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Abstract

With the advancement of Advanced Driver Assistance System technology, autonomous
driving technology is get a attention as a key component of smart transportation systems.
However, verification of safety about autonomous vehicle is required due to the continuous
traffic crash involving autonomous vehicles. In particular, to ensure the safety of vulnerable road
users such as pedestrians as well as autonomous vehicle on handicap sections where autonomous
mode is unexpectedly disengaged and the driver's response time is insufficient, this requires a
technical/institutional approach and a continuous understanding for autonomous vehicle crashes.
Therefore, this study used autonomous vehicle crash record data to extract impact factors from
the autonomous vehicle collision reports provided by the California Department of Motor
Vehicles, and used latent class analysis and ordered probit model with Bayesian probability
inference to deal with the traffic crash sample. As a result, traffic crash involving vulnerable road
users such as pedestrians and cyclists, scooter, mainly occur at bus stops or bicycle lanes where
road users cross, and the traffic crash severity increases when light condition is dark street. On the
other hand, for the traffic crash which is not involve vulnerable road users, the crash classes were
divided and the traffic crash severity increased depending on weather conditions, autonomous
vehicle movement, day and night, etc. When considering unobserved heterogeneity in geometry
and weather conditions, it was found that the the variance size was smaller and the confidence
interval was narrower based on the Bayesian ordered probit model with random effects unlike
fixed effects. Specifically, the traffic crash severity increased mainly in movements including
turns around signalized intersections and for the other crash, which does not include the
vulnerable road users. This means that intersections require an exploring of vehicle movements
due to the cross to the various road users, complexity of traffic flow, and unpredictability of
vehicles and pedestrians. By developing a detailed autonomous vehicle safety evaluation
scenario on these study, it is expected that more efficient and reasonable safety evaluation of
level 4 to level 5 autonomous driving technology will be possible.

Keywords: autonomous vehicle collision report, bayesian latent class, random effect, traffic
crash severity, text mining
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5h1 Qlo] Baxte} Zro] FHokst 2 o]-82HVRU, Vulnerable Road User) ¢HA o] tigh AF&-F8x19] od|AF 5k
= W7kl olsfi o B aAdo] F7lstl Sl ol & &0, s Ao 2 S¢S ok Agte 2 HAS
wWAR e} o] &3] F Hdo] Al GJAMAF-S B oA Aot Tt Zo] &A= HaAtel Z2 HE B2
ol A= WHES JeEote] qAEY ZRAAE ©HAsY Aotz Ao] F8stHMorris et al., 2021;
Hagenzieker et al., 2020). SFAIRF Z& 2} ARaL g0 6 & -3t tho] AtolA= F53 AL 20 = Q] 2}
& Aot Ayt 2po] o8 Rks st AL FF 8912 AlHste] 24 AabE dutelolgith(Ashraf et al,
2021; Das et al., 2020). T3t BR3Pz} 2pA A 5 kgt =2 o]-82HVRU, Vulnerable Road Users) A&} 3¢
| tﬂo]‘ﬂ BES F5517] Slofl A4 AlEEolAd T2 = HiAsto] s dd-s 15 4 itk= A7
(Deb et al., 2017; Millard—Ball, 2018).

mEbA, 2 AE 20199FE 20239 8G7EA] WA AFa 33} AL F F] kR k&2 o] 8Pt T E Afare}
71 Qo AALE FEsRl A AITEAE Fol ZE Frad el WA= o] e AR SRl AL A7 o] GRS A=
[RI55 ZRlst 7t 6k3lH

