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ABSTRACT A competitive relationship has been generated between urban rail transit and bus transit since
the operation of the former. Despite different roles in providing services in public transport corridor, they
affect each other in actual situations. In terms of urban transportation planning and policy formulation, it is
necessary to explore and master the rules of passengers’ travel mode choice from different means. In order
to study their choices between the rail transit and the bus transit after the operation of the former, taking
Xiamen, China as an example, this article analyzed the overall travel features of passenger flow before and
after the operation of rail transit by using the public transit IC card data from two consecutive weeks in
November 2017 and November 2018. Some features of travel distance, travel time, travel cost, whether
to travel in peak hours, the number of collinear stations between bus transit and rail transit or that of rail
transit stations are sorted out. With random forest algorithm, a model is set up for the travel mode choice
of passengers after urban rail transit is put into use to find out the impact of different travel features. The
result shows that travel cost is the most crucial factor that affects passengers’ decisions, followed by the
number of collinear stations between bus transit and rail transit or that of rail transit stations, travel time and
travel distance. Whether to travel in peak hours have less impact on their choices. This study is constructive
for cities in the stage of facing competition between newly opened rail transit and bus transit and support
transportation decision-making.

INDEX TERMS Travel mode choice, feature importance, after the operation of newly urban rail transit,
random forest algorithm.

I. INTRODUCTION
Urban rail transit is built up in an increasing number of cities
with the aim of alleviating the deteriorating traffic congestion
with a public transport corridor operating mainly with the
rail transit and supplemented with the bus transit [1], [2].
However, the newly opened rail transit in some cities not only
fails to become the main mode of transportation in the public
transportation corridor, but also forms a competitive rela-
tionship with the bus transit. Most passengers’ trips are not
transferred to rail transit which results in a small passenger
flow of rail transit. Therefore, when facing the competition

The associate editor coordinating the review of this manuscript and

approving it for publication was Zhe Xiao .

between the two travel modes, will passengers those who
could only travel by bus transit change their choices and
what factors affecting their decisions? These questions rise
as necessary ones to be studied. Exploring the travel rules
of passengers with their travel behaviors can lead to targeted
solutions for small passenger flow in some rail transit routes
caused by the competition of different travel mode in public
transport corridor, which can improve its transit efficiency
and promote urban development. Besides, it can also provide
important reference for policy formulation and optimization
of the transportation system [3].

Many scholars have studied the impact of different fac-
tors on the passengers’ choices on travel modes for which
some of them have even made prediction. Zhou et al. [4]
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found that when choosing from shared bikes and taxis, travel
distance and the number of parks and recreational facilities
at the destination were important factors affecting individual
passenger’s decision. Cheng et al. [5] found that the choice of
travel mode is affected by a variety of factors. When applying
the random forest algorithm to simulate the traveler’s choice,
it was found that travel time plays the most important role in
predicting travel mode choice. At the same time, the construc-
tion surroundings of the studied area and passengers’ age are
the two major factors affecting their choices. Omrani [6] used
a variety of machine learning methods to predict the travel
mode choice of individual passenger with multiple factors
such as travel cost, personal factors of travelers (e.g. income,
age, and gender), the number of bus stops in the residence,
region of residence and type of work area. Zhao et al. [7]
selected the individual’s travel attributes (such as travel time,
travel cost and waiting time, transfer frequency), socioe-
conomic and demographic attributes (e.g. car access, eco-
nomic status, gender, and identity) as characteristics to pre-
dict the choice of travel mode and analyze travel behavior.
Julian et al. [3] chose individual’s trip attributes (e.g. travel
distance), individual attributes (e.g. gender, age, and ethnic-
ity) as characteristics to study the importance of each variable
for different classifiers and travel modes. Liu et al. [8] chose
the trip characteristics, including access and egress mode,
trip purpose, travel time, combined the built environment and
individual characteristics to analyze the travel characteristics
and access mode choice of elderly urban rail riders in Denver.

