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Traffic accident risk prediction based on causal intervention and
dynamic graph learning

SUN Yiwen', ZHANG Yichi*, CHEN Jiaqgi’
(1. Institute for Artificial Intelligence, Peking University, Beijing 100871, China; 2. Baidu Online Network Technology Co., Ltd.,
Beijing 100193; 3. School of Information Engineering, Minzu University of China, Beijing 100081, China)

Abstract: To address the limited generalization ability and inadequate spatiotemporal dependency modeling in urban
traffic accident risk prediction, this paper proposes a traffic accident risk forecasting network based on causal interven-
tion and dynamic graph learning. Within an encoder-decoder framework, an input-gating module is designed to fuse
multi-period accident signals with external covariates. A dynamic graph learning module is further introduced to adapt-
ively characterize time-varying spatial dependencies among nodes via a channel-attention mechanism, while graph con-
volution and gated recurrent units are jointly employed to model spatiotemporal evolution patterns. To further improve
forecasting stability, a transition-bridge module is incorporated to map historical spatiotemporal states to future states,
thereby mitigating error accumulation in multi-step prediction. Meanwhile, a front-door-criterion-based causal interven-
tion mechanism is adopted to sever confounding paths at the feature level, enhancing model robustness and transferabil-
ity. Experiments on two public datasets, NYC and Chicago, demonstrate that CIDGNet outperforms four baseline mod-
els in terms of root mean square error, recall, and mean average precision. Ablation studies further verify the contribu-
tions of key components-including the dynamic graph, input gate, and transition bridge-to performance gains, confirm-
ing the effectiveness of causal intervention and dynamic graph learning for complex spatiotemporal forecasting tasks.

Keywords: accident prevention; causal intervention; deep learning; forecasting; risk prediction; graph neural networks;

time series; long short-term memory; traffic control; convolutional neural networks
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Fig. 6 Hourly traffic accident risk curve
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Table 1 Dataset information
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Table 2 Experimental environment
BEPF B AR F ZH
CPU Intel(R) Xeon(R) Silver
AT 125 GB
GPU RTX 4090
BIERGE Ubuntu 22.04
CudaffiA 12.4
Nvidia driver fiiA< 550.54
Python 7% 3.8

223 xfeARA

T PFAL CIDGNet A58 2 1) SE o 1, gEHL T
8 il B A SR A S S 1 A A5E B HE AT 0 bE S
Horr, Iy &S 24932: (historical average, HA)PY 3%

22 ML A I 8] e 50 00 7 3% 5 A% i B BE 2 T (ex-
treme gradient boosting, XGBoost)*? | £ JZ B AIHL
(multilayer perceptron, MLP) 1 FI GRUM™! 43 54X,
LA T | RN BE A 2] R 9 R 1
ConvLSTM™! | Graph WaveNet**! | Jh ¥ 51 YA} 28
W 2% (geographical and semantic spatial-temporal net-
work, GSNet) 231 FIHL I AL T SCSE 52 (to-
pographic-weighted context category network, TWC-
Cnet)?** U J& >4 Aif 5y So i Y A 25 Tt A 22
2.2.4 AERWY A B MEIES S AT
KIMEASMGH T HBEELENYC H
Chicago 454 R PERESE R o B — 3 e b 0 25
RAHIAZR R, WA RIS R RILZRR, *3RR
T A v WA I B AR PR RE R B o

R 3 NYC#IESE FrEsEXTEE

Table 3 Performance comparison on the NYC dataset

st Erusd RI%? 1N Ejysl R'/%1 )

HA 10.3243 24.43 0.1049 9.4994 26.94 0.1258
XGBoost™! 11.0165 23.14 0.1008 10.1730 25.22 0.1119
MLPM 8.4289 27.28 0.1196 7.6379 29.51 0.1338
GRUM! 8.3375 28.09 0.1228 7.3546 30.76 0.1301
ConvLSTM™2 7.9505 30.99 0.1526 7.2554 32.61 0.1557
Graph WaveNet* 7.7358 31.78 0.1623 7.0958 33.04 0.1647
GSNet®! 7.6599 33.01 0.1785 6.8263 34.05 0.1772
TWCCnet?! 7.5945 32.69 0.1808 6.7816 33.07 0.1715
CIDGNet (4 30) 7.1560 33.35 0.1865 6.7336 34.50 0.1810

T IR G R I28 ) Fochf
% 4 Chicago F#E & F 1 EEXT L
Table 4 Performance comparison on the chicago dataset

A Erusl RI%? Pyl Eiysl R'/%1 Pyt

HA 14.958 1 13.80 0.0572 10.2564 15.89 0.0644
XGBoost" ! 15.6946 12.58 0.0545 10.3685 15.22 0.0614
MLPH 12.5116 17.53 0.0631 8.9500 18.93 0.0748
GRUMM 12.6482 17.83 0.0664 9.0421 18.66 0.0758
ConvLSTMH 11.1309 18.84 0.0789 8.5254 20.30 0.0925
Graph WaveNet™*” 11.0835 18.95 0.0805 8.4484 20.42 0.0933
GSNet*! 11.2346 20.29 0.0856 8.5628 21.81 0.1070
TWCCnet?! 11.3092 20.21 0.0850 8.4832 21.85 0.1146
CIDGNet (£430) 10.2810 21.23 0.1004 8.1382 22.36 0.1255
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Table 5 Experimental results of the CIDGNet variants on the NYC dataset

o Erus) RI%? Pyl Epysd R'/%1 Pt
DGG-SE 7.2154 31.69 0.1603 6.7625 32.05 0.1569
DGG-H 7.2148 31.56 0.1585 6.7608 32.02 0.1568
DGG-X 7.2138 31.83 0.1620 6.7636 32.05 0.1576
1IG w/ FC 7.2558 31.58 0.1769 6.8013 33.24 0.1751
-TransBri 7.3025 31.64 0.1723 6.8519 33.21 0.1693
CIDGNet 7.1560 33.35 0.1865 6.7336 34.50 0.1810
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Fig. 8 Ablation experiment results of different graph structures
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Fig. 9 Ablation experiment results of different features
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