I-J

/|

riN
|'-||:|

falniy

ABFAL AL B 7|8 oY B B 7

Lee et al.(2023a)= 2| 2 o} 2p5F wef=rol| A Al55h= Aha 2F ARl 1657 tld e & =4 FO] ALA L
2 670 E E&stelet oldl Hold atold 711 & sl Avkt2lS o]-85to i}%‘:ﬂ F=Z
T, 9] 5 ThFS AL @918 23S Ashraf et al.(2021)-2 2016 H-€ 2020 297
ST YA T FEAL F AL ALE, e Y RE, FE /Y, T A AT ”1} 22 AE 7o ARl of
92 maoleln BAZOIN 48 At ARSI UL ol F8] FE §90] Ao st 2 5
Das et al.(2020) H|o] 2|t ZAH 74]3%@‘—% %”%5}04 A& B2 Afae] WAl =8 5448 melstal A} 5hale

O

H) 52 Aaro] ggdo] 81 FAL AL 2Hel gl E2ol] Fu] S5 B T aro] Lt AT A
9 s Mol 310k 2, WY ol AR A 715 8.8 oh§A A LFE B 4} 5 2 4

of TAH Atal EAJE oaljat Lz} shrt. Lee et al.(2023b)= WordStatE ©]-8-5t0] AFaL Al 8-l 22gHe A}

A ER 7|52 B FH W HolH a4s ol Abe A melof e mA R
WEALL HIHE 8015t A) 51Tt Kutela et al.(2022)= 2017W@ A 20208 7HA] 9] AF-&F-3Y 2} AFAL Hlo|E &
st Fofet =2 o] 8IS S LR AMAL SR =t ol Fefet k& o] 8= HayAk, A
A7 Bv 27 o] 8AE 7IE 2= oA WA Ae3 2t AL F ol AFALE T2k flsl FlAE Htold 7]
H-8 o] 85Tk Novat et al.(2023)-2 248 2}e} Qut Apekzto] thofst 25 3ol ke nA] = W42 HEs}
| S15f wlo] T YIEQIZE o]- 85t AL 71 A}, A2 2hef ARE 2| Abo] o] QIA] HEGAJZE 2ol 2 Q19 St ul &7
ANMe Fr] F30] S7HE 7Fs7do] wobA olet T H hdyte] AekS Aol -3 B art ot Al

N

g

2. DEAD N 7|22 Z8S 1S UMY BY B o

—

=
T HGATF AR Aol it 2R 7155 A/ She AL AR 7] 52 WEARL A2t
o1 Al o] 825 4= QIth Kwayu et al.(2021)-& 7% F4] @ (STM, Structure Topic
E93 EZ=Z(NT, Netwrok Topology) #41-& AH8-6to] m|= H] A7} 5=0] AFRFARLL

}:]
U 5= 739 27 BAE FIstsinh Kwayu et al.(2020)-2 AL A § 7155 &-8-oto] A2 watz oA 234

roh

S22, Al 424 A 132, 2024E 2 79



Article A Study on Autonomous Vehicle Crash Hierarchy Analysis and Severity Model Based on Bayesian Probabilistic Inference

2ko] Q1 FEol et Qn| &4 B4 9 ERE 5okl At daeE2 ARt A2 AT 919, 7]

S 4 . Arteaga et al.(2020)-2 LIME(Local Interpretable Model-Agnostic
Descriptions)= &-8cto] &5 AXME U] thF2pF AL o] QA 215 AHsIE o ‘SHSE, "QEH
o't 1A Ak AR 5o @ojzh ARt AdS ZHA AL Qlokal W3t Kutela et al.(2022)+= VRU ¥ A
15 EF75H7] 9151 R 371 2] Quanteda ¥ igraphE AH8-5to VRU Y H] VRU A F-=of thell 78 2 A st
+ 7195 @ ARYEY fidS A Zelet 9 AE Y E T Z45 353t

3. EAE DSAD H2AS 2% Y A7

=2 A7 3 A5A AR VRUE AL A, A4S 92 7Hs o] otA o] AF1e] S48 3
o] ERIT] ofo A BR1 AT ol 42 1131 91ek Yuan et al (202201
202141 F3ol4] A e} VRU k9] AA| 15 35 378708 ZAksto] $4F Alzbiee] G nlx)t o1,

