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Heterogeneous Travel Behavior Analysis Considering Dynamic
Traffic Information
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(School of Transportation Engineering, East China Jiaotong University, Nanchang 330013, China)

Abstract.In order to quantitatively analyze the influence of highway dynamic congestion traffic information
caused by traffic accidents and traveler heterogeneity on travel choice behavior, a large—scale SP/RP survey data
covering 2 500 highway users in west Japan is used for this study. Latent class analysis(LLCA) is adopted for ex-
tracting different preference features on traffic information, followed by a multilevel model which sets the results
of LCA as explanatory variable. The research results show that:Through the potential category analysis of the
data, travelers can be divided into three types of heterogeneous groups, namely, dynamic traffic information high
dependence group, dynamic traffic information low dependence group and dynamic traffic information indepen-
dent group, accounting for 38.8%, 36.1% and 25.1%. And there are significant differences in gender, age and
occupation among these groups. The travel behaviors of travelers in different traffic information dependence
groups are significantly different under dynamic traffic information. The travel prediction model considering data
hierarchical structure is more accurate than the prediction model without data hierarchical structure.
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Tab.1 Variables and its classification
Number Variables Classification
1 Gender 0:female;1:male
2 Age 1: <35 years old;2:36-59 years old;3: =60 years old
3 Education 1 :bellow bachelor;2:bachelor;3:above bachelor
4 Occupation 1 :manager;2: Professional and technical p.ersonnel;.’) :social production service and life
service personnel ;4 : manufacturing and related personnel ;5 : others
5 Travel purpose 0:no time constraint; 1 :time constraint
6 Travel distance Continuous data in km
7 Accident severity 1 :fatal accidents;2:not fatal accidents;0:others
8 Distance to site Continuous data in km
9 Clear time Continuous data in min
10 Choice 0:not change;1:change
k2 XBEFERRUIBETE

Tab.2 Manifest variables of traffic information heterogeneity

Manifest variables Classification
Even you don’t collect any travel information before depature, you will somehow get to the destination first
Regarding travel information, it is useful to have a smooth activity
You will collect travel information as detailed as possible
Regarding travel information, you only prefer real time information
0:no;1:yes

Prefer travel information from internet rather than experience
Regarding travel information providers, you like to compare with different sites
If extra information (weather, entertainment or news) is not provided, you will not use travel information

If it is easy to get travel information about highway, you will use highway more frequently
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Tab.3 LCA fitting information for travelers traffic information preference
Class k G2(LL) df X AIC BIC aBIC Entropy LMR BLRT

1C 8 1 506.2 247 3453.0 237934 23840.0 23814.6 - - -

2C 17 600.3 238 796.8 22905.5 230045 22950.5 0.581 <0.000 1 <0.000 1
3C 26 405.2 229 657.4 227284 228798 227972 0.781 <0.000 1 <0.000 1
4C 35 285.4 220 350.7 22 626.6 228304 22719.2 0.695 0.0195  <0.000 1
5C 44 245.9 211 297.2 22 605.1 228614 22721.6 0.713 0.736 2 <0.000 1
6C 53 213.8 202 221.9 22591.0 22899.7 227313 0.721 0.016 7  <0.000 1

Note :best values are bold.
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Tab.4 Classification standard of the latent class %
2C corresponding probability 3C corresponding probability
Variables
Class 1 Class 2 Class 1 Class 2 Class 3
0 67.9 66.4 76.7 50.6 77.0
: 1 32.1 33.6 233 494 23.0
0 92.8 98.3 91.1 97.0 97.7
? 1 7.2 1.7 8.9 3.0 23
0 39.8 88.4 0.0 100.0 86.9
’ 1 60.2 11.6 100.0 0.0 13.1
0 41.1 79.8 442 45.7 87.3
! 1 58.9 20.2 55.8 543 12.7
0 53.7 81.6 53.4 60.6 85.6
: 1 46.3 18.4 46.6 394 144
0 28.1 81.5 252 44.9 87.8
° 1 71.9 18.5 74.8 55.1 12.2
0 12.8 47.8 14.3 13.2 62.1
! 1 87.2 522 85.7 86.8 37.9
0 52.3 90.5 51.9 62.4 95.1
’ 1 47.7 9.5 48.1 37.6 4.9
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Tab.5 Comparison of latent class for different individual traffic information preference

