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Although both public transport and private modes have their own purposes and safety issues, most people are
free to choose either way to make a trip. Previous research states that increasing the mode share of public trans-
port is an important transportation policy to improve traffic safety, and it is a key outcome of demand manage-
ment indeed. However, rather than merely focusing on increasing its ridership, a more reliable way to reach for
the universality of a public transport system is through its customer retention tendency. Research on satisfaction
with bus service often focuses on the influence of specific variables. However, numerous variablesmay influence
users' decision-making. To ease their work, managers have no choice but to ignore some unknown variables.
Therefore, we now propose a bottom-up procedure, which needs only smart card data, to obtain the odds ratio
of usage of a specific bus route. Logistic regression models are calibrated based on four behavior groups, and
the significant coefficients of route variables represent the odds ratios of the bus route usage. The calibration of
odds ratio does not need any individual personal or individual socio-economical information, but only smart
card transaction data. This method will dramatically decrease the cost and time for data collection. Further, the
procedure proposed in this study can be encapsulated in software, which managers can then use to assist their
planning.
© 2019 International Association of Traffic and Safety Sciences. Production and hosting by Elsevier Ltd. This is an

open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

In transportation planning, TDM (Transportation Demand Manage-
ment) is one of three important components, Supply management,
Land use management, and Demand management. It tries to explain
how the usersmake a decision and assist users tomake better decisions.
Because there are various traffic problems around the world, including
themega traffic in the urban area and the inconvenience traffic environ-
ment in the rural area [1]. Moreover, sustainable transportation plays a
critical role in the resource-limited environment recently; shifting users
to the sustainable mode is the priority policy in the world. Those issues
are the major outcome of the TDM. The current tendency is making
policies for shifting users from private transportation to public one in
order to reduce the traffic in the urban area and achieve the sustainable
traffic environment.When users shift to public transport, the number of
private modes will decrease consequently and this saves more energy
and resource. In the outcome of TDM, traffic safety improvement is an
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n of Traffic and Safety Sciences.
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indirect one and play a key role. According to the report from the
WHO(World Health Organization) in 2018, there are about 1.35million
people killed by traffic accidents in theworld. Most countries work hard
to find the countermeasure for mitigating such a situation and try to
save the economic loss made by traffic accidents. This value shows not
only the severity of the traffic accident but also the influence of the na-
tional economy. Therefore, a policy can improve traffic safety efficiently
will be a critical objective [2].

Traffic safety improvement – and how to achieve it – is deeply re-
lated to several major topics, e.g., driver behavior, vehicle safety, and
law enforcement, and has been a critical research topic for a long time.
Recent research, however, proposes that shifting users to public trans-
port from private modes is an efficient way to improve traffic safety.
Although the use of public transport cannot improve the safety of pri-
vate modes directly, users traveling in public transport are much safer
than those using privatemodes. Increasing the share of the public trans-
port mode is, therefore, an important transportation policy for improv-
ing traffic safety. Fig. 1 shows the percentage of the number of fatal
accidents by mode in Taiwan. On one hand, the percentage of fatal acci-
dents of various private transport modes is over 70%, and the motorcy-
cle is the highest one. On the other hand, the percentage of fatal
accidents of buses is the smallest one, under 2%. According to that, de-
creasing the high private transport mode share – and a high percentage
ting by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://
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Fig. 1. The fatal traffic accident rate in Taiwan.
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of fatal accidents that is a critical problem – will observably improve
traffic safety in an area. Fig. 2 shows the retention of smart cards in
Tainan City Bus service. In each month of 2013 and 2014, about
40–60% of smart cards will stop being used in Tainan City Bus Service
in the next month. It shows that about half of users will stop using the
bus and that users selected bus service as a temporary traffic mode,
but did not stay in the service.

Compared to privatemodes, public transport provides higher capac-
ity and safer environment; fatality rates by mode support this state-
ment. From 2000 to 2014 in America, the average number of
motorcycle deaths per billion passenger-miles was 237.57. In contrast,
that of the bus was 0.2, which is obviously lower. In addition, public
transport investment is the most cost-effective way to improve traffic
safety for a community. According to research as above, increasing the
number of users who shift to public transport and retaining them
there will enhance traffic safety efficiently. [3]

Therefore, shifting users from public transport to private transport is
an observably good solution for traffic safety improvement. For exam-
ple, most university students in Taiwan prefer to use private transport
Fig. 2. Retention of smart card users o
modes, but this directly contributes to a high accident rate. The MOTC
(Ministry of Transportation and Communication) in Taiwan announced
a project, “Running Bus Service into University Campus in 2015,” in
order to decrease the high traffic accident rate of university students.
That project planned several bus routes to run into the campus in
order to attract students to use the bus service instead of motorcycle
or other private modes. The project successfully decreased the number
of traffic accidents of students by about 30%. Therefore, increasing the
number of bus users is regarded as a tangible traffic safety plan.

Based on this concept of traffic safety improvement,managers prefer
to use the increase in ridership or income to show the performance of
service improvement. However, the ridership used for evaluating bus
or other public transport usually does not consider the user composi-
tion. In reality, the usage patterns of all users are not the same; some
are frequent users, and some are the fortuitous users. The general rider-
ship simply sums up all the users' usage countwithout considering their
various behavior characteristics, and thereforemanagers are only aware
of overall ridership, but not the number of individual users and their
characteristics. According to previous studies, users may tend to stop
f bus service in Tainan City Bus.
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using service due to various reasons. Therefore, the number of users is,
in fact, the number of original users plus the number of new users
minus the number of users who stop using the service. The concept of
user retention means that knowing the number of users who stop
using the service is more important than knowing the number of
users. The managers can understand their service more reliably based
on the user retention; furthermore, the increase in the share of public
transport users will improve the traffic safety efficiently. [4,5]

This time as described here, a case study in Tainan, Taiwan, is con-
ducted so that we can propose an example to show how the logistic
model can estimate the retention tendency. From the calibration results
of the model, we have expected to get some significant coefficients
based on user behavior transition, i.e., a transition meaning a change
in user behavior with respect to use (or non-use) of a bus. Within this
case study, we can obtain users' behavior transition tendency, and iden-
tify long-term behavior clusters with respect to a certain bus company
and its bus routes. Then, by using that data, we can determine where
the potentially problematic bus routes are. In addition, according to
the routes in question, we can also compare operation parameters
with route characteristics of the selected bus company and its routes.
This case also shows that not only achieving the goal for mode shifting
but also whether the users keep using the service are important. If the
managers propose policies formode shifting and keep tracing the reten-
tion result, this would result in traffic safety improvement and reduce
the cost of mode shifting for repeated users.

