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Abstract: Research about the auto commuter’s pre-trip route
choice behavior ignores the combined influence of the real-
time information and all respondents’ historical information in
the existing documents. To overcome this shortcoming, an
approach to describing the pre-trip route choice behavior with
the incorporation of the real-time and historical information is
proposed. types of
investigated, which are

prescriptive information.
theory, the influence of historical information on the real-time
information reference process is examined first. Estimation
results show that the historical information has a significant
influence on the quantitative information reference process,
but not on the prescriptive information reference process. Then
the route choice behavior is modeled. A comparison is also
made among three route choice models, one of which does not
incorporate the real-time information reference process, while
the others do. Estimation results show that the route choice

real-time information are
quantitative

By using the bounded rationality

Two
information  and

behavior is better described with the consideration of the
reference process
information.

of both quantitative and prescriptive
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raffic congestion during the commuting time of early
T morning and late evening accounts for the over-
whelming proportion of urban traffic congestion. There-
fore, it is necessary to examine the influence of pre-trip
information on the route choice behavior. The pre-trip in-
formation includes historical real-time information, while
the historical information often refers to the respondent’s
historical travel information or all commuters’ historical
travel information. Many studies have shown the roles of
these two types of historical information.
With respect to the route choice models, micro-simula-
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tion experiments have been applied in the historical infor-
mation case. Jha et al.'' implemented a nested logit
model into a simulation system. Yasunori et al. "*! carried
out two experiments to examine the relationship between
the historical travel information and the route switching
behavior. Mahmassani et al. " compared the influences
of two types of historical information on the route choice
behavior. They also found that despite the provision of
historical information every day, the congestion period
and location still change with time'*’. Ozbay et al. "' ap-
plied the stochastic learning automata ( SLA) theory to a
road network simulation experiment.

Dynamic process methods have been employed to de-
scribe the route choice behavior in the real-time informa-
tion situation. Mahmassani et al.'” proposed a multino-
mial probit model to describe the day-to-day route choice
behavior with an implement of the satisfying theory. Dia
et al. "™
the multinomial logit model respectively into an agent-
based simulation system. Hato et al. " established a mul-

tinomial logit model with an implement of information ac-
]. [10-11]

incorporated the Neugent behavioral model and

quisition and reference process. Khattak et a used a
multinomial logit model to examine the factors that affect
commuters’ travel pattern choices.

Based on the literature review, it can be seen that the
existing studies primarily focus the pre-trip information on
the respondent’s historical information and the real-time
information. In this paper, the relationship between all
respondents’ historical travel information and the real-time
information is explored. Besides, many studies have
shown that not all commuters accept information. This
phenomenon, in this paper, is represented by including
the information reference process into the route choice
model.

1 Model Development

For the real-time information reference model, the
bounded rationality notion is applied based on the as-
sumption that the commuter will refer to the real-time in-
formation if the divergence between the traffic situation
provided by the real-time information and that provided
by the historical information exceeds some threshold
value. The entire process can be expressed as

(1)
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0 otherwise
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where y' is a binary variable which is equal to 1 if the re-
al-time information is referred to, and O, otherwise; R’SR,
is the traffic situation on route S provided by the r-th type
of real-time information to commuter i; H;" is the traffic
situation on route S provided by the historical information
to commuter i; A"" is the threshold value of the r-th type
of the real-time information reference for commuter i.

Threshold values are different among commuters,
which can be expressed by a utility function determined
by the respondent’ socio-economic characteristic X', nor-
mal travel pattern T', attitude towards pre-trip information
I', and variables comparing historical and real-time infor-
mation D'. The mathematical formulation for the thresh-
old value is shown as

AV =fX,T,I''D',B) +&,, (2)

where f( +) is the systematic threshold which can be a lin-
ear function of X', T', I' and D'; B is a parameter to be
estimated; ¢, , is the error component which is assumed to
be independently Gumbel distributed.

Then the probability of referring to the real-time infor-
mation can be expressed by the binary logit model as

P( i_l)_exp%‘R;‘E_H‘?Hvr‘_f(Xiyryli’Divﬁ){
Y vexp | [RE -H [ (X, T, 1,D ) |
(3)

For the route choice model, the multinomial logit mod-
el is used and it is expressed as
exp(V,,)
S eor) @
2, exp(V,,)

m,r

where P, , is the probability of choosing the m-th route in

exp| | RS}

_str: B (C+BGG +BDD +BII+BAA +BTT+BSS) E

response to the r-th type of real-time information; V, . is
the systematic component of the utility function.

Similar to the research of Hato'’’, this paper incorpo-
rates the real-time information reference result into the

route choice utility function, which is shown as

V., =P(y,=1)AR" +a, Z (35)

,r m,r~m,r

where Z, , are the other variables for route m when the r-

th type of real-time information is provided; A, and «,, ,
are the parameters to be estimated.

