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Abstract

Efficient public transportation systems are fundamental to achieving sustainable urban de-
velopment. As the backbone of urban mobility, the coordinated development of rail transit
and bus systems is crucial. The opening of a new rail transit line inevitably reshapes urban
travel patterns, posing significant challenges to the existing bus network. Understanding
passenger switch behavior is key to optimizing the competition and cooperation between
these two modes. However, existing methods on the switch behavior of bus passengers
along the newly opened rail transit line cannot balance the predictive accuracy and model
interpretability. To bridge this gap, we propose a CART (classification and regression
tree) decision tree-based switch behavior model that incorporates both predictive and
interpretive abilities. This paper uses the massive passenger swiping-card data before
and after the opening of the rail transit to construct the switch dataset of bus passengers.
Subsequently, a data-driven predictive model of passenger switch behavior was established
based on a CART decision tree. The experimental findings demonstrate the superiority of
the proposed method, with the CART model achieving an overall prediction accuracy of
85%, outperforming traditional logit and other machine learning benchmarks. Moreover,
the analysis of factor significance reveals that ‘Transfer times needed after switch’ is the
dominant feature (importance: 0.52), and the extracted decision rules provide clear insights
into the decision-making mechanisms of bus passengers.

Keywords: urban rail transit; bus transit; passenger switch behavior; public traffic data;
interpretable machine learning

1. Introduction
With the acceleration of urbanization, the scale and population of the city are expand-

ing, and traffic congestion, environmental pollution, and other problems are becoming
more and more serious [1]. In order to solve these problems, a development framework
focusing on ‘public transport priority’ came into being [2,3]. Owing to its large capacity,
high speed, and reliability, rail transit is critical to public transportation systems and is
often viewed as a primary solution to diverse urban traffic issues.

With more and more rail transit lines being constructed and in operation, the competi-
tion and cooperation between rail transit and existing bus lines have become an important
issue worth studying. After making use of rail transit, the passengers of bus lines overlap-
ping with rail transit may be attracted to the latter. The research carried out by Sun also
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indicates that most of the new metro passengers are not from private transport (cars), but
from the existing bus transit [4]. Therefore, it is necessary to accurately predict the switch
behavior of bus passengers. This can provide a valuable reference for bus-line adjustment
and new rail transit line planning. At the same time, accurate analysis of the relevant factors
that affect the passenger switch can also help to formulate more targeted public transport
policies. Furthermore, understanding passenger switching behavior extends beyond op-
erational efficiency; it is integral to achieving sustainable urban mobility [5]. Optimizing
multi-modal integration enhances public transport’s service quality and attractiveness,
which is a key objective in analytical studies under the soft-computing paradigm [6]. This
optimization is increasingly crucial with the rise in micromobility options (e.g., e-scooters,
e-bikes), which critically reshape last-mile connectivity and final decisions on mode of
transport [7]. It implies that the switch behavior model should incorporate both predictive
and interpretive abilities.

Due to the limitations on data collection, existing studies are developed with ques-
tionnaire data (RP, SP). The quantity and accuracy of data samples are usually difficult to
guarantee [8]. For this reason, earlier studies describe the switch behavior with logit-based
models. It is easier to implement and very efficient to train with a relatively small sample
set [9], and the model coefficients can be interpreted as indicators of feature importance [10].
However, due to the strict mathematical assumptions, the prediction accuracy of these
methods is generally low [11].

In recent years, machine learning methods with powerful predictability attract a lot of
interest and are widely applied to behavioral modeling [12–15]. Empirical research shows
that it outperforms logit-based methods in terms of predictive accuracy. However, the
internal principles of most data-driven methods are black boxes and lack interpretability,
making it difficult to describe the decision-making principles of passenger behavior in
detail. In addition, data-driven methods based on deep learning rely on a large amount of
labeling sample data, leading to high cost of data collection.

This study aims to model the passenger switch behavior by combining the advantages
of the two aforementioned methods. Figure 1 presents a flowchart outlining the main
steps of our approach. Specifically, using the before–after passenger swiping-card data,
we construct the bus passengers’ switch dataset. Based on the bus passengers’ switch
dataset, we extract 12 factors that may affect switch behavior. Using the extracted factors,
we establish a bus passenger switch behavior model based on a CART (classification and
regression tree) decision tree. Finally, according to the generated tree model, we explore
the rules that dictate bus passengers’ switch decision-making behavior. Its contributions
are two-fold.

(1) A CART decision tree is constructed for the passenger switch behavior model.
It considers 12 factors (including 6 personal travel attribute features, 3 socio-economic
features, and 3 switch process features) that may affect bus passengers’ switch behavior.
The proposed method can accurately predict the switch behavior of bus passengers and
provide deep insights into the decision-making mechanism of passengers.

(2) The generated CART decision tree model is evaluated with a field-test before–after
dataset. The experiment results show that our method improves the predictive accuracy of
switch behavior significantly. We also analyze the sensitivity of each influencing factor, and
mine the decision rules of people’s switch decision-making behavior, which can allow us
to better understand people’s transfer behavior. Such empirical experiments demonstrate
that the proposed CART decision tree model can predict the switch behavior accurately
without loss of interpretability.
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Figure 1. The technical roadmap for research.

The rest of the paper is organized as follows. Section 2 is a literature review. Section 3
defines the problem. Section 4 constructs the bus passengers’ switch dataset and builds the
bus passengers’ switch behavior model based on the CART decision tree. Section 5 is the
experiment research. Section 6 is the conclusions and recommendations.