The above-mentioned researches are mainly on passengers
facing different travel modes or even includes private cars.
The data is mainly from passenger questionnaires or resi-
dent travel surveys. It is subjective and with high acquisi-
tion cost, long period, and is usually limited by the small
sample size and short observation period. The factors that
affect passengers’ travel mode choice mainly include per-
sonal characteristics such as the passenger’s age, gender,
occupation, etc., the characteristics of the travel process such
as the passenger’s travel time, travel cost, travel purpose
and travel distance, and external environment characteristics
such as weather conditions and built environment. In addi-
tion, passengers’ travel mode choices are also subject to
the socio-economic conditions of passengers’ residence and
related transportation policies [15]. Appropriate features can
improve the detection accuracy of the model and reduce the
computational complexity of the algorithm.

In recent years, the development of big data has made it
easier to obtain public transportation system data. Compared
with traditional survey data, public transit smart cards cannot
record passengers’ subjective feelings or the environment
during passengers’ trips. The traveler’s information such as
some personal attributes cannot be directly obtained, but
some accurate travel characteristics of passenger such as
boarding time, travel time, travel distance, travel cost, etc.
can be obtained via transit smart cards data, the amount of
which is much larger than the survey data. Zhao et al. [11]
used transit smart card records in London to focus on the

passenger’s three travel attributes-start time, origin, and des-
tination and proposed a new model based on the Bayesian
n-gram model used in language modeling to predict pas-
senger travel attributes-start time, origin, and destination.
Gabriel et al. [12] use London’s smart card data to obtain
passenger’s characteristics such as the entry and exit stations
records and travel time and combine with individual travel
activities to measure the regularity of passengers’ travel
behavior. In addition, some scholars have begun to choose
other data sources such as mobile phone signaling data to
study passenger travel behavior. Lu et al. [13] combined
the mobile phone signaling data with the resident travel
survey data and use random forest algorithm to set up the
travel model of individual travelers, mainly using personal
attributes such as individual age, gender and travel OD point
and travel time characteristics. The results display that travel
distance attribute is more important than the time attribute.
Normally, when facing the two modes of public transport
namely the rail transit and the bus transit, travel cost is an
important factor that passengers take into account, which was
also proved by some scholars’ studies [9], [10], and travel
distance and travel time are the following factors consid-
ered [4], [5], [9], [10], [12], [13]. In addition, according to the
research of Zhao et al. [11] and Yang et al. [16], passengers’
boarding time has also a great influence on their choices.
For example, during peak hours, passengers prefer public
transport and choose bus or rail transit. Combined with the
data used in this study, the above-mentioned characteristics
are taken as studied factors influencing passengers’ travel
mode choice.

In the study of passenger travel prediction methods,
some scholars conducted a comparative analysis of machine
learning methods and traditional methods. Zhao [7] used
a variety of machine learning methods and logit models
to predict individual travel. The results of the study show
that the random forest algorithm has the highest prediction
accuracy, and machine-learning and logit models largely
agree on variable importance and the direction of influ-
ence that each in-dependent variable has on the choice
outcome. Wang et al. [14] compared the multinomial logit
model (MNL) model with Xgboost and found that the
Xgboost model has higher prediction accuracy than the MNL
model. Julian et al. [3] found that the random forest algorithm
has the best performance and better effect than the commonly
used MNL model when studying the choice of residents’
travel modes.

Above all, few scholars pay attention to the change in
passengers’ travel modes when they get more choices in the
public transport corridor and the study on the factors causing
it is rare. The first metro line of Xiamen in China was put
into use in January 2018. However, its total passenger flow
in 2018 failed to reach 10% of the total of public transport
(including the bus transit, BRT, and the rail transit). The
average load factor is 8.38% (taking that of the morning and
evening peaks on November 5, 2018 as the example), which
was far beyond operational expectation. Against this back-
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FIGURE 1. The technical route of this article.

ground, this article studies passengers’ travel mode choice in
the public transport corridor between the bus transit and the
rail transit after the operation of the latter in Xiamen in 2018.
To begin with, two-consecutive-week bus and rail transit IC
card (Integrated Circuit Card) data in November 2017 and
November 2018was collected to sort out different travel char-
acteristics of the overall passenger flow and analyze the travel
behavior. And thereafter, the passenger flow of rail transit and
that of bus transit before and after the operation of the rail
transit are analyzed as well to screen the difference in features
of passengers’ travel behavior. In this article, in addition to the
travel time, travel distance, travel cost, and whether to travel
in peak hours mentioned earlier in this article, the number of
collinear stations between bus transit and rail transit or that
of rail transit stations is also used to establish a model with
random forest algorithm for passengers’ travel modes choice
after the operation of the rail transit to analyze the importance
of various factors that affect passengers’ travel mode choice.
The technical route of this article is shown in Fig.1.