2. Literature review

2.1. User shifting and retention

Public and private transport is a key grouping method for transport
mode. In order to achieve a sustainable environment, using public trans-
port is undeniably a needed tendency nowadays. Even so, managers
must exert effort to try to overcome the high attraction of private trans-
port, which is more convenient and has lots of incentives for personal
movement. Especially in developing countries, the lowquality of service
of public transport is one of the major causes that result in the mode
share of private transport is high. Some projects tried to use bus or
bus rapid transit (BRT) services to attract users from private to public
transport, and they indeed found there is potential for a modal shift
with such kinds of services [6–8]. However, the more important issue
is how many users will stay in the service [5].

The other topics similar to user retention are customer loyalty and
satisfaction. Customer satisfaction in public transportation has been
studied since the mid-1960s, but loyalty in public transport is not de-
finedwell. Loyalty has two aspects: the first one is each person's contin-
uous behavior to buy a product, and the second one has to do with the
customer's attitudes and emotions [9]. Although loyalty is similar to
user retention, there is a critical difference between them. Loyalty is a
quantification index that canmeasure the user's intention of purchasing
the same product according to quality, satisfaction, and any other
causes. User retention is the result of whether a user decides to use
the same product or not. In short, loyalty is the cause, and retention
results.

In order to increase the number of userswho keep staying in the bus
service, obtaining the odds of retention of the bus users is critical infor-
mation that managers should understand. Although only one or just a
few operators run multiple routes in the same area, users of each bus
will have different feelings about the bus route that they have used.
The bus route is often a basic service unit for planning or improvement.
If we can find the relationship among the bus routes and their odds
ratio, it can assist in making the planning easier and more efficient. In
the past, studies of user retention required conducting a questionnaire
survey or household travel survey to obtain long-termuser retention in-
formation. Doing so costs lots in budget terms and needs complicated
procedures. Fortunately, as the application of smart card systems is
growing quickly, bus operators at present can easily get raw data of
each transaction, such as time, location and route, when users board a
bus. Large data sets not only present operating performance via rider-
ship calculation, but also can derive users' behavior information via
advanced statistical methods [10–13].

2.2. Odds ratio application for the association of user behavior and
retention

When the managers design a bus service in an area, the bus route is
usually the basic unit to consider, and all bus routes have their own
planning targets and usage patterns. There are several properties of a
bus service, including frequency, departure time, operation route, and
location of stops … etc. The managers will design those properties
based on the trip demand, departure time, and socio-economic charac-
teristics of the users or potential users in the study area [14]. However,
the bus service is a public transport system, and not only the planning
targets will use but also the other users may use it in any scenario. All
users will have different behavior patterns and feelings for each bus
route. Besides, the “previous journey” is also a variable may influence
the feeling of a user using the service. Besides the user's socio-
economic characteristics, the experience of “previous journey”may en-
hance the user preferencemodelwith a variable like that [15,16]. There-
fore, we pick the usage count of each route as a variable, which may
have an association with the tendency of user retention.

The odds ratio canmeasure the association between an exposure and
the outcome. In other words, the value indicates the change in the prob-
ability of an event occurs when a variable changed. In the past, it is a
common methodology for medical research, and can measure the rela-
tionship between variables and outcome. Nowadays, there is some re-
search use odds ratio to measure the relationship between the user's
preference and choice. For example, one uses the odds ratio to measure
the relationship between the body health index and the change of fre-
quency of the user uses the bus [17]. Another research uses the odds
ratio to measure the tendency of choosing bus service based on age
and birth year [18]. In this research,we consider user retention as the de-
pendent variable, and measure the association with behavior patterns.

3. Methodology

Within the traditional planning procedure, managers often use sev-
eral indexes to identify problematic parts of their bus service. For exam-
ple, if income or ridership of a certain bus route is getting lower, that
route is easily identified as a problematic one. Also, if the users' feedback
is relatively negative, that route is also easily identified as problematic.
However, these methods for problem identification are just based
upon known causes. In reality, users evaluate the service according to
various causes and their combination. Merely using known causes to
evaluate bus service is a trap that is quite easy to fall into. In addition,
the ordinary planning procedures require collecting data concerning
user characteristics from a costly sampling survey but, of course,
managers do not have enough budget or time to do it frequently. There-
fore, it is important to propose a procedure that can be encapsulated in
a software program without considering users' socioeconomic
characteristics.

3.1. Behavior clustering

Within this research, we at first extract user behavior transition,
based on smart card information. Then, we cluster the transition results
into several groups and, therefore, simplify the prediction procedure
with respect to user retention. By an appropriate clustering method, a
large number of users will split into several groups according to their
behavior. The travel behavior-related models can get better calibration
results based on various behavior groups [19]. An Expectation Maximi-
zation (EM) algorithm will be used to cluster behavior, and then we
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derive the long-term behavior transition result from the cluster transi-
tion tendency found for eachmonth of a year. According to themonthly
cluster results of thewhole smart card users, we can derive their behav-
ior transition between consecutive months, from which we can know
the decisions of users. Then, we calibrate a logistic regression model
that is based on transition, routes, and other related information, such
as ridership and number of bus stops, to define users' decision making
as users' preference. Within this model, behavior transition is a binary
dependent variable. Various independent variables will also be cali-
brated. Significant variables in the model will show users' tendency
with respect to specific routes. With the help of these, managers can
not only easily understand users' decision tendency of some routes,
but also can find potential problems in their bus service.