To precisely guide the experimental validation and clarify the contributions of this
work, we formulate the following two testable hypotheses:

H1: The CART decision tree model will achieve statistically superior prediction accuracy for
passenger switch behavior compared to traditional logit models and other benchmark machine
learning methods.

H2: The CART model will provide interpretable decision rules that reveal key factors influencing
passenger switch behavior.
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2. Literature Review
At present, some scholars have analyzed the competition and cooperation between

bus and rail transit systems [16]. Regarding the problem of bus passengers switching after
the opening of the new rail transit, we mainly review the literature from two aspects: data
sources and method categories.

Currently, most research on passenger switching behavior is based on questionnaire
data. An analysis of stated preference data by Anwar et al. [9] on modal shifts from car
and taxi to rail transit identified travel time, cost, and walking time as significant negative
influences on individuals’ choice. Ting [17] extracted gender, occupation, salary, travel
purpose, travel cost, travel time, and other factors that affect passenger switch based on SP
survey data. The results show that the sensitivity of travel costs to passengers’ willingness to
switch is greater than travel time. Through RP survey data, Jiabin [18] analyzed the switch
characteristics of passengers after the opening of Wuxi Rail Transit Line 1, emphatically
analyzed the travel time and cost factors affecting the switch of passengers, and further
studied the adjustment method of bus lines. Based on 150 RP survey samples, Liang
et al. [19] analyzed the changes in travel time and costs for passengers after the opening
of the Shanghai Rail Transit Line 6. The experimental results show that the main factors
that determine whether passengers switch to the rail transit are travel time, transfer times
after switch, and the travel cost, while gender and age have little influence. Using online
survey data, Wang et al. [20] analyzed the travel mode choice behavior of commuters in
Shanghai during peak hours. Harrington and Parolin [21] conducted a six-month follow-up
survey on passenger travel in the two composite corridors of rail transit and bus lines
in Sydney. It was found that there was a competition between bus and rail systems, but
the passengers of these two modes are different in age, occupation, travel purpose, and
travel distance. Based on this, the target passengers for the two modes of transportation
were determined and a commercial operation strategy was proposed. Through a study,
Denizli, Turkey, Murat, and Cakici [22] investigated user perceptions within the public
transportation system. The analysis of bus and paratransit modes in the study revealed that
fare is a significant determinant of public transportation demand. Based on the RP and SP
survey data, Wang et al. [23] studied the switch from bus transit, taxis, bicycles and other
transportation modes to rail transit after the opening of Xi’an Rail Transit Line 2. The study
found that 66.7% of rail transit passengers switched from bus transit, and salary, travel time,
and cost are several important factors affecting a passenger’s decision to switch. It can be
seen from the above research that the data used by most scholars at present is questionnaire
data. Due to their high cost, the quantity and quality of the questionnaire data samples
is also difficult to guarantee. In addition, it is difficult to use questionnaire data to field
test. On the contrary, passenger swiping-card data is extensive and reliable [24–26]. Klar
and Rubensson [27] leveraged smart card data to examine the evolution of spatio-temporal
demand for public transport in the Stockholm region between 2017 and 2020. Leveraging
the extensive dataset from Chile’s Transantiago bus system, Ruiz et al. [28] analyzed the
impact of waiting time, bus occupancy, and speed on passenger satisfaction, which ensured
the robustness of their findings. So, this paper studies the bus transit passengers’ switch
behavior based on the data from passenger swiping cards, and conducts field tests. In
addition, based on the factors mentioned in previous studies such as travel time, travel
cost, and transfer times after the switch, this paper extracts a total of 12 influencing factors
that may affect passenger switch, including passenger travel habit features, switch process
features, and socio-economic features based on passenger swiping-card data.

The passenger switch problem is broadly a travel behavior problem [29,30]. The study
of travel behavior is mainly supported by model-based methods, among which the most
important are the logit series (multinomial logit model, nested logit model, and mixed logit
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model) [31–33]. Ma et al. [34] studied the joint choice behavior of commuters on travel
time and travel mode by using the nested logit model. Ting [17] established a passenger
switch model based on logit for Xian Metro with an accuracy of 72%. Liang, Wu, and
Wang [19] built the utility function and mode competition selection model for bus transit
and rail transit based on logit. Logit models have high interpretability based on probability-
based statistical principles, but due to the strict mathematical assumptions, the prediction
accuracy of these methods is always low.

Recently, the data-driven method has become more and more popular in the behavior
modeling fields [35]. Some empirical studies show that machine learning outperforms logit
models in prediction ability [36]. Mane et al. [37] used the binary logistic method and the
Artificial Neural Network method (ANN) to establish models to evaluate the impact of BRT
service on mode switch after private vehicles were introduced into BRT lanes. The experi-
mental results show that ANN provides more accurate results than the binary logit model
(BLM). Pineda-Jaramillo and Arbeláez-Arenas [38] conducted a comparative analysis of
various logit models against machine learning algorithms, including Gradient Boosting and
Random Forest. Their results demonstrated that an optimized Gradient Boosting model
significantly outperformed all logit-based counterparts in predicting travel mode choice
among public transport, private transport, and walking in an urban context. In their study
of a light rail transit system in Izmir, Turkey, Özuysal et al. [39] employed both multiple
regression and ANN models to estimate passenger flow. The evaluation showed that the
ANN model yielded significantly better performance, especially for estimating flows at
less busy stations. Ashik et al. [40] applied machine learning models to investigate the
impact of the built environment on commuting mode choice in a high-density megacity
context. Their empirical findings from Dhaka, Bangladesh, demonstrated that the built
environment carried greater weight than socio-demographic factors in influencing com-
muting behavior. A comparative analysis of multinomial logit (MNL), Support Vector
Machine (SVM), and Artificial Neural Network (ANN) models for travel mode choice was
conducted by Zhang and Xie [36] using San Francisco data. Their evaluation concluded that
the SVM framework yielded superior predictive accuracy. Beyond the classical machine
learning models discussed, the field is rapidly advancing with the application of more
sophisticated soft-computing techniques. These include fuzzy decision systems, which are
adept at handling the inherent imprecision and subjectivity in passenger perceptions of
service quality [6]. Hybrid models, which integrate the strengths of different algorithms
(e.g., combining optimization techniques with machine learning), and ensemble learn-
ing methods (e.g., Gradient Boosting, Random Forest) have demonstrated a remarkable
capacity to capture complex, non-linear relationships in travel behavior, often achieving
state-of-the-art predictive performance [41,42]. Although the above models have achieved
good prediction accuracy, the interpretability of the model is poor; for passenger behavior
analysis, the interpretability of the model is also very important.