II. DATA COLLECTION AND RESEARCH METHODS
A. DATA SOURCES
By November 2018, Xiamen has a built-up area of approx-
imately 388.58 square kilometers and a resident population
of 4.11 million, with one metro line and 359 bus lines.

The data used hereby is the IC card data of the bus transit
collected from November 6th to 19th, 2017 and that of both
the bus transit and the rail transit from November 5th to
November 18th, 2018. The reason for this is that there was
no holiday in these four normal working weeks, the data is
representative and suitable for comparison, and conducive
for the extraction of features. IC card data of the bus transit
includes IC card identification, transaction date, boarding and
alighting time and stops, and latitude and longitude informa-
tion; rail transit IC card data includes IC card identification,
transaction date, entrance and exit time and stations, latitude
and longitude information. (As shown in table 1). Based on
these data, the transfer time threshold of 60 minutes is used to
screen out the transfer travel records of passengers including
the records of transferring from the bus to the rail and those
from the rail to the bus.

B. DATA PROCESSING
1) TRAVEL FEATURES SELECTION
In November 2018, there was only Xiamen Metro Line 1 and
359 bus transit lines. In this article, when a bus stop is located
within the service scope of a rail station (no farther than 800m
from the station for this article), we hold that the bus stop and
the rail station have a co-stop relationship, and the bus line
where the bus stop is located has a collinear relationship with
the rail line. Generally, the overlap degree between the bus
transit and the rail transit increases as the number of collinear
stations between them rises, and the competition between the
bus transit line and the rail line will become stronger as well.
We count the number of different bus transit lines that have a
collinear relationship with the rail lines. There are 227 lines
that have a collinear relationship with the rail transit. And
the bus line with 2 collinear stations account for the majority.
The number of bus lines with collinear stations decreases
as the number of collinear stations increases, but there are
still 95 bus lines with 5 or more collinear stations which
means there is a strong competitive relationship between bus
transit and rail transit (As shown in Fig.2. A collinear station
may belong to different bus lines). Before the opening of rail
transit, passengers can only travel by the bus transit (option
1). After the opening of rail transit, when passengers’ origin
and destination (OD) are not covered by the rail transit (option
3), they can only travel by bus or choose to transfer between
bus transit and rail transit (option 2). When there are both bus
stops and rail stations at the passenger’s OD, the passenger
can choose from them or choose to transfer between them (as
shown in Fig.3). The focus of this article is the influence of
different factors on passengers’ choices of travel mode when
they are offered bus or rail modes.

After the opening of the rail transit, passengers choose their
travel mode according to the actual OD of a certain trip. They
will move to the rail transit or keep choosing bus transit, or
choose to transfer between bus transit and rail transit, so this
article assumes that passengers make decision according to
different travel features of different travel modes. We mainly
study on the passengers’ choices in a certain trip. When a bus
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TABLE 1. Example of bus transit and rail transit IC card data.

FIGURE 2. Number of bus transit lines that have collinear stations with
rail transit in Xiamen City.

TABLE 2. Symbols and examples of selected features.

transit route is included in a passenger’s itinerary, in order to
check the overlap degree of the bus transit route with the rail
transit, the number of collinear stations along the chosen bus
route is used to looking into the competitive relationship in
space between them. When the passenger travels by rail, this
feature is used to indicate the number of rail transit stations.
For those who choose to transfer this feature represents the
sum of the number of collinear stations and the number of
rail stations. The data symbols and examples are shown in
table 2.

2) ESTABLISHMENT OF DATA SETS
13,482,628 records of the bus transit IC card data in two
consecutive weeks are collected from November 6th to 19th
2017. And 14,662,199 bus IC card records and 1,718,778 rail
IC card records in two consecutive weeks are collected from
November 5th to November 18th, 2018.