Aswe know, behavior transition could be obtained fromweekly pro-
files of bus users [20]. Weekly profiling is the key concept used to con-
duct the clustering, and the average usage frequency is set to be one
month. Smart card data is used in this study, and each raw data item
contains the boarding and alighting information of a single trip by the
same card.We use each user's data in onemonth to conduct the cluster-
ing calculation. One singlemonth includes at least 4 weeks of weekdays
and 4weekends. By summing each hour of onemonth's usage, aweekly
profile can be determined. In order to prevent the rare users, like one-
time visitors, from influencing the main body of the clustering, those
who use b4 times per month are grouped as a rare-use user cluster.

Usage frequency of most bus users' behavior is weekly, including
both the weekday and weekend trips that appear in a weekly profile.
Therefore, we considered the existence in a week of 168 variables
(24 h * 7 days), and averaged the usage frequency in each hour
[21–23]. Fig. 3 shows an example of how smart card usage data are
transferred into a weekly boarding profile. For the same card number
(same user), by looking at the boarding time section of smart card
usage data, we accumulate boarding records for each card separately ac-
cording to its boarding hour, so that we can understand the specific
usage frequency per hour. Peak hour characteristics, as well as differ-
ences between weekday and weekend, are now easy to define.

After regularity sorting, behavior transition in adjacent months is
considered by identifying the behavior clusters in the former month
and the latter month. There are two special clusters in each of the for-
mer and latter clusters. One is the “New” cluster, which means that
the smart cards are only used in the latter month; the other is the
weekly

ID card usage row data

Fig. 3. Example of how smart card usage data tr
“Quit” cluster, which means that the cards are only used in the former
month. Fig. 4 is a behavior transition example, showing how to identify
the behavior cluster from user clustering results in adjacent months.

In computing behavior transition, clusters should be ordered for a
better understanding of the cluster's key characteristics. In this study,
regularity is used to evaluate users' tendency to use bus service. In a reg-
ular user's case, i.e., like students or commuters, more regularity means
higher usage frequency. Departure time is a significant index that indi-
cates regularity. Besides, commuters usually take a bus during peak
hours, e.g. 6:00–9:00 and 16:00–19:00. Therefore, the regularity value
is split into morning peak and afternoon peak, having 12:00 in the mid-
dle. Cluster regularity is the sum of the standard deviation of morning
and afternoon peak for all trips in the same cluster. The cluster regarded
as themost random is the onewhose users use a bus b4 times permonth.

3.2. Binary logistic model building

As we know, all ridership comes from users' decisions, and they re-
spectively decidewhether to use the bus service or not after due consid-
eration. A decision may stem from a combination of various causes and
the weight of each cause may also vary. Therefore, we can first identify
the route that users aremost likely to quit using, and analyze the causes
according to their characteristics. Then, another small number of poten-
tially problematic routes can be identified based on user behavior tran-
sition condition. Needless to say, if the targeted service is limited in
scope rather than directly applying to thewhole service, the cause anal-
ysis will become more focused and reliable.

Fig. 5 is the analysis framework of this research. In the past, there are
thousands of research try to inference the association between user's
preference anddecision viamodel calibration. However, the time andfi-
nancial cost are too large for practical application. Therefore, this re-
search utilizes smart card data and big data concept to inference the
relationship. Although we cannot know the reasons for the decision-
making, it is possible to infer the association between user behavior
and retention tendency. In Fig. 5, we calibrate the odds ratio of themea-
surement between attributes of the bus service users and decision of re-
tention. The cost of this methodologywill observably decrease via using
the stable data source, smart card data.

By calibrating choice models as above, we can grasp users' decision
with respect to most of the bus routes according to various user
ansferred into the weekly boarding profile.
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characteristics. The procedure of building and calibrating regression
model is shown in the Appendix. The coefficients of each route's vari-
ables show the preference and how serious those problems are. Man-
agers can identify where the problematic bus routes are, and grasp
how serious the problems are. In conformity with the limited number
of bus routes, managers can conduct a more detailed and efficient com-
parison, and make a better improvement plan. Compared with tradi-
tional problem identification methods, this research simplifies the
complexity of performance evaluation and, at the same time, suffi-
ciently considers user retention. During the model calibration, various
user clusters require being sorted into a range of groups in order to ob-
tain better results.

After behavior cluster computing, retention probability is to be con-
sidered. Because the usage data of all smart cards of all months are
known, the simplest way to get retention probability is via calculating
User preference model c

Result of using 
the bus service
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User s preference
and user s travel 

demand

Attributes of the 
bus service users 

by routes
(from smart card 

data)

Fig. 5. Analysis f
thenumber of users using the service in former and lattermonths. How-
ever, it is difficult to express the influence on the usage count of the bus
route. Therefore, we build a logistic model and assume that the usage
count of the bus routes is independent variables and that a retention de-
cision is a dependent variable. Fig. 6 shows the concept of inference of
retention tendency. Once we obtain the significant coefficients of the
model, it is possible to estimate the change in the odds ratio of bus
route usage (ORBRU), i.e., the odds of customer retention, via usage
count of each user, and the associated behavior characteristics of that
user, e.g. total usage count, or usage count at weekend.

This study defines the retention as the user in a former month con-
tinually uses the bus service also in the latter month. We can obtain
the retention figure from the data if it shows the same card number
(Card No.) exists also in the lattermonth. Influence from other variables
will be insignificant when only consider the staying ratio. According to
alibration

Inference

tion

Inference User retention of 
the bus service

Odds ratios 
calibration

ramework.



Fig. 6. Diagram of inference of retention tendency of using the bus service.
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van Lierop et al. [24], user loyalty is a result of longer-term utilization
and users' trust in the operating agency, but users may be influenced
by any other possible or unknown variables. Onto the loyalty of the
bus user, users may increase or decrease the usage according to various
reasons. Generally speaking, the bus service satisfies the user's mini-
mum requirement, when the user starts to use the bus service. If the
user keeps using the service, it means the user has loyalty to the service.
On the contrary, a user loses loyalty when a user discontinues the ser-
vice. Therefore, we could regard the user retention as the index of
user loyalty. Therefore, we use a bottom-up way to find the odds ratio
of bus route usage first, and then proceed to find the reasons that may
influence it. To calculate the odds ratio of each bus route, smart card
data is the only typeof data that needs collecting. Additionally, retention
duration can be varied, depending on the planning purpose.