2 Case Study

Data used in this discussion is extracted from a stated
preference ( SP) behavioral survey carried out in Novem-
ber 2010. A total of 673 auto commuters in Nanjing city,
China were randomly selected to finish the face-to-face
investigation. Two typical sites in Nanjing city, Yuhuatai
and Gulou, were selected as the trip start point and trip
end point, respectively. The respondent was told that
three routes were under his/her consideration, represented
by route 1 ( Longpan Road) which is an urban express-
way, route 2 ( Zhongshan Road) and route 3 ( Huju
Road) , which are two urban arterial roads. Routes 2 and
3 are across the Central Business District (CBD) of Nan-
jing, while route 1 is not. The respondent was also told
that route 1 was his/her usual route to work and on aver-
age it takes 20 min to reach the destination.

2.1 Model specification

Based on the variables of the real-time information ref-
erence model, Egs. (2) and (3) can be specified by
Egs. (6) and (7), respectively.

A" =C +BGG +ﬁDD +.BII+BAA +BTT+ﬁSS +§i,r (6)

P(y,=1)
where C is the constant; G is the commuters’ age; D is
the commuters’ driving age (year); [ is the commuters’
annual income after tax (yuan) ; A is the frequency of re-
ceiving travel information before commuting during the
last week; T is the commuters’ decision on whether re-
ceiving travel information before the trip or not; S is the
binary variable, which is equal to 1 if the traffic situation
provided by the real-time information is worse than that
provided by the historical information, and 0, otherwise.

Based on the variables of the route choice model,
Eq. (5) can be specified by

Va=P(y,=)AC, +0a, U+ay B+a, R
Vo =P(y,=1)A,,C.+P(y,=1)A, C + (8)

a, U+a, B+ag, R

where V 1%

mq2  Vmp

are the systematic components of the
route choice utility function for the quantitative informa-

1 texpl [RS -HM | - (C+B,G+ByD +B1+B,A+B,T+BS) |

(7)

tion and the prescriptive information, respectively; C, is
the current travel time on three routes provided by the
quantitative information; C, is the binary variable, which
is equal to 1 if the route is the suggested alternative by the
prescriptive information, and 0 otherwise; C, is traffic
conditions on the three routes provided by the prescriptive
information ; U is the binary variable, which is equal to 1
if the route is the usual route to work, and O otherwise; B
is the binary variable, which is equal to 1 if the route pas-
ses through the central business district, and 0 otherwise;
R is the commuters’
switching routes according to pre-trip travel information.

attitudes towards this sentence:

2.2 Estimation results for real-time information ref-
erence model

The real-time information reference model is estimated
by STATA and the result is shown in Tab. 1. As shown
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in this table, the influence of historical information on the
real-time information reference is significant in the case of
quantitative information, which can be indicated from the
positive and significant parameter value of | Ry" — H{" |.
It can be inferred from the estimation result that the larger
the divergence between the travel time provided by the
quantitative information and the travel time provided by
the historical information, the bigger the chance commut-
ers get to refer to the real-time information. Commuters
will not consider the real-time information if the travel
time provided by the quantitative information is almost
the same as that provided by the historical information.

Tab.1 Estimation results for quantitative and prescriptive in-
formation reference model

. Quantitative Prescriptive
Variable Parameter information information
C 1 2.42(2.99) 1.31(1.83)
G B -0.03( -1.64) -0.01( -0.64)
D Bp 0.05(1.90) 0.05(2.13")
1 B -0.01( -1.90) -0.01( -1.45)
A Ba -0.15( -2.85"*) —0.11( =2.05%)
T Br -0.71( =5.16"") -0.85( -6.39" ")
N Bs -3.11( -2.43*) -0.85( -1.67)
|RER -HGM | BiagRomit|  0.37(2.337)  -0.45( -1.52)
Notes: * significant at 5% level; * * significant at 1% level.

For the threshold portion, A, T and S show significant
statistical values. The negative parameter values of A and
T infer that commuters will refer to the quantitative infor-
mation even when there is little travel time variation be-
tween the quantitative information and the historical infor-
mation, if they receive the pre-trip travel information
many times in the most recent week or believe that the re-
al-time information should be received before commu-
ting. S shows a negative parameter value, which indicates
that the reference threshold is much smaller when the
travel time provided by the real-time information is longer
than that provided by the historical information. Commut-
ers are more sensitive to the worse real-time information.

Compared with the quantitative information, the influ-
ence of the historical information on the prescriptive in-
formation is not significant. The reason may be that the
prescriptive information suggests that commuters take the
best route, and commuters do not need to take a lot of
time to compare the traffic situations provided by the real-
time information and the historical information. The in-
formation reference threshold value seems to have little
association with the personal information expect for driv-
ing years. The reason may be that with the driver license
for a longer time, commuters can judge the traffic situa-
tion by their rich experience in driving rather than the in-
formation.

The reference probability estimation results for both
quantitative and prescriptive information are shown in
Fig. 1. It can be seen from the results that the reference

probabilities for both types of information are high. The
reason may be that ATIS has not been widely used by the
auto owners in China, and they will be very interested in
the new technology if it is available for them.
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Estimation results.