The tension between high predictive accuracy and model interpretability has catalyzed
the rise in Explainable AI (XAI) as a critical research frontier, including in transportation
science. Recent studies have increasingly emphasized the need for models that are not
only accurate but also transparent and trustworthy for decision support in public policy
and planning [43,44]. Within the XAI paradigm, models can be categorized as either post
hoc (applying explanation techniques after a complex model has made a prediction) or
intrinsically interpretable (using models that are understandable by their very design,
such as decision trees and linear models) [45]. While powerful post hoc methods exist
for explaining complex models, there is a strong argument for prioritizing intrinsically
interpretable models when the goal is to gain direct insight into the decision-making process
itself [46,47].
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Classification and regression tree (CART) is also a machine learning algorithm. Be-
cause of the tree data structure, the CART decision tree has high prediction accuracy and
good model interpretability. The tree operates by splitting the feature space at its nodes
based on binary rules, progressing recursively until the leaf nodes are reached, which
assign the final class labels [48]. Decision trees offer the advantage of being inherently
interpretable while also effectively modeling nonlinearities and variable interactions [49].
Xie et al. [50] compared classification tree (CT) and ANN with MNL model. They con-
cluded that CT and ANN perform better than MNL. In addition, they point out that CT
is more effective and provides a better interpretation than ANN. However, at present,
there is no research on the application of decision tree to the prediction of bus transit
passengers’ decision to switch after the opening of rail transit. In this context, the CART
(classification and regression tree) algorithm used in this study is a quintessential example
of an intrinsically interpretable model. This paper proposes a bus passengers’ switch
behavior model based on the CART decision tree and passenger swiping-card data. Its
selection is a direct response to the call for transparency in XAI. The tree structure naturally
reveals the hierarchy and thresholds of influencing factors, and the extracted IF-THEN
rules provide causal, auditable logic for passenger switch behavior. This paper can mine
passengers’ switch decision-making rules according to the generated tree model, which
can better understand people’s switch behavior. This approach aligns with the core XAI
principle of enabling human understanding and fostering trust in AI-driven insights, which
is paramount for their adoption in real-world transport planning and policy-making. To
systematically contextualize the methodological landscape and the contribution of this
study, a comparative analysis of representative approaches is summarized in Table 1.

Table 1. Comparative analysis of methods for modeling passenger travel behavior.

Method Category Example Models Typical Data
Sources Interpretability Predictive

Accuracy
Key
References

Traditional Discrete
Choice Logit Questionnaire

(RP/SP) High Low [19,34]

Classical Machine
Learning SVM, ANN Questionnaire,

Smart Card Low to Moderate Moderate [36,39]

Soft Comput-
ing/Advanced ML

Gradient Boosting,
Fuzzy Systems

Smart Card, GPS,
Sensors

Low to Moderate
(model-dependent) High [41,42]

Our Proposed
Method

CART Decision
Tree Smart Card High High This Study

3. Related Definitions
Given the shared corridor between the new rail line and existing bus lines (Figure 2),

a portion of bus passengers are likely to shift to rail transit upon its opening to complete
their journeys. For a bus travel OD (the origination and the destination of the travel) of a
passenger in a certain time period before the opening of the rail transit, if the passenger
has completed this OD in the same time period with the help of the rail transit after the
opening of the rail transit (including completion only by ‘Rail transit’ or ‘Rail transit + Bus’
or ‘Bus + Rail transit’ or ‘Bus + Rail transit + Bus’), then it is assumed that the passenger
has switched to the metro under this OD in this time period. As shown in Figure 2, for
the passengers whose original bus travel OD is in the AA and CC sections, they will
theoretically not have switched. Therefore, our research target is the passengers whose
original bus travel OD is in the BB, AB, BC, and AC sections. For the passengers whose
original bus travel OD is in section BB, they will take rail transit to complete the switch
(only rail transit); for the passengers in section AB, they will take a bus first, then transfer
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to the rail transit and take rail transit to complete the switch (Bus + Rail); for the passengers
in section BC, they will take rail transit first, then transfer to the bus and take a bus to
complete the switch (Rail + Bus); for the passengers in section AC, they will take a bus first,
then transfer to the rail transit and take rail transit, then transfer to the bus and take a bus
to complete the switch (Bus + Rail + Bus).

Figure 2. A schematic of the collinear relationship between bus and the rail transit line.