With the latitude and longitude information when passen-
gers board and alight (or enter and exit the rail station) at a
certain time and the information of bus lines and rail lines,
the travel time, travel distance and whether to travel in peak

hours can be sorted out. And with the latitude and longitude
information of the bus and the rail transit, whether the bus the
passenger chose in 2018 has collinear stations with rail transit
or not can be also found out. Thereafter, the travel features
of bus passenger flow before the operation of rail transit and
those of both bus and rail passenger flow after the operation
of rail transit can be analyzed. When constructing the data
set for random forest model, the article uses the passengers’
bus IC card data in 2017 as the reference to Screening the
2018’s IC card records. Only the cards which are still used
in 2018 for buses or the rail transit can be taken for the anal-
ysis. In 2018, there was only one rail line in Xiamen, and the
rail transport network yielded to be constructed. Therefore,
the accessibility of traveling by rail transit is far lower than
that of by bus which has a complete transportation network.
In order to study the passengers’ choice against the competi-
tion between the rail transit and the bus transit, the distance
between the boarding and alighting stops (entrance or exit
stations) in 2017 and 2018 is controlled for purpose to ensure
that the passenger’s travel trajectory remains unchanged. The
distance between both the boarding stops and the alighting
stops of the selected IC card in 2017 and 2018 should be
within 1000 meters. as shown in Fig. 4.

And in order to ensure the condition that the travel mode
in November 2018 was chosen by passengers between the
bus transit and the rail transit, in other words, passengers can
either take the bus or the rail or transfer. Therefore, the bus
stops chosen for this study should be within the 800-meter
sphere of a railway station (as shown in Fig.3) according to
Calvo’s [10] research on the impact of rail transit stations and
the actual situation in Xiamen.

Finally, this article takes the travel features sorted out from
IC card records in 2018 after the operation of the rail transit
to subtract the corresponding features in 2017 when there
was only bus transit. Then the differences of travel time,
travel distance, and travel cost between 2017 and 2018 can
be obtained. Equation (1) shows how the values of the three
features are calculated.

Featurevalue =
∑

0≤i≤m
0<j<n

Pi2018 − P
j
2017 (1)

In this formula, P ∈ (Ptime,Pdistance,Pcost), letter m and
n represent the total number of travel records of passengers
in November 2018 and November 2017, Pj2017 meaning the
travel feature P of a passenger in his or her no. j trip in
November 2017, likewise, Pi2018 meaning the travel feature
P of a passenger in his or her no. i trip in November 2018.
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FIGURE 3. Competition for passengers between bus transit and rail transit in public transportation corridors.

FIGURE 4. Rail transit has been added to the options available to
passengers.

TABLE 3. Symbols and examples of features in the data set.

In addition to the values of the above three features, each
set of records also contains the mark of whether to travel in
peak hours, and the number of collinear stations between bus
transit and rail transit or that of rail transit stations. At the end,
each comparison group will be marked with labels, number
0 for the bus transit and number 1 for the rail transit and
2 for the transfer between them according to the travel mode
in 2018. After that, the obtained data will be discretized to
facilitate analysis (as shown in table 3):

In the end, a data set contains 733,734 records is left
for the study, with 597,947 labeled as the bus transit and
121,904 labeled as the rail transit and 13,883 as the transfer.

We can see that little data labeled as transfers. The data
set is a typical unbalanced data set which means that even
if all data are predicted to be label 0, the accuracy of the
model is 81%, but the recall rate of labels with little data is
0%. In order to solve this problem, we adopt SMOTE [20]
(Synthetic Minority Oversampling Technique) algorithm for
data sampling. SMOTE is an improved scheme which based
on random sampling algorithm. Random oversampling takes
the strategy of simply copying samples to increase samples in
minority, so it is easy tomake themodel overfitting. The basic
idea of SMOTE is to analyze minor samples and add new
samples artificially composed with minor samples into the
data set. The minority class is over-sampled by taking each
minority class sample and introducing synthetic examples
along the line segments joining any/all of the k minority
class nearest neighbors. Depending upon the amount of over-
sampling required, neighbors from the k nearest neighbors are
randomly chosen. [20]. In this way, the quantity of the labels
of minor samples is increased to equal to that of the largest
sample.