Logistic model regression is often used to calibrate a model with bi-
nary dependent variables [25–29]. An OR (odds ratio) is a measure of as-
sociation between exposure and outcome. The OR represents the odds
whose outcome will occur when being given some particular exposure,
compared to the odds of the outcome occurring in the absence of that ex-
posure. Therefore, “Staying” or “Quitting” of the bus service is the binary
dependent variable in this model, and user's ridership of each route con-
stitutes the independent variables. In this study, the ORBRU could present
the change in the odds of retention when a user adds one ridership in a
route. Here, we bypass all personal and socio-economical information
but behavior transition data. Other variables, e.g., number of routes a
user has used, or the user's ridership at peak hour, are used to enhance
the calibration; and they will not obstruct the interception of ORBRU.

According to the above idea, we build a logistic regression model to
calibrate the coefficients (log odds ratio) of the bus route usage. In order
to enhance the calibration result, all samples (users) are split into four
behavior groups, including REG, SREG, RAN, and RARE. REG is the
users who use the service regularly, and most of them use the bus ser-
vice in both morning and afternoon peak. SREG is the users who use
the service sub-regularly, and their behavior is similar to REG group ex-
cept the usage is lower than REG group. RAN is the users who use the
service randomly. RARE is the users who use the service rarely (usage
count is less than four per month). The key independent variables of
the model are individual user's usage count on each bus route. Users
will decide whether to use the bus service continuously or not, accord-
ing to the bus route characteristics. Therefore, we assume that there is a
relationship between the usage count and the odds of retention.

After the logistic model calibration, we can obtain some significant
ORBRU, but others are not significant mainly due to the lower number
of users. In order to be able to estimate the ORBRU and understand
what factors may influence it, we build a multiple linear regression to
estimate it. The diagram of building regression model is shown in
Fig. 6. The dependent variable is the ORBRU that is calibrated via the lo-
gistic model, and the independent variables are monthly number of
users, bus route characteristics, and socioeconomic data.

4. Case study

Tainan City is located in the southern part of Taiwan. In December
2010, Tainan County and Tainan City were merged into Tainan special
municipality. Its population amounts to 1,886,033 (end of 2016), its
area is 2191.7 km2, and its bus service contains 110 routes and 3 compa-
nies. The downtown area is located in the south-west. From December
2012, a smart card system has been applied to all of the bus services.
In June of 2013, the DOT of Tainan started to operate six main lines
after re-planning the original bus services. Although the total ridership
is continuously growing, city bus' mode share is still halted at 1–2%.
The northern part of the municipality contains Tainan's lesser
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downtown area. Only one selected bus operator provides service for the
northern rural and downtown area. Smart card data of that selected bus
operator in 2016 (data in December ismissing) is used in this study, and
the total amount is 1,459,692 rows of data.

4.1. User behavior clustering results

For the selected bus operator, there were 26,729 smart cards used in
March 2016, and 18,752 (70.2%) of them were random users who used
that bus service less than four times within that month. The other 7977
smart cards were presented by users who used that bus service more
than three times and, therefore, were clustered via the EM algorithm.
After clustering and regularity sorting, nine usage patterns appeared
plus one rare cluster, as listed in Fig. 7. Cluster 1 is of the most regular
Fig. 7. Behavior patterns of all clusters in th
users who use the bus around 6:00 and 17:00, and should be regarded
as standard commuters. The average usage frequency shows that they
use buses almost every weekday. Cluster 2 is of the regular users who
use the bus around 7:00, and there exists only half of its morning usage
frequency at the afternoon peak. Cluster 3 is similar to cluster 2, but the
morning peak starts around 6:00. Cluster 4 is of the users who use the
bus at the afternoon peak only. Cluster 5 is similar to cluster 4, but their
usage inmorning peak is only 1.5 times on average. Cluster 6 is the oppo-
site of Cluster 5 with less regularity at afternoon peak. Cluster 7 is of the
users who use the bus not only at the morning and afternoon peaks but
also in some instances at several hours adjacent to bothpeaks, such as col-
lege students or employees. Clusters 8 and 9 are of randomuserswho use
the bus at random departure times. The difference between these two is
that Cluster 8 has higher usage frequency at weekends.
e selected bus operator (March 2016).
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The results clearly show regularity sorting and are close to the situ-
ation in the real world. Since the number of users in high-regularity
clusters is much lower than the number of low-regularity users, and
since the regression model with small sample size is not easy to cali-
brate, we put similar behavior clusters together and make four groups
according to regularity and frequency during the peak time. The four
groups are REG group (regular), SREG group (sub-regular), RAN group
(random), and RARE group (rare).

4.2. ORBRU calibration results

In this case, we select the data from one bus company in Tainan City.
There are 21 city bus routes of that company, therefore, there are 21
independent variables for individual bus route usage, and plus one inde-
pendent variable for other non-city bus routes. In order to enhance the
explanatory power of the model, there are some independent variables
are added into the model, i.e. usage count in peak hour, the number of
routes and bus stops the user boarded. The dependent variables and in-
dependent variables of the logistic model are listed in Table 1. Those
data could be summarized from the smart card data without extra
cost. Therefore, each raw data includes one user's non-route data and
summary of usage count of all bus routes. The logistic regression
model in this research as shown in Eq. (1).

log
p

1−p

� �
¼ β0 þ β1MP UC þ β2AP UC þ β3Usagecount

þ β4UCinWE þ β5UCinWK þ β6NumofRoute
þ β7NumofStopþ β8AvgUCStopþ β9AvgUCStop

þ β10NumofSCH þ β11IsSTU þ⋯þ β21NumofDay

þ β22R1300þ β23R1301þ⋯þ β28R1500þ⋯
þ β42R1515þ β43ROther

ð1Þ
Table 1
Variables list of the binary logistic regression model.

Variables Meaning

Dependent variable:

log
�

p
1−p

�
p is the probability that Y for cases equals 1. Y is that whether the
“Stay”: 1; “Quit”: 0.

