0.971 0 0.722 9 0.282 0 0.206 7 0.7532 0.714 1 0.576 1 0.744 6
SVM-Poly 0.951 6 0.719 5 0.303 5 0.218 6 0.706 3 0.778 9 0.639 5 0.719 5

2 2 2
Riys OrMSETR OMAETR  Rig  Ormsers Omaets  Ofgo

RVM-RBF0.924 2 0.691 1 0.456 1 0.383 0 0.706 6 0.778 6 0.665 0 0.728 5
RVM-Poly 0.953 7 0.683 0 0.356 6 0.298 2 0.745 7 0.724 8 0.572 3 0.726 0
XGBoost 0.97920.6809 0.2389 0.171 1 0.766 4 0.694 7 0.603 8 0.735 0

RRF  0.92260.624 5 0.402 1 0.3302 0.702 7 0.783 7 0.615 2 0.666 3
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Fig.5 Response plot of SVM-RBF and XGBoost model
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Table A1 Definition of molecular descriptors as calculated by the E-Dragon platform
Rcs P b iis 5E L 5 o T RER T 5E X

1 ALOGPS_logP ALOGPS il ft) 37 /7K 53 it Z 3 (logP) 66 Morllv MoRSE 11(#&FnAl)

2 ATS2m 5 2 [ Broto-Moreau [ AH (B InA) 67 Morl2v MoRSE 12(f&F AN

3 BEHp1 I ERAERY 1 1 Burden REAF{E (B AL ZE AL 68 Morl3e MOoRSE 13(H P IA)

4 BEHv3 BB 3 1 B“;;;;)Wﬂa(mgww e Morl3m MoRSE 13(F &)

5 BELm2 FARESAZBY 2 (1) Burden FFAEAE (57 20D 70 Morl4u MOoRSE 14(A ML)

6 C-040 C ETHEE A Bt B 71 Morl4v MoRSE 14(fAAUI#Y)

7 De PR AP PR B 72 Morl5u MOoRSE 15(A )

8 DISPe AL B B I 73 Morl6m MOoRSE 16(J5 &)

9 DISPy JOEARAR AR B 74 Morl7e MOoRSE 17(H 5B

10 Ds AR A B 75 Morl8v MOoRSE 18(fAA )

11 Du AL HE TR 76 Mor20m MOoRSE 20(Ji £ iAl)

12 Dv AR TR 4L 77 Mor20u MOoRSE 20(A M)

13 Elm 25— WHIM SRS InAY) 78 Mor21m MOoRSE 21(JFi &)

14 Els 35— WHIM Sh(RIRA ALY 79 Mor21u MOoRSE 21 (A ML)

15 Elu 5— WHIM SR 80 Mor22m MOoRSE 22(J5i &)

16 E2e 5= WHIM H(f fuE i) 81 Mor22v MOoRSE 22(fA )

17 E2m 257 WHIM Hi(F &) 82 Mor24u MOoRSE 24(A ML)

18 E2v 5 WHIM Hh (R 83 Mor24v MOoRSE 24(fA A nA)

19 E3p 5= WHIM Hi(#R A28 84 Mor26v MOoRSE 26(fAA )
20 E3u 25 = WHIM $hCR i) 85 Mor27m MOoRSE 275 &)
21 EEig03d 3 3 MU AR (PR RS IR 86 Mor28m MOoRSE 28(J5i &)
22 Glm 4R WHIM SRR (5 AL 87 Mor28v MOoRSE 28(fAA )
23 Glu 425 WHIM SRRV R IR 88 Mor29v MOoRSE 29(fA A nA)
24 G2s 8 A 7 WHIM X FRMECRRAS Ik 89 Mor30u MOoRSE 30(A ML)
25 GATSle )5 1 Geary EARS(RAAMEIA) 90 Mor31u MOoRSE 31K I
26 GATSlv TiJG 1 Geary H A R(IRRUINEL) 91 Mor31v MOoRSE 31(fAA )
27 GATS3e T J5 3 Geary [HHHIC(F S A 92 Mor32v MOoRSE 32(fAA )
28 Gs 2 JR AR PR B (RR A IR 93 Ms SRRV
29 Gu A R AR PEFR BRI 94 nBM ki
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