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Abstract: To identify the key determinants of urban road-traffic accident severity and their interaction effects,
we analyze 6,968 accidents handled under the general procedure in Shenzhen during 2016-2019 and develop a
Bayesian-network framework that integrates CatBoost—-SHAP feature screening, K2 structure learning, and
maximum likelihood estimation (MLE). Coupling backward (inverse) inference with scenario analysis, we
quantify severity migration and risk amplification using the probability difference (AP.) and the amplification
index (R.). The results indicate that vehicle type, road lighting, motor-vehicle compliance/inspection status (e.g.,
unresolved violation or expired inspection), and vehicle technical condition are principal contributors. Scenario
analyses constructed from these determinants reveal systematic increases on the more-severe end (AP, >0 and
R >1) driven by multi-factor coupling. Under stratified five-fold cross-validation, the model attains an overall
accuracy of 80.37%, with AUCs of 0.839, 0.815, and 0.774 for the three severity classes (Damage,Injury, Fatal).
The framework balances predictive performance with interpretable inter-factor dependencies, elucidates the
risk-amplification mechanism of multi-factor interactions, and provides quantitative evidence to support
scenario-based joint interventions and urban traffic-management measures.

Key words: traffic safety; scenario analysis; accident severity; CatBoost-SHAP; Bayesian Network;
multi-factor synergistic effects
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WSLN 0.5377 0.6856  0.5143  0.3638 0.1479 -0.0234  -0.1739 4 12 2 2

Motor 0.1913 0.0034  0.3468 0.2265 -0.1879 0.1555 0.0352 2 1 10 4

R TE it Truck 0.2122 0.1284  0.1786  0.3799 -0.0838 -0.0336  0.1677 8 10 3 3

Bus 0.5965 0.8683 0.4746 0.3936 0.2718 -0.1219  -0.2029 1 2 1 1

Accident 0.2507 0.2859  0.2206 0.2455 0.0352 -0.0301  -0.0052 12 11 16 14

iR K Tllegality 0.2504 0.3159  0.2073  0.2220 0.0655 -0.0431  -0.0284 9 8 12 10

RIS Expired 0.2327 0.0792 0.3405 0.2897 -0.1535 0.1078 0.0570 3 3 5 6

Normal 0.2662 0.3190  0.2316  0.2428 0.0528 -0.0346  -0.0234 10 9 13 11

T 4 Normal 0.7992 0.9201 0.7191 0.7472 0.1209 -0.0801  -0.0520 5 5 6 7

IR Poor 0.2008 0.0799  0.2809 0.2528 -0.1209 0.0801 0.0520 6 4 7 8

2.5 BRIERER

ARG

R B HE PP b REBE T, e B s RS B i = SRR 7 5%

S>=MotorxExpired S;=TruckxPoorxNWSL, LL%5 52 134 4L J5 50 Po(Acc)={36% 38%-. 26%} %,
R HE T FHE AP MR, R EIR, SfEFataliii IR, APcA+72%, ReN3.77; S>LAInjury

RO E, APSN+31%, RN1.82, A Fatald

BAPN+4%, R.N1.15; Ss{EFataly

RN3.81. BAKELES, Fatalif KGR S>S>>S>, Injuryii LAS> AN E,  H 55 2 APc>0 HRc>1,

i

S=TruckxXNWSL.
?’Jﬂ l AR

SO IR R, APN+T3%,

Afike IR ELAR, W9, B3R AEAE X N YRR EFISHAPAZ AR 5 LR AP

RAEERARS L STHRIE B 26 T Truck i M =820 T SHAP>0 ) s fE X, 1B R AT i 1 22 e
S2H Motor H St=Expired ] 5 z= B4 A 1E, St=Normal i 211 %; S3H TruckxNWSLxVs=Poor /¥ fi{l i 5 1
%, A —2%fFBEE R R . 'S5 R —BERY], EMRB S, SARRSHES
A FH ] {7 E R A AT AR R LR R AR R IR, 7ES,5S5 T, HDamage. Injury[mFatalif#, 7ES, K, &
% tHDamage[] InjuryiL # .
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