ﬂllﬂl

/Hé]-j_! AR /‘]7]'E—E— =0

WJ
>,\1
A

= T o
4% 8 22 4917 BAS SIAISHAS W VRU ALE o] 18 485 WA Lidar 7148 2851l 9]
@ 5L AT Bao] ek seiek. Eat, AR 2T A BAHA g B4o] EAF 4 glolH 57
¥%0] SHE R wet BAH 02 WA TPSAE ol BEEA 92 SAT] JUTAES AR O G
s171 S1shAE 9] et Qo] ohARES 4L B HIES o] WS 1@ Bt 9 ole] B AFHe A

F7F D 231H(Yuan et al., 2022a).

7120 ATES BE £8 o] §A50 AR 4L 5 9T g A AL 2.919] JFS SIsh] 91

ZHEA L A B4 5 BAHQl YRS o §519th 53], ATk Bl thasre] HlolHel A WAt BAS
PSR ol X)at Agko] A& 24 AR HlolHRoR QupAE Autatalslols G} Qe Eat, AT
A} AT RIA W AL 2 GRS o §5te] Qg B4 7H ALEAhg-2 Aol ofehge] gloiAl AL AR
7152 B FAH G 290 25T Baio] k. whebA £ AT AR A mujol A5 AT A
B A1 A AL BIAE 7|80 2 BAE BAS F5 VRU XS A¥std 24 A b 7
BES TR A2k 5ol vet §EE AL B BT FEG AT R 5] A4S SHRs

24 Yye
1. 9+ S

g A AT ol F B2 0§74 ASE 71E0E VRU ATSH DNHART(GF A3 A8 71
IS TR AFE AT ko] JFE T A0S BASKIA shick. WA, v Heleel AL AR
7158 Fgoto] VRUSH BT AT, T 919 AATE FekT %2 o}84 A58 Amel YA el 9 548
SASISICL, 5 WAL Mol A SHEFEE 02 AT A% AZE e AF AT AZHES R

£E0] 4gaS st at ot tH(Figure 1).

80

Journal of Korean Society of Transportation Vol.42 No.1 February 2024



LEE, Songha + PARK, Juneyoung Article

Data collection & preprocessing 15t Class: VRU crash vs No-VRU crash

Text mining Mining patterns involving

‘ |II@IIIIM“SIU|HH&NE road users by Text analysis
VRU i | Py SRl e

Disengage
Yield or wait

MCMCsmpﬁng& Estimation class
3 > {1 N ¢

Fixed effect
Random effect

Weather

Movement

Figure 1. Research flow chart

g8 H|olH

2.

B A= 5hgot Al x o} AHFAtE]=H(DMYV, Department of Motor Vehicles)ol| 4] #|-&5H= 7i& d|o]

¢l 2 F842f AL HlolE FoflA 201912023 8E7HA] =35 52271 2] AFLL H|oJEl & o]-&-5titt. AR

o} 2bE A2 2 TR 2 FS A AAA ] YT nFA-S Ao A A= GA ol A-eFB 2 ot
388k HRE Fofofal AR A A] 109 o]l H A E ZHdote] AlEot e S g5kl Qlot. g Bk =

O Ak Y 917], AR B AN 229, 3E 7, AT BE f-5ol et AEE AlFstar 9l

tH(Figure 2).

Sty REPORT OF TRAFFIC COLL

‘Shade n Damaged Area
umor 4EFErCIOITR,
"Bwce Bwacn - >

oo ooos

.................. .
s e IR i =

e (rem]

EQ A& A AR A A F9 9 40 AgEe Bels] 18] Google EarthE B £2 44, A4l 4,

2 A S S FepRel £
R3] I3 AHE A AL AR 715 dlo]EE
5193 VRU 4§22 EFOIA 5 4717 5% Wg 2715190, AL A 715 g dolele] 112 7
2 Figure 3¢] UERRIT. AR 7] S0]4] VRUSH 21l AL12 52517] S18] el A7 BAESS Haste] 27