2.3 Estimation results for route choice model

Tab. 2 and Tab. 3 show the estimation results of the
route choice model incorporating quantitative information
and prescriptive information reference results, respective-
ly. Similar to Hato et al. /| this subsection presents the
comparison of three types of models, which are model 1,
assuming that all the commuters refer to the real-time in-
formation by replacing P(y, =1) in Eq. (5) into 1,
model 2, considering the actual information reference
choice by replacing P(y, =1) in Eq. (5) into 1 or O,
and model 3 which is based on Eq. (8).

In the case of the quantitative information, C, shows a
highly significant z-statistics for the three models and its
parameter value is negative which means that commuters
are more likely to choose the route if it can take them less
time on the route. For the prescriptive information, C,
shows positive parameter values for the three models and
its statistical value is much higher than that of C,. The
potential reason is that with the traffic situation informa-
tion, commuters have to compare the traffic situations on
each route before making the route choice decision, while
they do not have to do this when the suggested best route
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Tab.2 Estimation results of route choice models for quantitative information

Variable Parameter Model 1(P=1) Model 2(P =1/0) Model 3(P =p)
Cy Aq -0.28( -2.14%) -0.15( -5.59" %) -0.46( -3.49" ")
U ay.q 4.44(2.28%) 2.89(3.29% ") 5.53(3.98" ")
B agq / -0.72( -1.08) 0.62(0.70)
R ®R2.q 0.58(2.66" ") 0.58(2.61"") 0.49(2.227)

QR3.q 0.61(3.53* ") 0.61(3.38" ") 0.49(2.73* ")
Log-lik intercept only —-705.309 —-705.309 —-705.309
Log-lik full model —-465.085 —-451.164 —-458.941
LR 480.448(4) 508.289(5) 492.735(5)
Prob > LR 0. 000 0. 000 0.000
McFadden’s R* 0.341 0.360 0.349
BIC’ —-454.590 —-475.966 —-460.412

%

Note: * significant at 5% level ;

* significant at 1% level; “/” stands for variables omitted by STATA.

Tab.3 Estimation results of route choice models for prescriptive information

Variable Parameter Model 1(P=1) Model 2(P =1/0) Model 3(P =p)
C, Ay 0.23(0.27) 1.46(2.78* *) 4.59(2.08%)
C, Aep 0.40(0.51) -0.72( -1.74) 2.40(1.04)
U Qy,p / -1.93(-2.43") 1.21(0.61)
B agp / -1.24(-1.87) -2.74( =2.047)
R QR2p 0.68(3.63" ") 0.49(2.46") 0.65(3.38" ")

aR3p 0.32(1.51) 0.24(1.09) 0.39(1.76)
Log-lik intercept only -705.309 -705.309 -705.309
Log-lik full model -460. 898 —-439.943 —-458.380
LR 488.822(4) 530.732(6) 493.858(6)
Prob > LR 0.000 0.000 0.000
McFadden’s R* 0.347 0.376 0.350
BIC' -462.964 -491.944 -455.070

Notes: * significant at 5% level;

choice information is provided.

Among other variables, U shows a positive parameter
value and high statistics for all three models in the quanti-
tative information case. In the prescriptive information
case, however, U shows a significant statistical value and
a negative parameter value for model 2. Different param-
eter values suggest that commuters’ habits have a consid-
erably positive contribution to the route choice behavior
when the quantitative information is provided but a nega-
tive contribution to the route choice behavior when the
prescriptive information is provided.

Based on the absolute value of BIC', the overall fit of
a model is measured and based on the absolute difference
value of BIC’, the comparison of two models can be
measured. In the quantitative information case, it can be
concluded from the absolute value of BIC' that model 2 is
the best, and model 3 is much better than model 1. The
absolute difference value of BIC’ between model 1 and
model 3 is 5. 822, providing positive support for model
3, while the absolute difference of BIC' between model 2
and model 3 is 15.554, providing very strong support for
model 2. In the prescriptive information case, it can be
concluded from the absolute value of BIC' that model 2 is
the best, and model 1 is much better than model 3. The
absolute difference of BIC' between model 1 and model 3
is 7. 893, providing strong support for model 1, while the

significant at 1% level;

“/” stands for variables omitted by STATA.

absolute difference of BIC' between model 1 and model 2
is 28.981, providing very strong support for model 2.

3 Conclusion

This paper presents the influence of historical informa-
tion on the quantitative and prescriptive information refer-
ence behavior, based on which, the route choice behavior
is then respectively described for two real-time informa-
tion cases. The most distinguishing point for this paper is
the combination of the real-time information and all
respondents’ historical travel information. Two foremost
conclusions are summarized here. On the one hand, it
can be concluded from the route choice estimation results
that the route choice behavior is better described by en-
compassing a real-time information reference framework.
On the other hand, it can be deduced from the real-time
information reference estimation results that historical in-
formation has substantial influences on the quantitative in-
formation reference behavior, but not on the prescriptive
information reference behavior. For the feasibility of the
investigation, the survey about the route choice behaviors
in response to the historical and the real-time information
is conducted at the same time. This, however, should be
a feedback survey. The future work should also focus on
the interactive effects of historical information and real-
time information.
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