C. EXPERIMENT METHODS
The study analyzes the general features of all travel records
to obtain the overall behavior features of passengers. Then
in order to study the impact of different travel features on
passengers’ choice of travel modes, a random forest algo-
rithm is used to classify passengers’ decisions according to
the selected features, and then the influence degree of each
feature is obtained. The random forest algorithm is an inte-
grated learning algorithm based on the idea of Bagging [19].
It uses bootstrap to randomly fetch multiple samples from
the original sample to build up each decision tree in the
forest, and then vote on the prediction of each tree to get
the final classification. Random forest can be used for clas-
sification with many features, especially suitable for situ-
ation with discrete features. In the process of the random
forest model, the problem of high variance of a single tree
classifier can be reduced by introducing randomness in the
selection of samples and the node splitting in the decision
tree, which can reduce and accommodate noise and out-
liers. At the same time, as a supervised integrated learning
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classification method, the comprehensive performance indi-
cators of random forests (such as classification accuracy,
algorithm efficiency, etc.) are more friendly for high-
dimensional data than other single classifiers and integrated
classifiers [15].

In order to better compare the impact of various features
on travel mode choice, the importance of different features
in the data samples is evaluated during the establishment of
the random forest algorithm model to analyze their impact on
the sample classification or in other words, on passengers’
choices. And this importance will be accessed via mean
decrease impurity, which is a feature importance measure-
ment method based on information gain. Generally, greater
information gain of a feature leads to higher importance of
it [20]. The principle of mean decrease impurity is that the
more important a feature in the data set, the more constructive
this feature is on the purity increase of the classification of
decision trees. The increase of purity can be measured by the
Gini index. Assuming that the sample has m features, namely
X1,X2,X3, . . . ,Xm, and the sample has K categories, then the
formula for calculating the Gini index of the feature Xj in the
decision tree is as follows:

GIXj =
K∑
k=1

P
(
Xj = Lk

)
∗
(
1− P

(
Xj = Lk

))
(2)

In this formula, Xj represents feature no. j,GIXj the Gini
index of feature Xj, and P(Xj = Lk ) the estimated probability
when feature Xj is include into category Lk .The importance of
the feature Xj in a node c in the decision tree. i is represented
by the change in the GINI index of node c before and after
branching.

ImportanceicXj = GIXj − GI
l
Xj − GI

r
Xj (3)

In this formula, GI lXj and GI
r
Xj stand for the GINI index of

the two new nodes branched from node c. Then when feature
Xj appears X times in the decision tree, its importance can be
obtained by:

ImportanceiXj =
X∑
x=1

ImportanceicxXj (4)

And its importance in random forest is:

ImportanceXj =
1
n

n∑
i=1

ImportanceiXj (5)

The nmarks the number of decision trees in random forest.
And the research plan is as following:
(1) Obtain and process passenger IC card data.
(2) Analyze and compare the data to summarize the overall

travel features of passenger flow by bus transit and by rail
transit between November 2017 and November 2018.

(3) Select the data set. With the card number as a unique
identifier, compare and find out the passenger’s travel fea-
tures in November 2017 and November 2018 according to
their travel records.

(4) Confirm the optimal parameters and use the optimal
parameters to build a random forest algorithmmodel to obtain
the optimal model of it. Construct a random forest model,
and determine the optimal number and depth of decision trees
by searching for stable values on the out-of-bag data (OOB)
error curve. Calculate the importance of each feature through
the optimal model with mean decrease impurity, and analyze
the rationality of the results. Finally, the accuracy score,
precision score and recall score are used to evaluate the
performance of classified prediction of themodel for different
labels. The accuracy refers to the proportion of the number
of correctly classified samples divided by the total number
of samples in the test set. The precision means the propor-
tion of samples that are actually of a class divided by the
total samples classified as that class in the prediction results.
The recall means the proportion of samples classified as a
given class divided by the actual total in that class in the
test set.

III. DATA ANALYSIS AND RESEARCH RESULTS
A. TRAVEL FEATURES OF THE BUS AND THE RAIL
TRANSIT BEFORE AND AFTER THE OPERATION
OF THE RAIL TRANSIT
This article compares the general features of the bus passen-
ger flow in November 2017 and November 2018 first, and
pick out the passengers who had traveled on both the bus tran-
sit and the rail transit under the sameOD inNovember 2018 to
contrast their travel features. It is difficult to make a good
comparison with the data of direct travel by bus or by rail
since the transferred data is in small amount, sowe listed them
separately, as shown in Fig. 5i-l.