==

(o]

o
H
il
4
i)
o
1A
i}
I
)
l_.
<
=
c
>
[
o
O
Z—;EJ
[
mlm




Article A Study on Autonomous Vehicle Crash Hierarchy Analysis and Severity Model Based on Bayesian Probabilistic Inference

2t A4 7]/ @ Evto] o] 8ol Telo] QAL F=o] BHAITHY WA H o] L(involving pedestrian/cyclist/scooter,
by pedestrian/bike) Z3} o Fof e} VRUALE FE5H thHMorris et al., 2021; Olszewski et al., 2019). 2
T AR E2E o= EA617] Qlof Aba A A ]' IELZ = MR OA AR 16719 /\]'51%
Aelstal HAE EA-S Fof 5 %Q VRUSF #HAH ARILE= 677, 11 £]9] AFal= 439719 Hlo|HE o]-8513 1,
AL AZTE Aol &85 W= Table 17} 2t} Table 14 AV 2H&FY2HE 9)ulstal MV A-&F3217}
ohd At Y¥tAteH (45 3 23=hH-& vttt

Crash narrative Yielding or waiting Disengagement VRU O/X |Autonomous driving level
O/X(Blue word) | O/X(Orange word) | (Red word) (Green word)

On April 26, 2022 at 1:19 PM PST a Waymo Autonomous Vehicle (“Waymo AV") operating in San Fra

ncisco, California was in a collision involving a cyclist on Folsom Street at Mabini Street. While compl

eting a right turn from Folsom Street onto Mabini Street in manual mode, the test driver slowed to yi

eld to a cyclist approaching from the right. The cyclist made contact with the right front fender of the 1 0 1 4

Waymo AV after the Waymo had come to a stop. At the time of the impact, the Waymo AV's Level 4
ADS was not engaged and a test driver was operating the Waymo AV in manual mode. The Waymo
AV sustained minor damage.

At about 11:35 am our vehicle (car 1) was waiting behind a USPS truck to make an unprotected left t
urn, meanwhile one other vehicle (car 2) waited behind our vehicle. Another non involved vehicle noti
ces the queue of vehicles and passes on the right in the bike lane. As the USPS truck begins to make:
the turn, car 1 begins to move forward at 7 MPH then slowed to 3 MPH when yielding to the vehicle
passing in the bike lane. Car 2 directly behind us strikes our passenger rear bumper. The safety drive
r then the vehicle (car 1) and moved into a nearby parking lot to exchange information.

Figure 3. Process of creating explanatory variables from crash narrative

Table 1. Summary statistics of the independent variables

Variable Description Frequency Proportion (%)
Severity No injury 47 9.28
Minor 370 73.21
Mod 76 15.01
Major 13 2.50
Autonomous mode Autonomous 270 53.35%
Conventional 236 46.65%
Number of vehicle 1 vehicle 59 11.66
2 vehicle 443 87.54
3 vehicle 4 0.08
Weather Clear 440 86.95
Cloudy 44 8.69
Rain 19 3.75
Fog 2 0.6
Light Daylight 348 68.77
Dark streetlight 146 28.85
Dust dawn 10 1.97
Dark nostreetlight 2 0.39
Surface Dry 471 93.08
Wet 24 474
Other 11 2.17
AV_behavior Backing_AV 21 4.15
Changing lanes AV 8 1.58
Entering AV 5 0.98
Left turn_AV 25 4.94
Merging AV 2 0.39
Parked AV 4 0.79
Parking—manuvering_AV 17 3.35
Passing AV 2 0.39
Proceeding AV 138 27.27
Right turn_AV 27 5.33
Slowing_AV/Stopping_AV 45 8.89
Stopped_AV 204 40.31
U turn AV 3 0.59
Other_AV 4 0.79
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Table 1. Summary statistics of the independent variables (continued)

