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This study proposes a method of generating choice sets, focusing on travel to non-regular destinations.
More specifically, We first develop an association network based on their personal travel histories. We then
generate an individual-specific choice set of destinations, using travel histories of people who have the high
behavioral similarity index obtained from the developed association network. The prediction accuracy of
the proposed model is empirically confirmed using public transit smart card data in Hiroshima. Specifically,
the results show that the proposed method can significantly reduce the number of alternatives in the choice

set, while maintaining its prediction performance.
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1. INTRODUCTION

Itis challenging to predict the non-daily travel behav-
ior, for example, transportation for leisure purposes, etc.
Traditional travel demand forecasting approaches used
for the planning of public transport and road networks
have been constructed not to predict such non-daily
travel but to predict daily travel with high regularity.

Emerging transportation network companies (TNCs)
such as Micro-Transit and e-hailing have a great poten-
tial to efficiently provide services to non-daily travel. In
general, TNCs provide their services only in areas with
high demand, while the service provision to areas with
low demand is desiable from the perspective of improv-
ing social welfare (Hensher et al., 2020). The potential
to provide services to low demand areas would depend
on the accuracy of short-term prediction. For example,
if the accurate prediction is possible, TNCs can effi-
ciently provide services to non-daily travel in addition
to travel with high regularity.

Accurate prediction of non-daily travel is difficult
essentially because it is not regularly conducted

(hereinafter, we call it non-regular travel), implying
that individual’s travel history is less useful to im-
prove the prediction accuracy. While time series and
machine learning methods have been utilized to im-
prove the prediction accuracy, they rely on individ-
ual’s travel history.

In this study, in order to improve the prediction ac-
curacy of destination choice for non-regular travel,
we propose a novel approach of utilizing travel his-
tory of others. The proposed approach is inspired by
(1) e-commerce recommendation systems (Schafer et
al., 1999; Sarwar et al., 2000; Schafer et al., 2000),
and (2) dicusssions on choice set generation in the
development of discrete choice models with the large
choice set (For route choice, Frejinger et al., 2009;
Yao et al., 2020. For destination choice, Crompton
and Ankomah, 1993, Decrop, 2010). The approach
consists of two steps. The first step is to develop an
association network based on their personal travel
histories, which has been widely used in e-commerce



recommendation systems. The second step is to gen-
erate an individual-specific choice set of destinations,
using travel histories of people who have the high be-
havioral similarity index obtained from the devel-
oped association network. We empirically compare
the prediction accuracy of the proposed method with
those of other conventional methods including a deep
neural network model, using public transit smart card
data.

2. METHODOLOGY

(1) Association network and generation

In this sub-section, we show the main idea of our
approach. First, an association network is formed
based on the degree of similarities identified by
means of the spatiotemporal patterns of non-regular
trips using long-term behavior history data. A simi-
larity is defined as the ratio of the number of stations
commonly used in the past to the total number of sta-
tions used by two users. The similarity of the past
destinations of users i and j, S;; is defined as fol-
lows:

|03 n {D}|
S = 11 (D
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where {D;} is the set of destinations visited by user
i, and | — | denotes the number of elements in the set
{D}. S;j is the ratio of the number of stations used by
the two users in common in the past to the number of
stations used by them. This similarity is well known
as the Jaccard index (Jaccard, 1912). We then form
an association network based on this similarity.
When configuring the association network, the op-
timal network size n is searched for each individual
with two indicators. MCover ratio (CR): the percent-
age of user i’s visited destinations that is covered by
the generated alternatives using the proposed
method. The equation is defined as follows:

_ ||
CR;(n) = T (2)
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where, SL;(n) is a set of users who are within n th
similarity and {D;™(n)} is the set of non-regular des-
tinations for user i. It should also be noted that the set
{D;} in equation (1) and the set {D;} is neighboring
users’ destination choice sets and that in equation (3)
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Fig. 1 Framewoek of our generation algorithm

do not necessarily coincide. @ Generated destina-
tions (GDs): the number of generated alternatives.
The equation is follows:

GD;(n) = [{D1;} U ..U {Dy;}
(4)

This indicator is introduced to evaluate whether
the choice set size is kept as small as possible. We
prefer to keep the choice set as small as possible in
principle, largely because the low predictability of
the destination choice model essentially comes from
the large number of alternatives that cannot really be
distinguished by their alternative-specific attributes.
Note that a trade-off relationship exists between the
CR and the GDs: if the number of GDs is too small,
the choice set contains only a few or no stations that
an individual has visited before, resulting in the lower
value of the CR. Therefore, the optimal network size
n for each individual should be determined by taking
the trade-off into account. Since S;; ranks the simi-
larity between users, we calculated the values of
CR;(n) and GD;(n) according to this ranking, and
found the number of people n for which the maxi-
mum value of CR;(n)/ED;(n) is obtained.