Independent variables:
Non-route variables

MP_UC User's total usage count at morning peak time (06:00–09:00).
AP_UC User's total usage count at afternoon peak time (16:00–19:00).
Usagecount User's total usage count in one month.
UCinWE User's total usage count during weekdays.
UCinWK User's total usage count during the weekend.
NumofRoute The number of distinct routes that user used in one month.
NumofStop The number of distinct bus stops that user boarded.
AvgUCRoute User's average usage count of the bus routes that user boarded. (
AvgUCStop User's average usage count per stop. (= Usagecount/NumofStop)
NumofSCH The number of distinct bus stops whose names are actual school
IsSTU The card type: whether student card or not. “Yes”: 1; “No”: 0.
IsCharity The card type: whether charity card or not. “Yes”: 1; “No”: 0.
FreqofRoute Summation of the frequency of the distinct routes that the user b
StopsofRoute Summation of the number of bus stops of the distinct routes that
Population
(persons)

Summation of the population of the distinct districts where the b

PDensity
(persons/km2)

Summation of the population density of the distinct districts whe

RLength (km) Summation of the length of the distinct bus routes that the user b
ToSY Summation of the linear distance from the bus route destinations

terminal in the study area.
ToBH Summation of the linear distance from the bus route destinations
TourRoute The ratio of the number of routes, which its destination is near a

boarded.
NumofDay Number of days that the user uses the bus service in one month.

Route variables
R1300, R1301, …,
R1515

User's total usage count of each bus route.
(“1300, 1301, …, and 1515” are the bus route codes, and there ar

ROther User's total usage count of routes not in the list above.
Because all the users' behavior patterns are varied, it cannot consider
which variables may influence the retention. Therefore, the calibration
will include several variables with similar meaning, e.g. MP_UC,
AP_UC, UCinWE… etc. However, if such variables exist in the model at
the same time, it might lead to a multicollinearity problem. We will re-
move the unreasonable variables compositions and the variables with
VIF (Variance Inflation Factors) which is larger than 10, and recalibrate
again until all variables satisfy the foregoing conditions. Following are
the unreasonable variables compositions.

• MP_UC, AP_UC, andUsagecount, cannot exist in themodel at the same
time. (Usagecount = MP_UC + AP_UC)

• UCinWE, UCinWK, and Usagecount, cannot exist in the model at the
same time. (Usagecount = UCinWE + UCinWK)

• AvgUCRoute and NumofRoute, or AvgUCRoute and Usagecount, can-
not exist in the model at the same time. (AvgUCRoute = Usagecount
/ NumofRoute)

• AvgUCStop and NumofStop, or AvgUCStop and Usagecount, cannot
exist in the model at the same time. (AvgUCStop = Usagecount /
NumofStop)

In this study, we use McFadden's pseudo-R2 to assess the goodness
of fit of the model. The McFadden's pseudo-R2 statistic represents the
percentage of the variance of the dependent variable that can be ex-
plained by the selected independent variables, and it shows as Eq. (2).
The log likelihood of the intercept model is treated as a total sum of
squares, and the log likelihood of the full model is treated as the sum
of squared errors. Unlike the R2 of linear regression, McFadden's
pseudo-R2 will not be a high value, especially in social science. The rid-
ership of each bus route is the ridership summation of all users in each
bus route, and the ridership of a single user is the summation of all
user stays or quits service in the latter month. Y is a binary variable.

= Usagecount/NumofRoute)

names that user boarded, e.g. Liouying junior high school or Baihe junior high school.

oarded
the user boarded
us route destination, which the user boarded, located.

re the bus route destination, which the user boarded, located.

oarded.
, which the user boarded, to SinYing bus terminal. SinYing bus terminal is the largest

, which the user boarded, to BeiHe bus terminal.
sightseeing place and the user boarded, to the number of bus routes that the user

e 21 bus route codes in this case.)
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decisions of that user. Therefore, the relationship between users'
decisions and ridership of the bus route is indirect and includes various
factors; consequently, we cannot expect a high value of McFadden
pseudo-R2. According to McFadden [30], values of 0.2 to 0.4 for ρ2

(McFadden pseudo-R2) represent an excellent fit, and the values in
this research can represent an acceptable result [31,32]. After removing
insignificant figures (p-value ≥0.1) and outliers, the yearly average ORs
are shown in Tables 2 to 5.

McFadden0s pseudo − R2 ¼ 1 −
Log − likelihood MFullð Þ
Log − likelihood Mnullð Þ ð2Þ
Table 2
ORs calibrated results of REG users (use the service regularly) in each month.

Within these 10 calibration results, the coefficient is picked up according to the following cond
1. The p-value of ORs must be smaller than 0.1.
2. The lower and upper 95% confidence interval of each OR cannot include 1.0.
3. The outliers of the ORs are to be cut off.
4. All VIFs (Variance Inflation Factors) are smaller than 10 (most are smaller than 3).
5. T- statistics are shown in () below the OR values.
: p-value b0.001; : p-value b0.01; : p-value b.05.
MFull : The model with independent variables:

Mnull : The model without independent variables:

There are a total of four sets of yearly average coefficients, including
REG, SREG, RAN, and RARE groups. REG and SREG groups have 10 sets
(months) of calibration results; RAN group has 100 calibrations (since
there are 10 subgroups in the RAN group, we made a calibration of
each subgroup for the 10months); and RARE group has 300 calibrations
(since there are 30 subgroups in the RARE group, wemade a calibration
of each subgroup for the 10 months) of calibration results. All
itions.



Table 3
ORs calibrated results of SREG users (use the service sub-regularly) in each month.

Within these 10 calibration results, the coefficient is picked up according to the following conditions.
1. The p-value of ORs must be smaller than 0.1.
2. The lower and upper 95% confidence interval of each OR cannot include 1.0.
3. The outliers of the ORs are to be cut off.
4. All VIFs (Variance Inflation Factors) are smaller than 10 (most are smaller than 3).
5. T- statistics are shown in () below the OR values.
: p-value b0.001; : p-value b0.01; : p-value b0.05.
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McFadden's pseudo-R2 values are between 0.024 and 0.380, and all VIF
(Variance Inflation Factor) values of independent variables are b10.
Some McFadden pseudo-R2 values here are not high, but they still
show the same tendency as shown with other values that are higher.
Further, the significant odds ratio can represent the retention tendency
of the bus route usage.
In the non-route independent variables of REG and SREG groups,
NumofSCH and IsSTU are both insignificant. This means that whether
the area has a school or not and whether the card is a student card or
not, the odds ratio will not be affected by these two variables. The
ORBRUs of REG and SREG's NumofRoute variables are 0.678 and 0.603
respectively. These ORBRUs show that, as the number of routes a



Table 4
ORs calibrated results of RAN users (use the service randomly) in each month.