Article

Variable Description Frequency Proportion (%)
MV _behavior Backing MV 24 4.74
Changing lanes_ MV 30 5.92
Entering MV 8 1.58
Left turn MV 25 494
Parked MV 37 7.31
Parking—manuvering MV 8 1.58
Passing MV 19 3.75
Proceeding MV 213 42.09
Ran off road MV 20 3.95
Right turn_MV 30 5.93
Slowing/Stopping MV 12 2.37
Stopped_MV 18 3.55
Xing into opposing lane. MV 7 1.38
Other MV 45 8.89
None MV 10 1.97
Crash type Rear end 159 31.42
Sideswipe 92 18.18
Head on 44 8.69
Broadside 30 5.92
Hit object 28 5.53
Other 151 29.84
None 2 0.39
Night or day Day 350 69.17
Night 256 30.83
Time of the week Weekday 383 75.69
Weekend 123 24.31
Involving an AV’s yielding Yes 109 21.54
or waiting No 397 78.45
Involving a VRU Yes 67 13.24
No 439 86.76
Involving a disengagement  Yes (Disengagement) 85 16.79
for autonomous mode No 421 83.20
Level Level 2 4 0.79
Level 3 252 45.84
Level 4 242 47.82
Level 5 8 5.53
Road type Signalized intersection 225 44.46
Unsignalized intersection 135 26.67
Local street 145 28.65
Other 1 0.19
Number of lane 1 lane 74 14.62
2 lane 144 28.45
3 lane 87 17.19
4 lane and more 182 39.91
Including street parking Yes 358 70.75
No 148 29.25
Including bus stop Yes 176 34.78
No 330 65.21
Including bike lane Yes 282 55.73
No 224 44,27
Including divided median  Yes 93 18.38
No 413 81.62
Including unprotected Yes 121 2391
turning lane No 385 76.09

note: reference coding scheme, in which the design variables (or dummy variables) take the value of O (reference category) or 1, was

used to represent the various categories of the explanatory factors
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3. EHIAE DO10|d(Text mining)

HA Y tlolEofl Uehs ©of B 279 M E Altshs S TF(Term Frequency) ®Rol2tal shal, =
A Rio] whet S 7t detAle A WA ] ol o A4 W= (419 Rk §4 A& F9hHE A&t
dojuitt FQEE 75X R F= TF-IDF(Term Frequency-Inverse Document Frequency)E -8-5}o
AR AR 715 0 VRU Aet Qebtne] E48 Rkt sigeh. ofw) TF-IDFe] $41& Equation
1-Equation 32 53] 38 Al EA 9] BIL S ALK 4= Qi)

Numberof word 't ondocs 'd 1)

TF(t.d) = Numberofall word ondocs'd’

Numberofall docs ) V)

IDE(t, D) = log( Numberofdocs that cludesword 't

TF— IDF(t,d,D) = TF(t,d) X IDF(t,D) (3)

4. H|O|Z|Qt A Al2EXA(Bayesian latent class analysis)

ohE of 2] 7FA] 25 Zobots fet 29t B Yol &5k HA AlS 24 (LCA, Latent Class Analysis)-< 0124
¢l S= HlolH=RE FE2el s Aldsto] ohe] 24 U 24 5kl 24 7] oA =
Shot= SEE4 Tl gt FHEA ®WHolil 412 Equation 4-Equation 73 ZTHChen et al., 2020:
Ahlmann—Eltze et al., 2018; Das et al., 2020; Li et al., 2018). Equation 4%} Equation 59] o, = |F24 0 2 3]
Ar)o] rndl 5442 |5k w7l <4=0] 11 Equation 4+= Dirichlet ®32of e}t 3 37|15 % 25131 Equation
50 whet 7} glof ¥ & A Sefi2of @Sl Equation 72 7% i(EHE #lE U, of W& the REoA Sk
of &3] SHE HERIth R At i WAL Equation 83t Tk