CR;(n)
GD;(n)

)

n = argmax

The ratio measure is the probability of predicting
the correct destination when a destination is ran-
domly selected from the reduced set of alternatives,
weighted by the coverage ratio.

Given the above discussions, we propose an gen-
eration algorithm shown in Fig. 1. In the algorithm, a
behavior-similarity network is constructed using top
7 similarity users, where 7 is optimized to maximize
the ratio of the CR and the GDs for each individual.



(2) Evaluation

To evaluate the prediction accuracy of our pro-
posed algorithm, we conducted an out-of-sample val-
idation by comparing the average of predictability.
The average predictability is defined as:

5P
Predictability = %
_(lifi=s
6i_{0ifi¢s (6)

where, I is the number of samples, s is the actual
station chosen, and P; is the probability of selecting
the observed destination i, and is calculated for each
model. The predictability means the average choice
probabilities for actual chosen stations. If the choice
set does not contain the alternative, P; is set as zero.

3. DATA

This study is empirically verified using one-year
smart card data (SCD) in the Hiroshima metropolitan
area in Japan. The smart card that was introduced in
the Hiroshima area in 2008 has been used by 31 com-
panies as of January 2021, including railway, bus and
cab companies. Our study area was Hiroshima city.
In Hiroshima, most daily commuters in the central
business district use public transportation. Thus, peo-
ple who cannot drive a car use public transportation.
However, the composition of the representative
modes of transportation in Hiroshima City is heavily
dependent on automobiles. The SCD used in this
study was collected in a 365-day period, from July 1,
2017 to June 30, 2018. During this period, 977,518
card holders completed a total of 86,170,009 trips.
The study analyzed 236,179 holders who had trav-
elled more than 100 times during this period. The
number of observed stations of public transportation
was 3654. The number is a maximum candidate of
destination choice if we do not apply any choice set
generation process. Note that SCD observed a desti-
nation station, and this study regarded this station as
the traveler’s destination. This study focuses on des-
tinations that are not visited daily or those which are
not attractive. We defined a non-regular destination
(NRD) as that which has not been visited during the
past 30 days, and/or destinations associated with 10
recorded trips in the passenger’s travel history.

The total number of trips with NRDs as destina-
tions was 6,245,856, and the total number of trips for
the cardholders was 66,272,706, indicating that about
one-tenth of the trips were for NRDs. In addition, the
median number of NRDs for each user is 9 stations,
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suggesting that people who use public transportation
on a daily basis have a certain number of NRDs. The
top 20 stations with the highest number of passengers
per hour were selected as the main arrival stations,
and 71 stations with the highest number of visitors in
the area were selected. As a result, we found that
+The ratio of stations other than the main arrival
stations to the observed NRD was 0.52 on aver-
age.
36% of all NRDs are concentrated in 71 major
arrival stations.

From the personal behavior histories, approxi-
mately 6% of all trips were non-regular trips and did
not involve major destinations. Although it is diffi-
cult to deploy mass transit services for these trips, the
volume is enough for a Micro-Transit transportation
system for sustainable human life.

4. RESULTS

(1) Association network and generation

To validate our generation algorithm, we divided
the data set into two: data for the first 10 months are
used as a training set, and those the last two months
are used as a validation set. For this analysis, we ran-
domly selected 9,872 users whose travel histories
contained NRDs. First, we show how the CR and
GDs change with the number of neighboring users
defined based on similarity using the training data.
Fig. 2-1 shows the box plot of the CR by the number
of neighboring users. Fig. 2-2 is a box plot of the GDs
by the number of adjacent users. From these two fig-
ures, it can be seen that both the CR and the GDs tend
to increase as the number of neighboring users n in-
creases, suggesting that it is appropriate to determine
the size of the network by calculating the optimal n
for each individual, rather than determining an arbi-
trary n for every choice generation.

Fig. 3 shows the distributions of CR and GDs for
the selected 9,872 users who had NRD in their travel
histories. However, the figure for the validation data
(Fig.3-2) excludes users who had zero NRDs in the
last two months of the study period; the total number
of users was 7,948. In the validation, we also used the
set of alternatives learned by the training data. The
results of the training data show higher CR compared
to the validation data. The average CR of the training
data is 0.435 and that of the validation data is 0.225.
One of the reasons for the small CR of the validation
data was the small number of NRDs in the last two
months. The average number of the generated choice
sets is 15.4 and the average number of users in the
network is 2.3. This number is less than 1/200 of the
full choice set, which means that our algorithm was
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able to largely reduce the choice set. From this veri-
fication, we can see that the generation algorithm is
not significantly wrong, but there is room for im-
provement in the association network construction.