It is notable that the number of passengers traveling by
bus increased significantly in 2018, which shows that after
the opening of the rail transit, it didn’t decline but rather
rise. According to the data analysis of four aspects of travel
distance, travel time, boarding time and travel cost, the results
are shown in Fig.5. We find that there is no significant
difference of the bus transit passenger flow in terms of
travel distance in 2017 and 2018, with overall travel distance
within 20 kilometers (km)(Using one-way ANOVA on these
two groups of data, p-value was greater than 0.1). Passengers
who travelled within 10 km account for over 80% among
which most passengers travelled from 1 to 2 km, indicating
that most passengers were doing short- and medium-travel.
With the same OD, when travel distance is within 10 km,
the passenger flow of the rail transit is equally distributed.
When it exceeds 10 km, the distribution is less even. And the
total passenger flow tends to decrease as the travel distance
increases. Meanwhile, the bus passenger flow is far larger
than that of the rail transit. The travel distance of most bus
transit passengers is within 8 km, and the longer the travel
distance, the smaller the passenger flow is. In general, most
bus transit passengers travel in short and medium distance
with the same OD. While for rail transit passengers, some
of them travelled in short- and medium-distance and some
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FIGURE 5. The overall passenger flow characteristics.

in long distance. And when it is over 10km, the number
of passengers decreased. And it shows that most passengers
did not choose the rail transit for long-distance trip even
after the operation of it. In contrast, for transfer passengers,
although the amount of data is small, it presents different
travel characteristics. Passenger’s traveling for 8 to 9 km
account for the majority among those who choose to transfer,
which is obviously different from those who travel by bus or
by rail. And most of the cost is among 3 to 4 yuan, which
is consistent with rail travel. Besides, there is also obvious
morning and evening peak.

According to the comparison of travel time, it can be
found that there is no visible change in bus passenger flow
of 2017 and 2018, with records traveling for 7 or 8 minutes
as the majority. With the same OD, the passenger flow of bus
transit with travel time of 2-3 minutes is the most, and that
of rail passenger flow is 19-20 minutes. On the other hand,
the number of passengers who choose to transfer travel in a
longer time, mostly 39 to 40 minutes. It is because firstly they
spend much time in transferring and secondly, they travel in
a long journey after transferring. In contrast, most of the bus
passenger flow is a short-term travel, with travel time less
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FIGURE 5. (Continued.) The overall passenger flow characteristics.

than 20 minutes. In conclusion, most passengers choose the
bus transit for short trip.

It can be seen from the distribution of passenger flow
at different boarding time that there is an obvious morning
and evening peaks in both 2017’s bus transit and 2018’s bus
and rail transit or transfer with the same OD. The morning
peak is from 8:00 am to 9:00 am, and the evening peak is
from 6:00 pm to 7:00 pm. And for the travel cost, most of
passengers decide to spend 0.8 yuan to travel by the bus
transit. Among rail transit passengers, the people spending
3 to 4 yuan account for the majority while those spending
7 yuan the minority which is almost the same as the cost of
passengers choose to transfer.

Through the above analysis, it can be concluded that with
or without the rail transit, the overall features of the bus
passenger flow remain the same. In other words, the operation
of the rail transit has no obvious effect on the change of
passenger travel features. There are obvious morning and
evening peaks in the rail transit or transfer between bus
and rail, but their passengers are less compared with bus
transit.

B. ANALYSIS OF INFLUENCING FEATURES FOR
PASSENGERS’ CHOICES AFTER THE
OPERATION OF RAIL TRANSIT
To begin with, the data set is divided into two data sets. 70%
of it is made as the training set for the training of random
forest algorithm prediction model and 30% of it is the test
set for verifying the prediction accuracy of the model. The
two most important parameters in a random forest are the

number and the depth of the decision trees. More decision
trees and deeper depth lead to higher prediction accuracy,
but they can also result in over-fitting of the model and
increase of program runtime. Therefore, it is necessary to
control reasonable number and depth of decision trees. At the
same time, in order to prevent the model from overfitting,
the prediction accuracy of the test set and OOB are taken as
reference to determine the optimal parameters for the model.