A | a ~ Dirichlet(a) 4)
z; | A~ Multinomial (\) )
Uy, | B~ Dirchlet(p) ©)
X, | Uyz=k ~ Multinomial (U, ) (7
/4 J K /I J K
Pz UX o) =pO | o) [IpCz | OITTIe(0, 1 ) ITTITP(X,; 1 ©,)) 8)
i=1 j=1k=1 i=1j=1k=1
Hjo]2|¢t SHEFE-2 Hlo] B 9] APHE UH—ErOﬂ £4 ‘34_#94 S8 AL AT REES Yok gelot= e
% A5 SEEEE SR oI EM SHEIE, Gibbs 4159, Wl vo)= 2] 71 2Apst el Sick
(White and Murphy, 2014). & QoA += U}EE’—E OqJﬂ A Qlel 7|8t SEF A = HE Uot= 20 BES F
Z5= MCMCMarkov Chain Monte Carlo) A2 &118]= = Gibbs &1 8|&S &85ttt 9k g019] 4~
7HT BRSS9 208 RS T ofeled] o) S@s] 96 T RES A0 v1E 5

9= Gibbs ¢ 18] ZS o] g5t 1 A= 742 Figure 49+ 2},
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‘mode da) day_week - ING_INTO_OPPOSING_LANE_AV “ OTHER_MV q PASSING_MV
1) ,EmmM“Mﬂgglu‘”_‘ggmmmMmm P bl
’s-""’""""‘"m""”""r ’;J“‘ | T =Epy T g | . | MR
E street_park . bike_lane : RIGHT_TURN_MV 57 ING_INTO_OPPOSING_LANE_MV STOPPED_MV
53] : 2 ‘ e z s | "
I g;iﬁﬁlin;szmMmaga kit 1 =]l ol | 1 - | il
B i bl W g:"“”"""”‘"’"""’”"” T IO | T o | PR éjw * |
Figure 4. Process of estimation posterior class distribution using Gibbs sampling
5. (HIO[X]2h) &MY Z=28l 2Y
AT AZEES} 2 9171 Sl ARE AFaly] AsiE F2 24T TR R ARsl] A S50
2} sfjAo] 7Haet B & A-8-5kal Qlth(Lee et al., 20203 Yuan et al., 2022a). x= A1 W] BEglo]

AHEELE w2 QXS o5l g= Ay H40] Algol Al AZ vt v A
&9 882 Equation 9-Equation 112 F@3 4= glt}, 2 A7 oA= VRUSL Tl H Akaret 1 9]o] Abx &

St IA AFT AP AT BIA A2 E 79
AolstAtt. 4 W4 A A= & 19, 74/ (Minor), 44 (Mod), 2|8 (Major) 2.2 H & &5}
WA ALTL0] Hiko] BEste] FA e YRR THle] 0, 1,22
0, 1, 2,39 {91 7 =5 @3k

>~J.-_1E
NNy =}

Hl

E

lo
o ¥ WU d

Y, =6, X, +e,i=1n )

0 if —co <Y, < 0(PDO)

‘ 1if0< ¥; < 1(minorjury)
Yi=d il = V=S i1 < ¥, < 2(mod jury) (10)
3 if 2< Y, < 3(majorjury)
Ply=0) = &(—4,X,) (11

ERH AL AT By A A R 7 B 71 279 o84 (Heterogeneity)2 AR5 f1s 2o %=
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Figure 5. Results of top crash characteristics keyword with text mining for VRU crash and other crash
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Table 2. Result of bayesian latent class model fit for VRU crash and No-VRU crash