Individual variables Classification ~ Sample size Class 1 Class 2 Class 3 X P
0 1249 533 474 242
Gender 6.169 0.046
1 1251 481 486 284
1 662 214 248 200
Age 2 1268 537 496 235 54.034 <0.001
3 570 263 216 91
1 1 286 548 489 249
Education 2 1 063 418 406 239 9.504 0.050
3 151 48 65 38
1 169 61 76 32
2 377 127 146 104
Occupation 3 471 192 169 110 28.668 <0.001
4 347 144 121 82
5 1136 490 448 198
4 ZIKEREBISH DA [ i e 28 Y 00 1 A5 5 A AT e B ATy A 22
i O A B A SR B g (22614, PO.001) BB AATRIT R W7

AN TR A2 38 A 5L S B X AT B I ATAT R R 25
GHFIEMITEDN AN SET B AT R
3 AR AT E AR B AR o AR AR 10 AR,
Pt Z KRR Horh | AT AR B R 47 53 20 R 7K F- 2
(Group level) 43&H, HAbAS & KK 1 (Individual
level )25 .

22 7K V-5 R[] 5 R0 A 3 45 SR AR 6 B, Al

LRI Gender (F=6.369,P=0.007),Age (F=71.852,
P<0.001) ,Education (F=66.652,P<0.001) ,Occupation
(F=2.397,P=0.024) ,Accident severity (F=15.736,P<
0.001) A1 Distance to site (F=4.594,P=0.034) 1Y) %% )/
A Girt2#E L, 1 Trip purpose (F=0.137,P=0.699) Fil
Trip distance (F=3.215,P=0.087) %% W JC 48 i1 2%



55 4

I8 IR S S A AR BN S AT AT A

67

*®6 EIEMA
Tab.6 Fixed effect

Fixed effect df1 df2 F P
Corrected model 14 2 486 22.614 0.000
Gender 1 2 486 6.369 0.007
Age 2 2 486 71.852 0.000
Education 2 2 486 66.652 0.000
Occupation 4 2 486 2.397 0.024
Trip purpose 1 2 486 0.137 0.699
Trip distance 1 2 486 3.215 0.087
Accident severity 2 2 486 15.736 0.000
Distance to site 1 2 486 4.594 0.034
Clear time 1 2 486 8.458 0.004

N TR 22 K VAR A X )2 R 4 F BOHE 1) T
RE T, R — s 25 Bl 5 A 28U R 22 70T A5 8 1) 00 411
B R AR IR 7 B, s R EUE AT, 2 K8
A5 A ) T 1E 8 % (TPR=0.833, FPR=0.343 ) A1 Tl )
¥ B (F—Measure=0.735 ) #f i T — fiit 125 1l it #5451 A4l
145 B (TPR=0.706, FPR=0.328, F-Measure=0.700) ,
NS, GERFR, 2K FBR L — A 0 S ok
BERTRYTEIE A 40 M1 2 IR G5 A B

x®17 RWEUESEMNIERR

Tab.7 Model fitting assessment index

Index Discrete model Multilevel model
TPR 0.706 0.833
FPR 0.328 0.343
Precision 0.704 0.657
Recall 0.706 0.833
F-Measure 0.700 0.735

Z KRR 2 H0br 2 S5 R AR 8 FiR . AR
RIVEPEERE — RO OME 2k . 45 R Bon 751 NJR
PETT PR AR e D AT PR AT O A B R
LEp s A L C I PR R R 3 A (B ST B 3
AR R E L WAEM . KR, Lok H 5
TR AT B AR K AT A S
AR AT BEAE S R B AT AN R
HATIRI

5 AT 8 T T, S 30 ™ E A R A
8 I 1) X A 2 e Y A S A I 1) 3 R
PEFI B 3 R B okt A 3 30 A A A )

x8 SHRELER

Tab.8 Parameter calibration results of multilevel

modeling
Varlables classification Coefficient Standard error t
Intercept -0.135 0.381 -0.356
0 (03 - -
Gender
1 -0.266 0.106 -2.524
1 0 - -
Age 2 1.096 0.108 10.187
3 1.430 0.133 10.724
1 (0 - -
Education 2 -0.775 0.095 -8.184
3 -2.342 0.239 -9.799
1 0 - -
2 0.018 0.208 0.088
Occupation 3 -0291 0.199 -1.458
4 -0.291 0.209 -1.392
5 -0.365 0195 -1.873
0 0* - _
Accident
) 1 0.394 0.103 3.827
severity
2 0.628 0.117 5.351
Distance to site -0.003 0.001 -2.143
Clear time 0.003 0.001 2.908

Note :a,this parameter is redundant,so it is set to 0.
SRR, Gx W] 258 o ORE E B™ E TTASE
LA I () 0K | B 5 R B B I AT kR
H AT TR B R
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