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Abstract Moving toward an aged society, traffic accidents involving elderly drivers have also attracted
broader public attention. A rapid increase of senior involvement in crashes calls for developing
appropriate crash—severity prediction models specific to senior drivers. In that regard, this study
leverages machine learning (ML) algorithms so as to predict the severity of vehicle—pedestrian collisions
induced by elderly drivers. Specifically, four ML algorithms (i.e., Logistic model, K—nearest Neighbor
(KNN), Random Forest (RF), and Support Vector Machine (SVM)) have been developed and compared.
Our results show that Logistic model and SVM have outperformed their rivals in terms of the overall
prediction accuracy, while precision measure exhibits in favor of RF. We also clarify that driver
education and technology development would be effective countermeasures against severity risks of
senior driver—induced collisions. These allow us to support informed decision making for policymakers

to enhance public safety.
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Table 1. Descriptive Statistics

Single road/Within the

441
crosswalk
Variable Data Type Label Frequency Cesion (56 o Gyconggi—do 1536
Severe egion omina
soverite 0 | ondina (including Fatal) 479 Seoul 6442
Severity rdinal H
Slight 6199 Bicycle 342
(including Possible) Bike 257
0~9 481 Construct 36
10 ~ 19 922 Vehicle Type 4 Etc 20
Nominal
20 ~ 29 1504 (X9) Motorcycle 94
. 30 ~ 39 1197 Sedan 8090
Age (X1) Ordinal
40 ~ 49 1379 Truck 1075
50 ~ 64 2818 Van 1064
65 ~ 80 2098 Driver Gender 4 Male 1195
Nominal
< 80 579 (X10) Female 9783
Female 5660 Fri 1743
Gender (X2) Nominal
Male 5318 Mon 1693
Etc 3711 Sat 1374
Walking on the edge of Crash Day Nominal Sun 1111
631 (X11)
CrashType the road Th 1670
. ur
(Car_Person) Nominal On the sidewalk 517
(X3) Tue 1672
on the road 892
Wed 1715
walking across 5227
Fall 3084
etc 509 -
B Crash Season . Spring 2706
Intersection 57 (X12) Nominal
Summer 2434
Median 87 -
Winter 2754
Pedest 1785
afternoon(12 ~ 18 hr) 3937
Violation (X4) Nominal Safe distance 13
FS—— - Crash Time Nominal Dawn(24 ~ 06 hr) 1400
Dale drivin
£ (X13) Morning(06 ~ 12 hr) | 2904
Signal 1186 -
Night(18 ~ 24 hr) 2737
Speeding 27
65 ~ 70 5901
Uturn 27
70 ~ 75 3254
Dry 9967 Driver Age (X14) Ordinal
- 75 ~ 80 1413
be 159 80+ 410
RoadSurface Nominal Moisture 512
(X5)
Snow/ice 38 o
Wet 308 8:) [ IMmNL Z kNN I RF 2] svMm
Clear 9794 1
70
Cloudy 423 |
Climate X6) Nominal Etc 86 60+
Rain 642 504
Snow 33 1
il 40
Overpass/Bridge/Tunnel 61 E
/Underpass 30
Single road_etc 5550 204
Etc 645 1
Near the i i 1464 101
RoadType Nominal ear the intersection i
(X7) Inside the intersection 1731 0- - "
Tntersection/Within the Precision Sensitivity F1 Accuracy
949
crosswalk . . .
Parking lot e Fig. 2. Comparison of predictive performance measures
- among machine learning algorithms (Training set)
Single road 79

/Within the crosswalk
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Crash type (crossing) Z
Pedestrian (80+) | 7\
Pedestrian (20-29) 7727222222272/
Pedestrian (10-19) (22222222222
Time of crashes (dawn) [Z22ZZZZ2727)
Pedestrian (50-65) 777777777
Driver (70-75) L2222
Time of crash (morning) [72222777]
Operating vehicle in negligent manner
Month (Dec - Feb)
Single lane
Day of week (Wed) 722727
Driver (75-80) (272222
Intersection (Within) [777777]
Ran red light {22227
Violating pedestrian safety law 77777
Intersection (Nearby) 77777 .
A R L I R B L R I |
0 10 20 30 55 60 65 70 75

Fig. 4. Variable importance plot
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