Number of cluster VRU crash No—-VRU crash
AIC BIC DIC AIC BIC DIC

Cluster 1 —2226.42 -2341.11 -2212.63 -15216.36 —15998.37 —15995.38
Cluster 2 -2233.32 -2358.65 -2210.56 -15226.08 -15829.60 -16110.28
Cluster 3 -2191.16 —-2454.07 -2125.78 -14977.85 -16013.37 -16190.76
Cluster 4 -2201.31 -2481.78 -2127.92 -14977.38 -16002.74 -14858.15
Cluster 5 -2200.70 -2476.34 -2129.53 -15900.37 -15311.01 -15140.74
Cluster 6 -2202.71 -2478.89 -2131.32 -15245.66 -15895.96 -15188.67

Casel Case2

Autonomous mode for VRU crash

0
c i & C)\b" Q;o E st

Crash type for VRU crash
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AV _drivng behavior before VRU crash

Case3

VRU crash severity

minor none mod major
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Road type for VRU crash
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Autonomous vehicle level for
VRU crash

level 2 level 3 level 4
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Bus stop is located for VRU crash

Signalized Unsignalized
intersection  instersection

Yes No

Stopped

local steet

Proceeding Slow/stoping Right turn Left turn U turn other

Case8 Case9 Case10 Casell

Bike lane is located for VRU Devided_median is located for

VRU crash

Street parking is located for VRU Involving an AV’s yielding or
crash

crash waiting for VRU crash

Yes No Yes No Yes No Yes No

Figure 6. Results of bayesian latent class analysis: VRU traffic crash characteristic
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Figure 7. Results of bayesian latent class analysis: No-VRU traffic crash characteristic 1
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Figure 8. Results of bayesian latent class analysis: No-VRU traffic crash characteristic 2
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A 2ES 7iAsHE Zlo] P asteH(Salon et al., 2018; Asgarzadeh et al., 2018, Zhu and Meng, 2022).

l:l:l

Table 3. Results of the bayesian ordered probit model for VRU crash

Ordered probit model with fixed effect Ordered probit model with random effect

Mean SD Cred.interval Mean SD Cred.interval
Involving bike_lane 0.412 0.584 (-0.690, 1.587) 0.293 0.359 (-0.210, 0.608)
Light_Dark streetlights 0.156 0.642 (-1.12, 1.401) 0.196 0.454 (-0.69, 1.06)
Signalized intersection 0.498 0.303 (0.017, 1.881) 0.213 0.371 (-0.52, 0.96)
Devided_median -1.181 1.496 (-4.380, 0.9021) -0.597 0.346 (-1.541, 0.101)
Turning_ AV 0.730 0.489 (-0.211, 1.663) 0.934 0.538 (-0.12, 1.98)
Street_parking 0.244 0.701 (-0.870, 1.889) 0.468 0.476 (-0.42, 1.42)
Proceeding AV 0.358 0.368 (-0.366, 1.059) 0.612 0.450 (-0.26, 1.55)
DIC -71.361 -75.056

VRUZE Al2|et AlSE At A2t 2 o] Avh= Tables 4, 52+ 2t A% 1(Cluster 13} Al 2(Cluster 2) 9]
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Table 4. Results of the bayesian ordered probit model for class 1 in No-VRU crash

Ordered probit model with fixed effect Ordered probit model with random effect

Mean SD Cred.interval Mean SD Cred.interval
Cluster 1
Number of vehicle 0.350 0.271 (-0.163, 0.893) 0.0314 0.244 (=0.451,0.523)
Night 0.561 0.277 (0.209, 0.941) 0.578 0.181 (0.231, 0.577)
Disengagement 0.289 0.213 (=0.131, 0.698) 0.196 0.193 (=0.199, 0.585)
Divided median -0.391 0.223 (-0.829, 0.041) -0.286 0.212 (-0.691, 0.134)
DIC -168.306 -178.869
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Table 5. Results of the bayesian ordered probit model for class 2,3 in No-VRU crash