Variables Jan Feb Mar Apr May Jun Jul Aug Sep Oct Avg.

Intercept 0.378 – – – 0.414 0.384 – 0.456 0.400 0.345 0.396
MP_UC 1.034 – 0.844 0.788 0.795 0.848 – – 0.845 0.871 0.861
AP_UC – – 0.813 0.824 0.832 0.837 1.195 1.177 0.813 0.852 0.918
Usagecount 1.164 – – – – 1.187 – – – – 1.175
UCinWE 1.159 – 1.124 – 1.162 1.132 – – – – 1.144
UCinWK 0.901 0.885 0.896 0.898 – 0.894 0.887 – – – 0.894
NumofRoute 0.725 – 0.728 – 0.654 0.696 0.608 0.707 0.681 0.757 0.694
NumofStop – 1.357 1.418 – 1.062 1.313 – – 1.451 – 1.320
AvgUCRoute – – – 0.830 – 1.067 – – 1.014 0.773 0.921
AvgUCStop 0.707 0.726 0.770 – – 0.770 0.756 0.764 0.682 – 0.739
NumofSCH 0.789 – – 1.129 0.806 0.842 – 0.869 0.761 – 0.866
IsSTU – 0.538 – 0.466 2.070 – 2.099 0.585 – – 1.151
IsCharity 2.961 – 1.793 2.029 1.947 2.309 2.158 2.540 2.163 2.504 2.267
FreqofRoute – 0.960 0.982 – – 0.973 0.973 – 0.978 – 0.973
StopsofRoute – – – – – – – 0.992 – 0.995 0.993
Population – – – – – – – – – – –
PDensity – 1.001 – 1.001 – 1.000 – 1.000 1.001 – 1.001
RLength 0.990 – – – 0.990 – – – – – 0.990
ToSY – – – 0.945 – – – – 0.967 – 0.956
ToBH 0.972 0.978 – – 0.974 – – – – 0.982 0.976
TourRoute 0.172 0.413 0.387 0.118 0.253 0.263 0.381 – – 0.445 0.304
NumofDay 1.596 – 1.750 1.749 1.503 1.477 1.491 – 1.538 1.707 1.601
R1300 0.981 1.146 – – – – 1.026 – – 1.165 1.080
R1301 – – – – – – – – – – –
R1302 – 0.517 – – – 0.761 0.601 – – – 0.627
R1303 – – – – – – 0.772 – – 0.832 0.802
R1310 0.721 – 0.709 – 0.660 0.688 – – – – 0.694
R1311 0.039 – – – 0.296 – – – – – 0.167
R1500 – 0.885 0.878 – 0.910 0.886 0.892 0.921 – 0.891 0.895
R1501 0.805 – 0.825 – 0.687 1.310 0.791 0.820 – – 0.873
R1502 – – – 0.740 – – 1.379 – – – 1.059
R1503 – – 0.423 – – – 0.772 – 0.479 0.721 0.599
R1504 0.806 0.649 – 0.744 – 0.813 – 0.833 – – 0.769
R1505 – – 0.710 – 0.595 – – – – – 0.653
R1506 0.811 0.798 – – 0.839 – 0.824 – – – 0.818
R1507 – – – 1.433 1.265 1.553 1.330 1.212 1.353 1.401 1.364
R1509 0.761 – 0.789 – 0.843 – 0.805 – 0.827 – 0.805
R1510 – – 0.724 – – – – – 0.741 0.771 0.745
R1511 1.486 – 1.786 – 2.064 – 1.721 1.410 – – 1.694
R1512 0.694 0.829 – – 0.848 – 0.838 – 0.739 0.793 0.790
R1513 0.881 – – – 0.785 0.866 0.789 – 0.869 – 0.838
R1514 0.813 – – 0.821 – – – – – – 0.817
R1515 – – – – – 0.462 0.406 – – – 0.434
ROther 1.531 – 1.580 – – – – – – – 1.555
McFadden's pseudo-R2 0.197–0.282 0.265–0.380 0.160–0.284 0.180–0.275 0.134–0.229 0.135–0.205 0.147–0.253 0.090–0.218 0.131–0.265 0.200–0.270 –
Sample size 536–589 542–604 495–558 514–583 502–558 542–611 614–694 662–749 447–510 553–621 –

There are 10 subgroups in each month, and the ORs in each month are the average of those subgroups.
Within calibration results, the coefficient picked up according to the following conditions.
1. The p-value of ORs must be smaller than 0.1.
2. The lower and upper 95% confidence interval of each OR cannot include 1.0.
3. The outliers of the ORs are to be cut off.
4. All VIFs (Variance Inflation Factors) are smaller than 10 (most are smaller than 3).
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user opts for grows, the lower the probability that the user will stay in
the service.

There are 13 significant routes related to ORBRUs in the REG group,
and the other 9 are insignificant. The ORBRUs of users in REG group
adding one usage count in most routes are decreasing. Generally speak-
ing, the user has higher usage count should have higher probability to
keep using the bus service. However, those ORBRUs are all negative. Be-
cause the REG users tend to use the service at fixed time, the higher
usage count means they are students or commuters. The lower ORs
here show the most bus routes could not satisfy or match user's
demand.

There are only six significant routes independent of coefficients in
the SREG group. In the RAN group, apart from R1301, other variables
are significant. The sample size in both the RAN and RARE groups
is rather large; therefore, most route-related variables are
significant.
For all groups (behavior patterns), NumofDay is significant in four
groups, and itmeans theNumofDay is amore suitable and commonvar-
iable to infer the user retention than usage count. NumofDay is the
number of days the user using the bus service in one month. When
this value gets higher, the more days the user uses the service. Com-
pared to the five usage count related variables, NumofDay is a common
one for all users. Usage count related variables might have different in-
fluence according to the user's behavior pattern.