4. Materials and Methods
4.1. Bus Passengers’ Switch Dataset Construction Based on Passenger Swiping-Card Data

In Xiamen, the ‘Yitong card’ (a kind of intelligent card) is in common use for all public
transportation payment systems. People can use the ‘Yitong card’ to take the bus, BRT, and
rail transit. Therefore, this paper can identify the passenger’s switch behavior after the
opening of the rail transit according to the ‘Yitong card’ data. The identification process is
shown in Figure 3. Since Xiamen Rail Transit Line 1 started operating on 1 January 2018,
this paper used the ‘Yitong card’ data of passengers in November 2017 and November
2018 for research. Next, we will refer to Figure 3 to explain the process of passenger switch
behavior recognition.

Figure 3. The process of passenger switch dataset construction (with key sample sizes indicated) [51].
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4.1.1. Origin–Destination Matching of Bus Transit

Due to the one-ticket charging system adopted by Xiamen’s bus transit system, pas-
sengers swipe their cards when getting on the bus but do not swipe when getting off.
Hence, the passenger’s boarding stop is directly available, but the alighting stop must be
inferred. This paper employs an enhanced alighting-stop determination method developed
by Cui et al. [51], which is designed to overcome the limitations of traditional trip-chain
methods (e.g., small historical dataset size, low accuracy for broken chains) by expanding
the historical travel record base through a three-stage process.

The methodology operates as follows:
(1) Trip-Chain Construction with Multi-source Data: Initially, alighting stops are

inferred using a standard trip-chain method, which identifies them as the boarding stops
of a passenger’s subsequent trip within a feasible spatio-temporal window (800 m, 30 min).
The successfully inferred records form a high-quality, expanded historical dataset.

(2) Individual Historical Pattern Matching: For trips where the alighting stop cannot
be determined via direct chaining (e.g., the final trip of the day), the method searches the
expanded historical dataset for the same passenger’s previous trips with similar boarding
stops and times. The most frequent alighting stop from these historically similar trips
is assigned.

(3) Group Travel Behavior Imputation: For any records still unresolved, the method
leverages group travel behavior. It analyzes the travel patterns of other passengers who
boarded at the same stop on the same bus route and selects the most common alighting
stop from this group’s historical records as the imputation value.

Reliability and Validation: The original study [51] that proposed this method vali-
dated it using data from Xiamen. The results demonstrated that using multi-source data
for historical record generation increased the volume of inferable records and improved the
inference accuracy by 1.99% compared to using a single data source. Crucially, the use of
group historical records allowed for the inference of an additional 21.81% of all previously
unmatched records, with 5.37% of those being correctly inferred. This multi-stage approach
significantly enhances both the coverage and accuracy of alighting stop inference.

Limitations and Our Mitigation Strategy: A key limitation remains for passengers
with no or highly irregular travel history, for whom both individual and group patterns
may be unrepresentative or absent. To ensure the highest data quality for our subsequent
behavioral model, we adopted a conservative data-cleaning protocol: any passenger trip
record for which the alighting stop could not be inferred with high confidence through this
multi-stage process was discarded from the final analysis. This step minimized the impact
of potential alighting-stop inaccuracies on the integrity of our findings.

4.1.2. Switch Mode in Theory

According to the analysis in the third chapter, this paper uses the Baidu map to
determine the switch mode of each bus OD. As defined by the Ministry of Housing and
Urban–Rural Development’s “Guidelines for Planning and Design of Urban Rail Areas,”
the catchment area of a rail transit station typically extends 500 to 800 m from the station
entrance [52]. Therefore, this paper requires that the single walking distance of passengers
is less than 800 m during the switch process.

4.1.3. Construction of Passenger Trip Chain and Passenger Switch Behavior Recognition

Referring to Figure 2, after the opening of the rail transit, if the bus passengers switch
to the rail transit, transfer behavior will exist in most switch cases (the origin bus travel
OD in AB, BC, or AC sections). Therefore, in order to identify the switch behavior of
bus passengers after the opening of rail transit, it is necessary to construct the trip chain
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according to the passenger travel data (including bus travel OD data, BRT travel OD data
and metro travel OD data) in November 2018. Rules of trip-chain construction: If the
distance between the passenger’s previous station and the next station is less than 800 m
(the maximum single walking distance of passenger is 800 m) and the time difference
between the alighting time and the boarding time is less than 30 min (the average walking
speed is 1.2 m/s [53], the average walking time of 800 m is 15 min, and the average waiting
time for the lines studied is 15 min, so the total time is 30 min), then the two trips are
considered to belong to the same trip chain; otherwise, the two trips are not considered to
belong to the same trip chain.

Since our previous definition of a switch is a switch in the same time period, this paper
divides a day into 24 time periods based on one hour. In this way, for each passenger’s
bus travel record in November 2017, we can find all of this passenger’s trip-chain data in
November 2018 under the same OD (the starting point of the trip chain is within 800 m
of the passenger’s original bus travel starting point, and the end point of the trip chain is
within 800 m of the passenger’s original bus travel ending point) and same time period.
If one passenger’s trip chain is consistent with its theoretical switch mode, it is assumed
that the passenger has switched to rail transit under this OD in this time period; If all the
trip-chain data are the same as the passenger’s original travel mode (i.e., they continue to
take the original bus line), it is assumed that the passenger has not switched; otherwise, it is
impossible to judge whether the passenger is switched or not, and the record is discarded.
According to this, we construct the travel switch dataset of bus passengers in November
2017, as shown in Table 2.

Table 2. Travel switch dataset of bus passengers in November 2017.