Ordered probit model with fixed effect Ordered probit model with random effect
Mean SD Cred.interval Mean SD Cred.interval
Cluster 2
Divided median -0.371 0.255 (-0.861, 0.123) -0.311 0.246 (-0.803, 0.161)
Transit 1.306 0.701 (-0.103, 2.645) 0.826 0.599 (-0.338, 1.987)
Other_unsafe_turning MV 3.035 0.799 (1.579, 4.663) 1.796 0.584 (0.683, 2.955)
Signalized intersection 0.153 0.216 (-0.264, 0.563) 0.140 0.208 (-0.263, 0.544)
Unprotected turning lane 0.361 0.233 (-0.088, 0.824) 0.323 0.227 (=0.112, 0.754)
DIC -121.924 -129.434
Cluster 3
Number of vehicle 1.225 0.661 (-0.063, 2.538) 0.175 0.462 (-0.721, 1.065)
Night 1.013 0.425 (0.201, 1.847) 0.581 0.366 (=0.116, 1.297)
Managed lane 1.328 0.756 (0.200, 1.845) 0.479 0.561 (-0.622, 1.563)
Right turn_AV 1.551 0.844 (-0.042, 3.234) 0.291 0.588 (-0.621, 1.563)
Other_ MV 1771 0.857 (0.145, 3.469) 0.598 0.584 (=0.547, 1.749)
Proceeding MV 0.923 0.471 (0.013, 1.870) 0.563 0.384 (=0.200, 1.301)
Stopped_MV 2.826 1.016 (0.842, 4.826) 0.955 0.670 (-0.356, 2.278)
Sideswipe 0.923 0.658 (-0.336, 2.224) 0.791 0.516 (=0.201, 1.777)
DIC -57.685 -53.866
o7 22
2 A= A 2L AR HolE & B-85to] A At AR A2 ol Pk e S 246 flsl Ay
o} ARz ate] ol A Algshe Abe 2F AL HAA] W] GF W 9o = 7]skobA] @4 HIAg Y dlofE Wi A
49 818 A4S 2 082 A%, A AZOR FHsle] Ho]A BEFE Jue] A Wasint
24 A7}, VRUSE RIS AFTLE 2 477 o 87471 EgElo] 91T 3141 -$29lo] olal FEo] dragThe
S0 AL gt A 847 WAD & Qe WAkR, A7 o] 84, AA o] The R, ARl £
ofl Itk B0l glck. Hlo] At 7]eh Ale Zasl ma F|5k AT AZHE 29 A3, VRU AFE 437 ol
TVs 2, 1A 53, o] g Al Tt A% Wig AL A17be] ko] AR S JH glom e s 1
Azt 2 7 58] AL He) o] §t 2 0] FEe 289 Fa4o] dl Tlee] Rase] A7 2
Ve o] AlA g9k A A7t of 72 21 A Eloll A 2AIE A AIShE T30l Faskal ofof tiet Ak Al xAA
o] k2o B85t (Olszewski et al., 2019; Morris et al., 2021). §3], XA H d18F = S HE o2
o A4 Dol oA e 72 9lol BASHE VRUS 28 5 gl $52 ola] 2 a5 Aol Ba
Sic}. w5, VRUS Eatoba] o bt 24§ 2he] 929l e] R} 714 e Sof nfe} Al mjgio] gaka] 1 A}
A A OFO] S SISt 59, AlS 13 AT 29] At 4 B¢ =Y Atk A} DIC o] 8ol
Zpo]7F S AL H|o] ]9t 719k )l o] A kS 7H mo] Agtstth= 22 ou|gttt. o2 Fof a4 aifof] H]s|
Qo) 5t g o] A7 U FobA T T el 202 Qg oxje] BAE 1A 4 9L A0 7)Y
itk nhAjero 2 454 BEA UAUEE olalsh] AilAE B B Ak BES 5312 Bado] 93 o
T FEAS T 4 9 EA0lE Hlole| 7} BaoiAL} AHE A A 23 E SUEE Hole 2 o8
THA Level 4-Level 5 <220] Zha 588 7]zl tieh et &40l o2&l HAEES sl ¢Hd H7HA U 2
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