With the increase of the number of decision trees at dif-
ferent depths, the prediction accuracy of the test set and
OOB have a gradual increase (see Fig.6). We obtained, with
Grid Search, the parameters of the random forest when the
prediction accuracy peaks, with 30 decision trees and the
depth of the tree being 13. (We use random forest classifier
package in sklearn to build the model in Python. In grid
search, the search range of the estimators is 10-100, and the
depth range is 3-14.)

Under this situation, the prediction accuracy of OOB and
the test set reach 95.9%. The OOB error, overall prediction
accuracy of the final model and the accuracy and recall rates
of each category are shown in the table 4 below.

When the model is established, the importance of each
feature in the model can be obtained. As shown in Fig.7,
the sum of the importance of the five features is 100%, with
the difference in passenger travel cost accounting for the
highest proportion, 65.71%. Compared with it, other factors
have little effect on passengers’ choices. The weight of the
travel time is 12.77%, and that of the number of collinear
stations between bus transit and rail transit or that of rail
transit stations is 11.36%.
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FIGURE 6. Influence of the number of decision trees in random forest on model accuracy at different depths.

TABLE 4. The OOB score, prediction accuracy and the accuracy and recall.

The travel distance, and whether to travel in peak hours
account for 9.72% and 0.45%, respectively. It shows travel
cost is the most important factors considered by passengers
after the operation of the rail transit. And this is in line with
the situation when passengers choose the travel mode at the
beginning of the operation of the rail transit, the bus cost in
Xiamen was from 0.8 to 1.6 yuan, while the price of rail
transit is from 1.8 yuan (10% off from 2 yuan) to 6.3 yuan
(10% off from 7 yuan). With the same OD, the travel cost
of the rail transit is much higher than that of the bus transit.
The impact of the other four features are small on passengers’

choices especially the effect of whether to traveling during
peak hours. This shows that after the operation of the rail
transit, its qualities of high speed, punctuality and com-
fort does not generate strong competition advantage against
the bus transit which is still the primary travel mode for
passengers.

As a matter of fact, in most Chinese cities, bus transit and
rail transit are usually managed by different companies, and
enjoy different subsidy policies from the government, which
lead to big difference between their operating cost. And the
price of the rail transit is much higher than that of the bus
transit. Therefore, we decide to remove the travel cost of
bus transit and the rail transit from the experiment in order
to further examine the impact of travel time, the number of
collinear stations between bus transit and rail transit or that of
rail transit stations, travel distance, and whether to travel in
peak hours on passengers’ travel mode choice. We put aside
the travel cost to set up a new model, and conduct iterative
calculation on the optimal parameters. Likewise, with Grid
Search, when the depth reaches 11 and the number of decision
trees 80, the prediction accuracy of OOB and the test set
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FIGURE 7. Different feature importance.

FIGURE 8. Different feature importance without considering the travel
cost.

stay stable at 86.6%. The OOB score and overall prediction
accuracy of the final model and the precision and recall score
of each category are shown in the table 5.

Then it is obtained that the importance of each feature
without consideration of travel cost (as shown in Fig.8).We
can find that in 2018 the impact of each factor stays the same
with or without travel cost, and the most influential factor is
the number of collinear stations or that of rail transit stations
(accounting for 36.24%) and the travel time accounting for
32.77%. The impact of whether to travel in rush hours stays
minimal at 1.28%. This means that when exclude the travel
cost in a certain trip, the most important factor that affects
a passenger’s decision is the number of collinear stations or
that of rail transit stations in a certain trip. The travel time
and travel distance have kept relatively small influence on

TABLE 5. The OOB score, prediction accuracy and the accuracy and recall.

passenger travel compared to the number of collinear stations
or that of rail transit stations.

C. DISCUSSIONS
Combined the importance of each feature with travel cost
with the analysis of the overall features of passenger flow,
we observed that under the sameOD,most passengers choose
the bus transit when they are given both the bus and the
rail transit mode, which is different from Li’s [9] research
that as the travel cost increasing, the optimal travel mode
is rail transit. The main reason for the difference is that the
travel cost by bus is much lower than that by rail transit in
this research. Even the highest bus fare is lower than the
lowest rail transit fare. Moreover, according to the analysis
above, most passengers in Xiamen travel in short andmedium
trip, it can be found that the competition between rail transit
and bus transit is fiercest in the short and medium distance.
The travel habits of passengers and the higher ticket price
of the rail transit obstruct the rail to attract passenger flow
along the public transport corridor. This is a question worthy
of attention, because most cities in China face a situation
where rail prices are often much higher than that of the bus.
In order to make the rail transit function as the major transport
mode in the public transport system, the negative impact
from the relatively higher ticket prices have to be offset by
the convenience and accessibility of the newly-opened rail
transit.