Card
Number Date Bus Line

Number
Boarding
Time Boarding Stop Alighting

Time
Alighting
Stop

Whether
Switch

Switch
Mode

Travel Chain After
Switch
(Line Number:
Boarding Station,
Alighting Station)

01**89 2017/11/19 659 20:32:55 Lvcuobei 20:48:29 Jiangjunci Yes Rail transit (rail line 1: Lvcuo,
Jiangjunci)

19**65 2017/11/12 123 07:13:32 Caitang school 08:18:43 Fuyoubai
jianyuan No Bus + Rail

transit

(123: Caitang school,
Zhiwuyuan)—(rail line 1:
Lvcuo, Zhenhailu)

15**37 2017/11/30 942 18:41:01 Lvcuobei 19:18:18 Xingbei
xincheng Yes Rail transit +

Bus

(rail line 1: Lvcuo,
Yuanboyuan)—(942:
Yuanboyuan,
Xingbeixincheng)

82**16 2017/11/28 659 08:10:15 Yuekouxiaoqu 09:48:03 Jinbang
park Yes Bus + Rail

transit + Bus

(659: Yuekouxiaoqu,
Zhongpu)—(rail line 1:
Gaoqi, Lianban)—(659:
Lianbanguomao,
Jingbang park)

Note: The ‘**’ represents encrypted numbers.

4.1.4. Data Preprocessing: Sample Selection and Cleaning

This section details the process of refining the raw smart card data into a high-
quality modeling dataset, covering sample selection, data cleaning, and the handling
of class imbalance.

Sample Selection Criteria
The selection of 10 bus lines for this study was based on two specific criteria: (1) a

spatial overlap greater than 50% with the Xiamen Rail Transit Line 1 corridor, ensuring
significant route competition, and (2) a minimum daily passenger volume of 1000 to ensure
behavioral significance and statistical reliability.

Data Cleaning and Validation
The raw smart card data underwent a rigorous cleaning process to remove incorrect,

incomplete, or implausible records. The following sequential rules were applied:
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(1) Removal of Temporally Invalid Records: Records with invalid timestamps (e.g.,
boarding time outside operational hours) or those indicating negative or zero travel time
were discarded.

(2) Filtering Physically Implausible Trips: Records suggesting unrealistically high
travel speeds (>80 km/h, considering urban traffic conditions) were removed, as these
likely resulted from data entry errors or card mis-swiping.

(3) Spatial Consistency Check: Boarding stops that could not be geocoded or matched
to a stop in the official public transit network were excluded to ensure spatial accuracy.

(4) Alighting-Stop Inference Filter: As detailed in Section 4.1.1, any trip for which the
alighting stop could not be inferred with high confidence through the multi-stage method
was removed from the final dataset.

This multi-layered cleaning pipeline resulted in the exclusion of approximately 15% of
the initial raw data records. The final curated dataset consisted of 5817 complete passenger
records from November 2017, representing over 85% of the total passenger volume on these
corridors during the study period.

Class Imbalance Handling
The class distribution of the target variable (‘Whether switch’) was examined. The

dataset contained 3421 samples labeled as ‘switch’ (58.8%) and 2396 as ‘not switch’ (41.2%),
indicating a mild class imbalance. To address this without altering the fundamental
data structure, we utilized the class weighting functionality inherent in the scikit-learn
library. Specifically, the CART model was configured with class_weight = ‘balanced’, which
automatically assigns higher weights to the minority class (‘not switch’) during model
training. Additionally, a stratified 5-fold cross-validation strategy was employed during
hyperparameter tuning to preserve the class distribution in each fold, ensuring robust
performance evaluation.

4.2. Predictive Modeling of Switch Behavior
4.2.1. Influencing Factors on the Passengers’ Decision to Switch

Since most of the existing studies are based on survey data, the extracted features
affecting passenger switch are personal information features (age, gender, salary, etc.) and
macro-level socio-economic features (travel time, travel cost, etc.), but some specific travel
features of passengers cannot be obtained, such as monthly card swiping times, average
travel time, and the number of metro stations to take after the switch, etc. Therefore,
on the basis of the important factors mentioned in the existing studies (i.e., travel time,
travel cost, and transfer times after switch), according to the travel switch dataset of bus
passengers in November 2017, combined with the bus card-swiping data of that month
and the Baidu map data, this paper extracted 12 factors that may affect the switch of
bus passengers. Among them, there are six personal travel attribute features, including
card type, monthly card swiping times, historical average travel time, historical average
travel distance, whether historical travel often occurs in peak hours (more than half of the
passengers’ travel occurs in peak hours), whether travel during peak hours and three socio-
economic features, including travel distance, increased costs after switch, travel time saved
after switch, and three switch process features, including the number of metro stations
after switch, total walking distance after switch, and transfer times needed after switch.
Descriptions of the values of each influencing factor are shown in Table 3.
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Table 3. Descriptions of the values of each influencing factor.

Influencing Factor Description

Card type Ordinary card: 0, Preferential: 1.

Monthly card swiping times Card swiping times of the passenger in November 2017.

Historical average travel time Historical average travel time of the passenger in November 2017
(measured in minutes).

Historical average travel distance Historical average travel distance of the passenger in November 2017
(measured in meters).

Whether historical travel often occurs in
peak hours

Whether more than half of the passenger’s trips occurred during
peak hours. 1 represents yes, 0 represents no.

Travel distance The travel distance of the OD.

Whether travel during peak hours 1 represents yes, 0 represents no.

Number of metro stations to take after switch The number of metro stations the passenger will take after switching.

Increased costs after switch The increased travel cost of the passenger after switching (measured
in RMB).

Travel time saved after switch The saved travel cost of the passenger after switching (measured
in minutes).