In the results of the previous ORs estimation, we select 11 variables
to understand the relationship between user behavior and retention.
The relationships are shown in Fig. 8. First is the variables related to ser-
vice performance evaluation, including four variables about usage
count,MP_UC, AP_UC, UCinWE, andUCinWK.When themanagers eval-
uate the performance, the ridership (summation of usage count) is the
most common index used. In Fig. 8a, it shows the ORs of the usage
count of various behavior groups and time. If OR is large than 1, it



Table 5
ORs calibrated results of RARE users (use the service rarely) in each month.

Variables Jan Feb Mar Apr May Jun Jul Aug Sep Oct Avg.

Intercept – – 0.117 0.161 0.157 0.162 – 0.130 0.153 0.135 0.145
MP_UC – 1.886 – 1.719 1.718 1.718 1.808 1.848 1.805 1.904 1.801
AP_UC 1.626 – 1.623 1.458 1.459 1.613 1.597 1.497 1.503 – 1.547
Usagecount – 0.602 – – 0.551 – 1.872 1.515 – – 1.135
UCinWE 1.041 – 1.330 – 1.385 – – 1.309 1.361 0.752 1.197
UCinWK 0.769 1.008 0.726 0.780 – 0.719 1.358 – – – 0.893
NumofRoute 0.474 0.398 – – 0.287 0.610 0.241 0.408 0.440 0.409 0.408
NumofStop – – 1.160 0.644 1.564 1.547 – – – – 1.229
AvgUCRoute – 1.519 1.735 1.902 – 1.779 1.619 1.542 1.722 – 1.688
AvgUCStop – – 3.143 2.094 1.377 – 2.098 – – 2.549 2.252
NumofSCH – 2.566 1.378 1.898 2.122 1.315 – 2.521 2.317 2.514 2.079
IsSTU 1.728 – – 0.533 1.821 0.547 0.581 – 1.837 – 1.174
IsCharity 1.990 – – 1.997 1.779 1.760 1.765 1.795 1.934 1.808 1.854
FreqofRoute – – 0.959 0.973 0.987 – – – 0.980 0.989 0.977
StopsofRoute 1.017 1.016 – 1.023 1.019 1.015 1.001 – 1.016 1.022 1.016
Population – – – 1.000 – – 1.000 – – – 1.000
PDensity – – – 1.000 1.001 – 1.001 1.001 – – 1.001
RLength – 1.013 – – 1.018 – – 0.993 0.992 0.983 1.000
ToSY 0.948 0.914 – 0.940 – 0.963 0.917 – 0.949 0.946 0.940
ToBH 0.945 1.049 1.046 1.037 – – 0.950 – – 1.037 1.011
TourRoute 2.655 2.765 – 1.894 2.160 2.254 – 3.773 2.908 2.434 2.605
NumofDay 2.585 – – 2.638 2.464 – – 2.262 2.513 2.625 2.515
R1300 1.150 – 1.615 1.350 1.657 1.373 1.638 1.361 – 1.694 1.480
R1301 5.340 – – – – 11.183 – – 9.529 3.255 7.327
R1302 5.613 – 3.757 – 2.725 – 4.181 0.113 0.042 – 2.738
R1303 5.470 – – 6.348 5.631 4.825 – 7.875 – – 6.030
R1310 5.719 5.558 – – – 5.949 – – – – 5.742
R1311 – – – – – – – – – – –
R1500 – 1.377 – 1.314 1.424 – 1.025 1.007 – 1.510 1.276
R1501 – 2.355 1.160 – 1.630 – – – – 1.393 1.634
R1502 3.305 4.376 2.694 – 3.006 3.332 2.951 2.793 0.302 2.605 2.818
R1503 – 2.832 0.077 – – – – 4.179 0.220 – 1.827
R1504 – 4.213 – – – 3.558 3.442 3.968 – – 3.795
R1505 – 14.555 – – – – – 4.587 – – 9.571
R1506 6.091 2.752 – 6.764 3.383 – – – 2.855 – 4.369
R1507 1.755 – – 1.681 1.449 1.944 – 2.126 1.688 1.014 1.665
R1509 0.675 0.598 0.593 0.626 – – 0.636 0.617 0.652 0.645 0.630
R1510 – – – 4.492 – – – 5.959 – – 5.226
R1511 2.541 – 8.697 5.613 3.899 – 1.432 2.551 – 2.761 3.928
R1512 0.307 0.151 0.123 0.190 0.247 0.208 0.354 – 0.056 0.198 0.204
R1513 1.777 0.252 – – 3.948 – – – 0.217 0.222 1.283
R1514 – 4.237 – – – 4.452 – – – – 4.344
R1515 – – – – – – – – – – –
ROther – 0.453 3.399 1.342 0.365 3.218 – – – 4.109 2.148
McFadden's pseudo-R2 0.049–0.145 0.058–0.188 0.084–0.206 0.050–0.160 0.048–0.135 0.043–0.114 0.024–0.132 0.056–0.151 0.056–0.140 0.060–0.178 –
Sample size 478–576 596–708 511–601 493–583 465–532 497–593 474–574 500–603 439–548 485–590 –

There are 30 subgroups in each month, and the ORs in each month are the average of those subgroups.
Within calibration results, the coefficient picked up according to the following conditions.
1. The p-value of ORs must be smaller than 0.1.
2. The lower and upper 95% confidence interval of each OR cannot include 1.0.
3. The outliers of the ORs are to be cut off.
4. All VIFs (Variance Inflation Factors) are smaller than 10 (most are smaller than 3).

122 P.-H. Hung et al. / IATSS Research 44 (2020) 111–124
means that the user has higher usage countwill have a higher probabil-
ity to stay in the service. In other words, the service is more suitable for
the user has higher usage count. The result shows that the service is less
suitable for the REG users in weekdays, and this is warning information
to the managers. Because they usually use the bus more in weekdays,
the result shows the service is not suitable for the users to have higher
usage count instead.