As for travel time and travel distance, due to the differ-
ent bus fare policies in different cities, in this study, when
passengers mainly consider the cost in traveling, the impact
of travel time and travel distance is relatively small. In order
to further examine the impact of other features on passenger
travel behavior, we removed the feature of travel cost in the
data set and carried out a new experiment. When the travel
cost is not taken into consideration, the conclusion from the
research of Lu et al. [13] shows that the distance attribute
is more important than the time attribute. On the contrary,
Cheng et al. [5] found that travel time played the most
important role in predicting travel mode choice but travel
distance was not taken into account in his research. However,
in this article, when regardless of the travel cost, we found
that the biggest factor affecting passenger travel mode choice
is the number of collinear stations between bus transit and
rail transit or that of rail transit stations. When the bus route is
collinear with the rail transit, the more collinear stations there
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are, the closer the spatial relationship between the bus route
and the rail transit is. And under this situation, the rail tran-
sit and the bus transit show outstanding advantages against
each other, with higher speed and punctuality of the former
and more stops of the latter. This provides guidance for the
optimization of the bus lines in the public transport corridor
after the operation of the rail transit. In other words, the space
direction of the bus lines that have longer overlap with the rail
lines should be adjusted in order to mitigate the competition
between the rail and the bus to improve the utilization rate of
the public transportation resources.

Also, the result shows that whether to travel in peak hours
has little effect on passengers’ travel mode choice. This is
inconsistent with the research results of Zhao et al. [11]
and Yang et al. [16]. The reasons are that Zhao focused on
passengers’ a chain of trips and Yang on the choice between
public transport and private cars. Because the three passenger
flows all show obvious morning and evening peak in the same
time, namely 8 am and 6 pm. Considering that its importance
only accounts for 1.28%, it can be concluded that whether
boarding in peak hours has little impact on passengers’ choice
of the bus or the rail or transferring between them.

IV. CONCLUSION
In order to study the competitive relationship between the rail
transit and the bus transit in public transport corridor after the
operation of the former, we use a large volume of IC card data
gathered and dealt with via standardized methods to analyze
the travel features of overall passenger flow. And then we
select the records with the same OD to study passengers’
travel mode choice and the affecting features when facing
the two travel modes. The random forest algorithm is used
to build a passenger travel mode choice model to predict
their choice and calculate the importance of different travel
features. The prediction accuracy of OOB and the test set
reach 95.9% when the travel cost is taken into consideration
without which 75.5%. The main conclusions are as follows:
(1) the overall travel features have no obvious change after
the operation of the rail transit, and the passenger flow of the
bus transit has even seen a small increase so the rail transit
is less attractive for passengers. With the same OD, travel
cost is the most important factor taken into consideration
when compared with the other features. When regardless
of the travel cost, the overlap degree between bus routes
and rail route, travel time and travel distance all affect the
travel choice of passengers. And whether to travel in peak
hours has the least influence on their choices (2) The random
forest algorithm can be used to analyze the importance of
passenger travel features after the operation of the rail transit.
(3) The research findings can provide a theoretical reference
for the formulation of transportation planning and manage-
ment. For the purpose of increasing of rail transit passenger
flow and optimize the allocation of transportation resources,
the government can offer preferential treatment for rail transit
passengers, and optimize the bus routes which are collinear
with the rail.

In addition, there are three limitations in this study. First,
due to the limited features that can be extracted from IC card
data, this study only considers five features of travel time,
travel distance, travel cost, the number of collinear stations
between bus transit and rail transit or that of rail transit
stations and whether to travel in peak hours. More factors
such as socioeconomic characteristics can be introduced into
such study in the future. Second, the result of this article may
subject to the fact that the rail transit is newly opened so that
passengers’ travel behavior could change as the rail transit
shapes a rail transit network. Third, this article does not study
the feasibility of applying the trained random forest model
and its parameters to other cities.
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