Total walking distance after switch It includes the walking distance of getting to the station and the
walking distance needed for transfer (measured in minutes).

Transfer times needed after switch The needed transfer times of the passenger after switching.

Whether switch 1 represents yes, 0 represents no.

4.2.2. Characteristic Analysis of Switched Bus Passengers

The distribution of characteristics of switched bus passengers is shown in Figure 4.
The ‘card type’ of switched bus passengers is mainly ordinary cards, accounting for 72%,
and most of the monthly swiping frequencies of switched bus passengers are within 10–
60 times, reaching 68%. In addition, most of the switched passengers’ historical average
travel times are between 10 and 25 min, and historical average travel distance is between 2
and 5 km. The switched bus passengers also do not travel frequently in peak hours. The
travel distance of the switched bus passengers is mostly between 1 and 7 km, accounting for
87%. In addition, most of the passengers’ switching occurs in off-peak hours, accounting for
70.6%, and most of the switched bus passengers take metro stations less than seven times.
As can be seen from Figure 4i, the increased costs after switching for the bus passengers are
mostly less than RMB 2, accounting for 81%. Contrary to our intuition, we found that the
travel time of some switched bus passengers did not decrease after the switch, accounting
for 39.8%. As can be seen from Figure 4k, the walking distance of switched bus passengers
after the switch is mostly 300–500 m. As for transfer times after the switch, most switched
bus passengers do not need to transfer after switching, accounting for 66.62%, 30.73% of
the switched passengers need to transfer once, and only 2.64% of the switched passengers
need to transfer twice.

4.2.3. Bus Passengers’ Switch Behavior Model Based on CART Decision Tree

The decision tree is a basic method for classification and regression. The main ad-
vantage of decision tree model is its readability and fast classification speed. The CART
decision tree was proposed by Reiman et al. [48] in 1984 and is widely used in the field
of statistics. It uses bisection recursive segmentation technology to build a decision tree
with a binary tree structure. Bisection recursive segmentation technology means that at
the nodes where samples need to be divided, the current samples are divided into two sub
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samples, so that the non-leaf nodes of the decision tree have two branches. Therefore, it
solves the value bias defect in the ID3 algorithm when selecting attributes with information
gain. Because CART is a binary tree, it has a faster operation speed than ID3 and C4.5.
At present, the CART decision tree has been widely used in many fields [54]. The bus
passenger switch prediction problem requires not only good prediction accuracy, but also
good interpretability to study people’s switch behavior. Hence, the CART decision tree is
well suited to this field. This paper uses the 12 influencing factors extracted in the previous
chapter as the input features of the model, and builds a bus passengers’ switch behavior
model based on the CART decision tree, as shown in Figure 5.

Figure 4. The distribution of the characteristics of switched bus passengers.

 

Figure 5. Bus passenger switch behavior model based on CART decision tree.
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In the CART algorithm, the Gini index is used as the basis of attribute selection. The
Gini index is a measure of sample purity. The smaller the value, the purer it is. For a given
sample set D, its Gini index is expressed as follows:

Gini(D) = 1 − ∑
k=1

pk
2 (1)

Among them, pk is defined as the proportion of data points belonging to class k in the
current node. The Gini index can effectively measure the effectiveness of each attribute
for classification. When the Gini index is large, it means that the sample is nonuniform,
otherwise, it means that the sample is relatively uniform. Therefore, the CART model will
choose an attribute whose Gini index is relatively small after dividing the sample set. If the
sample set D is divided into two subsets according to the value a of a certain attribute A,
and the two subsets are represented by D1, D2, respectively; then, under the condition of
attribute A, the Gini index of set D is:

Gini(D, A = a) =
D1
D

Gini(D1) +
D2
D

Gini(D2) (2)

In the process of creating the CART classification decision tree, the dataset will be
divided according to the different value ai of a certain feature A, and Gini(D, A = ai) will
be calculated according to the different divisions; then, the smallest Gini index will be
found, and the value ai will be taken as the optimal cutting point of this feature. For
features with continuous values, first rank the feature values in ascending order, then take
the average value of adjacent feature values as possible split points, calculate the Gini index
of each split point, and select the minimum value as the Gini index of the current feature.
The establishment process of the CART decision tree is shown in Figure 6.

 

Figure 6. The establishment process of the CART decision tree.



Systems 2025, 13, 951 14 of 26

5. Experiment
5.1. Study Area and Dataset

According to the switch-influencing factors dataset constructed in Chapter 4, this
paper selects the switch data of 10 bus lines (‘10’, ‘113’, ‘33’, ‘93’, ‘942’, ‘123’, ‘3’, ‘32’,
‘659’, ‘952’) along the Xiamen Rail Transit Line 1 as the experimental object. The spatial
relationship is illustrated in Figure 7. The total dataset consists of 5817 data points, which
were divided into 4653 samples for training and 1164 for testing.

 

Figure 7. The spatial location relationship between Xiamen Rail Transit Line 1 and 10 bus lines along
rail transit.

5.2. Evaluation Methods and Indicators

The primary outcome of this study is the prediction accuracy of passenger switch
behavior. Secondary outcomes include (1) feature importance rankings to identify key
factors influencing switch decisions, and (2) interpretable decision rules extracted from the
CART model to understand passenger decision-making mechanisms.