Second is the variables related to service design, including four var-
iables about bus route characteristics, FreqofRotue, StopsofRotue,
RLength, and TourRoute. Those variables are basic characteristics for
service design, the result in Fig. 8b shows the retention tendency of
them. In the result, REG and SREG user have no observable tendency
of all of those, because most of them are students or commuters and
have no other options. However, they still have a slight tendency to
using bus routes with higher frequency or longer bus routes. For RARE
users, they prefer to use the bus routes to reach the sighting place. For
RAN users, they have higher usage count and random boarding time
in one month. If they went to sightseeing more times, they are usually
tourists from other areas. That is, they will stop to use bus service next
month. Here, the managers can try to enhance the service of tour-
related bus routes to attract RARE users to keep using the bus service.

The third is the variables related to fare design, including three var-
iables about the summary of the users using bus service, NumofDay,
NumofRoute, and NumofStop. These variables are important indexes
for evaluating the fare design. In Fig. 8c, all users have a retention ten-
dency if they use the bus service more days in one month. It also
shows the number of days is a good and general index to evaluate the
retention for all users. The number of routes is also a general index to
evaluate all users. When the users use fewer bus routes, the routes are
more useful to the users. Although these results match the common
sense, the ORs values give the manager a quantified index to evaluate
various behavior pattern and their retention tendency.
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5. Conclusions

This study proposed an automatable procedure to obtain retention
odds ratios for all bus routes from smart card data. The procedure can
be encapsulated in a software program. Managers can then use such
software to assist in their planning. Because it is automatable, managers
can also have a cyclical process for review or planning of the bus service.
By applying the EM method, bus users were clustered into several
groups and their behavior transition from month to month showed
whether they would stay or quit the service. Based on coefficients of
route variables showed the ORBRU of each route. The calibration of
ORBRU does not need any individual personal or individual socio-
economical information but smart card transaction data. Therefore,
thismethoddramatically decreases the cost and time for data collection.

To comparewith traditionalmethodologies, this research uses smart
card data only, a stable data resource that can be obtained from smart
card system without plenty of time and budget. Managers can also ob-
tain the ORBRU via this methodology when they put the methodology
into their management system. Once the managers can understand
user's reaction to the bus service, they canmake quick response to user's
reaction. Furthermore, the cyclic planning procedure could become
faster due to the reduction of the response time. In the past, the man-
agers needed much longer time to observe user's reaction based on a
specific policy. By this research, the managers are able to reduce the
observation time and use the resource more efficiently. Then limited
resources could be allocated to the right position in order to increase
the user retention and to use the resource more efficiently.

The composition of various behavior clusters varies in each bus
route, and the odds of retention allow us to evaluate the performance
of the bus routes. Once the odds of retention are known, managers
can simulate the effect of various alternatives with hypothetical
numbers of riders. Moreover, they can also find a better way of resource
allocation based on a lower odds ratio. Future study should focus on the
relationship among odds of retention and other operational variables,
e.g., frequency or stop location. More detailed service planning can be
proposed according to such relationships.

In Table 2 to Table 5, the managers can understand the influence of
the same variables on the behavior of different types of users. In addi-
tion, the different effect of each bus route to various user behavior
types is also obtained via the comparison of the odds ratios between
different user behavior groups. Themanagers can understand the differ-
ence between the real effect and expected the effect of each bus route.
Fig. 8 is the summary of the ORs for non-route variables. We split
them into three groups, and use the radar graphs to show the difference.
The result can assist the managers for service design and evaluation.

The method developed in this study is different from previous ones
that assumed all users in the same behavior cluster to have the same
tendency. Actually, ridership is a composition of diverse user types,
which change from time to time. Resource allocation could be more
appropriatewith the understanding ofwho the target is and their reten-
tion probability. Needless to say, this bottom-up procedure can easily be
applied to other transportationmodes. In addition, it is clear that includ-
ing wider characteristics of bus service will enhance the model. There-
fore, managers can consider more specific characteristics if they have
sufficient data to calibrate the model. In this method, once the bus
routeswith lower retention probability are known, their users' behavior
type can also be understood. Therefore, managers can make suitable
service improvement plans even with limited resources. Once the
improvements are duly implemented, the service might get higher
user retention in the near future. And last but not least, traffic safety
will be improved if public transport systems can retain users, thereby
reducing the use of private modes.
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Appendix A. Estimation of yearly ORBRU (odds ratio of bus route
usage)

The sample data used for coefficients calibration are the behavior
clustering result via the users' weekly profile, and the staying decision
in the lattermonth is considered as the dependent variable. The estima-
tionprocedure ofORBRU is shown in Fig. A.1. Before calibration, all users
are split into four behavior groups, including REG, SREG, RAN, and RARE
groups. Behavior itself could be varied according to sample size or cali-
bration result, but there is only one yearly ORBRU for each group. Gen-
erally speaking, the sample size of RAN and RARE groups are too large;
users in these two groups can be split into 10 ormore sub-groups to ob-
tain a better calibration result. Themonthly coefficients can be obtained
from an average of the calibration results of all sub-groups. Further-
more, the yearly coefficients of each group can be obtained from the av-
erage of the monthly results and with the removal of outliers from the
monthly results. We can get the ORBRU by exponentiating the yearly
coefficients.

To infer user decision according to the retention result.
Yes: Retention in latter month;

No: Not retention in latter month.

User retention data for two consecutive months during 2016.
(Users clustered via their weekly profiles)

Binary logistic regression model:
Y = 0 + 1 MP-UC + 2 AP-UC  

+ + n-m R1300 + n-m+1 R1301 + + n-1 R1515 
+ n ROther

For RAN group and RARE group:
To separate them randomly into 10 

and 30 sub groups respectively.

To calibrate the model for each group / sub group by months. 
� Coefficients calibration results

For RAN group and RARE group:
To obtain the means of significant coefficients 
(p-value < 0.1) of sub groups for each month. 
� 10 sets of monthly average coefficients

To obtain the means of significant coefficients of all months.
� Yearly average coefficients in 2016 ( i).

To interpret the OR (Odds Ratio) via            � Odds ratios of 
the bus route usage in 2016.

For REG group and SREG group:
No sub group.

For REG group and SREG group:
� 10 sets of monthly significant  coefficients

Fig. A.1. Estimation procedure of yearly ORBRU.
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