(2) Model predictability

Here, we show the performance of the proposed al-
gorithm for predicting the NRD of the generated
choice sets compared to the following destination
choice models:
(i) Multinomial logit (MNL) model with the pro-
posed choice set
(i) MNL model with choice set from user’s own his-
tory
(iii) MNL model with choice set from major destina-
tions
(iv) Deep learning model with full choice set
(v) MNL model with full choice set
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In (i), the choice set is generated using the ap-
proach described above, applying the conventional
MNL model. In (ii), the choice set is generated using
the past non-regular trips of the users. For the model
(iii), 71 major destinations are used as a choice set.
The models (iv) and (v) used all the 3654 destina-
tions. Models from (i) to (iii) used the same parame-
ters obtained by estimating the MNL model (v). The
parameters were estimated by maximum likelihood
estimation method using about 1,000 randomized
trips for NRD. The observed utility of destination s
for discrete choice models is,

V, =a(TC, + BTT, + yIn(WT, + 1) + 6CF,)  (6)

where, TC; is the travel cost to destination s [100
yen], TTs is the travel time [h], WT; is the transfer
waiting time [h], CF; is the ratio of commercial facil-
ities to all facilities around the destination, and
a,B,y, and § are parameters. The estimation results
are shown in Table 1. Additionally, we compared a
model with alternative-specific constants only, for
the comparison. The ASC-only model resulted in a
probability equal to the share of the selected destinat-



Table 1 Parameter estimation of MNL

Param. Estimate | t-value
a -0.403 | -2259***
B 4.19 879***
y 20.3 473%**
6 -6.17 -2702%**
Initial log-liklihood -3767585.0
Final log-liklihood -551116.2
Sample 98339

ion. For (ii) and (iii), Fig.4 shows the distribution of
GDs for model (ii) and the proposed model, and Fig.5
shows the distribution of CR for model (iii) and the
proposed model.

The results of model predictability are shown in
Table 2. . The predictability of our proposed model is
0.1020 and outperforms all other models. From these
results, we have obtained three important insights.

1. The prediction of NRD by discrete choice
models with a very large number of candidate
choices is very difficult, and that candidate
generation plays an important role.

2. Focusing on the method of generating the
choice sets, rather than increasing the com-
plexity of the model structure as in the case of
methods such as a deep learning model, con-
tributes to improving the model accuracy.

3. Focusing on the method of generating choice
sets, it is clear that generating choice sets
based on the behavioral history of those with
similar behavior is more predictive than an ap-
proach based on individuals’ own past behav-
ioral history.

For (ii) and (iii), Fig.4 shows the distribution of
GDs for model (ii) and the proposed model, and Fig.5
shows the distribution of CR for model (iii) and the
proposed model. From Fig.4, the proposed model has
more GDs than model (ii), which covers stations that
a user has never used and has the potential to predict
NRDs. Figure 5 also shows that model (iii) with a
fixed set of alternatives has a low CR overall and may
not be able to represent individual behavior, making
it difficult to predict non-regular trips.

5. CONCLUSION

In this study, we proposed a new choice set
generation approach for NRD choice models with
large choice sets. Specifically, we introduced an
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association network based on the similarity of
travelers based on the spatio-temporal characteristics
of their past travel behavior. To validate the proposed
approach, we conducted an empirical analysis using
IC card data of public transportation systems,
including 110 million trips by approximately one
million users in the Hiroshima metropolitan area. The
individual behavioral histories showed that 6% of all
trips were non-regular, indicating that a non-
negligible proportion of trips were non-regular trips.
In addition, we developed an association network-
based NRD prediction method based on behavioral
similarity of public transport usage and showed that
the predictability of the proposed model is superior to
that of conventional methods that do not generate
choice sets or other possible simple choice set
generation methods. It is also very interesting to note
that for non-patterned behaviors such as non-regular
travel behavior, the proposed method performed
better than data-driven methods such as deep
learning. We have also shown that the choice of gene-
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Table 2 Comparison of predicability

Models Predictability

(i) MNL model with the proposed choice sets 0.1020
(if) MNL model with choice sets from user’s own history 0.0588
(iii) MNL model with choice sets from major destinations 0.0230
(iv) Deep learning model with full choice sets* 0.0105
(v) MNL model with full choice sets 0.0036
(v’) MNL-ASC with full choice sets 0.0028
(i+iii) MNL model with proposed choice sets and user’s own 0.0700
history

ration methods could have a larger impact on
predictability than the choice of model structure.
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