The confusion matrix is a frequently utilized evaluation instrument in the domain
of machine learning and classification problems. It is employed to illustrate the efficacy
of a classification model and to present in tabular format the discrepancy between the
model’s predicted labels and the actual labels on the test dataset. The confusion matrix is a
two-dimensional matrix (as in Table 4) that describes the classification results of the model
on the test dataset. It compares the actual labels with the predicted labels and categorizes
them into four distinct categories. True Positives (TP): The number of samples in which
the model predicts positive values among all samples with positive true values. False
Positives (FP): The number of samples in which the model predicts a positive value among
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all samples with negative true values. True Negatives (TN): The number of samples in
which the model predicts negative values among all samples with negative true values.
False Negatives (FN): The number of samples in which the model predicts negative values
among all samples with positive true values. The above definition posits that the greater
the number of samples of TP and TN in the confusion matrix, the more effective the
classification of the model.

Table 4. Confusion matrix.

Predicted as Positive Value Predicted as Negative Value

Positive true value True Positives (TP) False Negatives (FN)
Negative true value False Positives (FP) True Negatives (TN)

The confusion matrix permits the calculation of a number of evaluation indicators,
including accuracy (Acc), precision (P), recall rate (recall, R) and F1 score (F1). The larger
the value of each evaluation indicators, the better the prediction result. The formulas are
as follows:

Accuracy =
TP + TN

TP + TN + FP + FN
(3)

P =
TP

TP + FP
(4)

R =
TP

TP + FN
(5)

F1 =
2P × R
P + R

(6)

Receiver operating characteristic (ROC) analysis is commonly used to study binary
classification problems. Traditionally, the area under the curve (AUC) is utilized to assess
the classification performance, with the value of AUC ranging from 0 to 1. A value of AUC
closer to 1 indicates a more effective classification outcome.

5.3. Experimental Setup and Statistical Validation

This section details the configuration of the comparative models and the statistical
procedures employed to ensure the validity and robustness of the experimental results.

5.3.1. Parameter Configuration

Based on the data of Xiamen dataset, five models are contained in the experiment,
namely logit, Naïve Bayesian (NB), Support Vector Machine (SVM), Artificial Neural
Network (ANN) and CART. In this section, the hyperparameters of each model are first
optimized using the GridSearchCV module from the scikit-learn library. This paper uses
5-fold cross validation method. The optimized parameters of each model are as follows:

(1) Logit: C = 1, Penalty = ‘l2’, max_iter = 1000.
(2) NB: Type= ‘Gaussian’, var_smoothing = 1 × 10−9.
(3) SVM: C = 1.0, kernel = ‘rbf’, gamma = ‘scale’.
(4) ANN: Hidden_layer_sizes = (100,100), learning_rate_init = 0.008, alpha = 0.0001.
(5) CART: Max_depth = 9, Max_leaf_nodes = 48, min_samples_split = 10, class_weight =

‘balanced’.
All other parameters were set to their default values in scikit-learn version 1.2.2.

5.3.2. Model Diagnostics and Statistical Validation

Prior to model evaluation, we conducted comprehensive diagnostic tests to validate
key statistical assumptions. For all regression-based models, we calculated Variance Infla-
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tion Factors (VIF) to assess multicollinearity, with all features yielding VIF values below 5,
indicating acceptable levels. For the logistic regression model specifically, we performed
the Hosmer–Lemeshow goodness-of-fit test (χ2 = 8.32, p = 0.403), confirming adequate
model calibration. The CART model’s assumption of independence between observa-
tions was satisfied by the data collection design, and we implemented pre-pruning to
prevent overfitting.

To ensure the statistical rigor of our findings, we implemented the following mea-
sures: 95% confidence intervals for all performance metrics (Table 5) were calculated via
bootstrapping with 1000 iterations; effect sizes (Cohen’s d) were computed for feature
importance comparisons; and Bonferroni correction was applied to account for multiple
comparisons in our significance testing (Table 6).

Table 5. Prediction results of each model (with 95% confidence intervals).

Models Accuracy [95% CI] Type Precision [95% CI] Recall [95% CI] F1 Score [95% CI]

Logit 0.79 [0.76–0.82]
‘switch’ 0.78 [0.75–0.81] 0.82 [0.79–0.85] 0.80 [0.77–0.83]
‘not switch’ 0.80 [0.77–0.83] 0.76 [0.73–0.79] 0.78 [0.75–0.81]
average 0.79 [0.76–0.82] 0.79 [0.76–0.82] 0.79 [0.76–0.82]

NB 0.78 [0.75–0.81]
‘switch’ 0.77 [0.74–0.80] 0.81 [0.78–0.84] 0.79 [0.76–0.82]
‘not switch’ 0.78 [0.75–0.81] 0.75 [0.72–0.78] 0.77 [0.74–0.80]
average 0.78 [0.75–0.81] 0.78 [0.75–0.81] 0.78 [0.75–0.81]

SVM 0.80 [0.77–0.83]
‘switch’ 0.78 [0.75–0.81] 0.84 [0.81–0.87] 0.81 [0.78–0.84]
‘not switch’ 0.82 [0.79–0.85] 0.75 [0.72–0.78] 0.78 [0.75–0.81]
average 0.80 [0.77–0.83] 0.80 [0.77–0.83] 0.79 [0.76–0.82]

ANN 0.70 [0.67–0.73]
‘switch’ 0.67 [0.64–0.70] 0.81 [0.78–0.84] 0.73 [0.70–0.76]
‘not switch’ 0.74 [0.71–0.77] 0.58 [0.55–0.61] 0.65 [0.62–0.68]
average 0.70 [0.67–0.73] 0.70 [0.67–0.73] 0.69 [0.66–0.72]

CART 0.85 [0.83–0.87]
‘switch’ 0.82 [0.79–0.85] 0.89 [0.87–0.91] 0.86 [0.84–0.88]
‘not switch’ 0.87 [0.85–0.89] 0.80 [0.77–0.83] 0.83 [0.81–0.85]
average 0.85 [0.83–0.87] 0.85 [0.83–0.87] 0.84 [0.82–0.86]

Note: The 95% confidence intervals (CI) were calculated using bootstrapping with 1000 iterations.

Table 6. Statistical significance testing of accuracy differences (Paired t-test with Bonferroni
correction).

Comparison t-Statistic p-Value Significance (α = 0.01)

CART vs. Logit 8.92 <0.001 Significant
CART vs. SVM 5.41 <0.001 Significant
CART vs. ANN 12.35 <0.001 Significant
CART vs. NB 9.18 <0.001 Significant
SVM vs. Logit 1.45 0.152 Not Significant

Note: The p-values are derived from paired t-tests conducted on the accuracy results from 10-fold cross-validation.
Significance was assessed at a Bonferroni-corrected α level of 0.01 to account for multiple comparisons.

5.4. Experimental Results

The prediction results of each model on the testing set are shown in Table 5 and
Figure 8.
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Figure 8. Normalized confusion matrices and ROC curves for all models. (a) Logit; (b) NB; (c) SVM;
(d) ANN; (e) CART; (f) ROC curve.

Referring to Table 5, the CART model has the highest accuracy of 0.85, and the
prediction accuracy of logit, NB and SVM are all close to 0.8. The prediction effect of the
ANN model is the worst, only 0.7, which may be related to the complex parameters of the
ANN model. In terms of the precision of the model, the CART model has achieved the
best prediction results in terms of the ‘switch’ precision, the ‘not switch’ precision, and
the average precision. The performance of SVM model is slightly better than the logit
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and NB models. In the end, the prediction precision of the ANN model is still the lowest;
the average precision is 0.7, while the ‘switch’ precision is only 0.67. In terms of recall,
the CART model still achieves the best effect with an average recall of 0.85. We also find
an interesting phenomenon that the ‘switch’ recall of all models is higher than the ‘not
switch’ recall, which indicates that the model tends to predict the sample as ‘switch’. The
performance of the ANN model is the most obvious, as its ‘switch’ recall is 0.81 and ‘not
switch’ recall is only 0.58. In addition, the CART model has the best prediction effect in
terms of the F1 score of the model, with an average F1 score of 0.84. The F1 score of logit,
NB, and SVM is close to 0.78. The performance of the ANN model is the worst, as the
average F1 score is only 0.69.

Furthermore, the normalized confusion matrix of each model as shown in Figure 8,
indicate that the CART model achieved the best classification performance. As illustrated
in Figure 8e, the CART model exhibited the highest proportion of true positives (TP) and
true negatives (TN) in its confusion matrix. The receiver operating characteristic (ROC)
curve of the model is depicted in Figure 8f. The CART model exhibited the highest area
under the curve (AUC) value, reaching 0.93, which was significantly higher than the other
four models. To sum up, the CART model has achieved the best prediction effect in each
evaluation indicator, logit, NB, and SVM have similar prediction effects as a whole, and
ANN model has the worst performance.

To rigorously evaluate the superiority of the proposed CART model and address
its generalization capability, we conducted comprehensive comparisons and robustness
checks. The CART model achieved the highest accuracy (85%), and paired t-tests confirmed
that its performance improvement over the best baseline model (SVM) was statistically
significant (p < 0.01). This superiority was consistent across all performance metrics in
Table 4. To further assess robustness, we performed 10-fold cross-validation, which yielded
a mean accuracy of 84.2% (SD = 1.5%) for CART, again outperforming all benchmarks.
Additionally, experiments with an alternative train–test split (70-30) produced highly
consistent results (CART accuracy: 84.7%). The statistical significance of these differences
is detailed in Table 6. In summary, the CART model has achieved the best prediction effect
across all evaluation metrics, demonstrating its suitability for real-world application. The
following section will leverage the interpretability of this accurate model to delve into the
decision-making mechanisms of passengers and derive practical insights.

5.5. Interpretation of Switching Mechanisms and Practical Implications

Building upon the established predictive performance of the CART model, this section
leverages its interpretability to uncover the underlying decision-making mechanisms of
passengers and derive actionable insights for public transport management.

5.5.1. Decision Rules and Factor Importance from the CART Model

In this section, we will combine the CART model structure to analyze the people’s
transfer decision-making behavior. The structure of the CART we built in the previous
chapter is shown in Figure 9. In the figure, the first row of non-leaf node is the selected
feature judgment standard; its left subtree (left down arrow) is the sample set whose
condition is true, and its right subtree (right down arrow) is the sample set whose condition
is false. The ‘Gini’ in the second row is the Gini index introduced earlier, which represents
the Gini index of all samples of the current node. The ‘samples’ in the third row represent
the number of samples of the current node. The ‘value’ in the fourth row indicates the
number of ‘switch’ samples and the number of ‘not switch’ samples of the node. When
classifying, the node category is divided into the category with more samples. The ‘class’ in
the fifth row represents the category of the node as mentioned before. Because of the visual
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description, different output result categories are represented by different colors (orange
for ‘switch’, blue for ‘not switch’). In this algorithm, nodes can be impure, and the purer
the node, the darker the color.

Figure 9. Visual CART decision tree of bus passengers’ switch behavior.

As can be seen from Figure 9, for bus passenger switch behavior, the first influencing
factor is ‘Transfer times needed after switch’, which is located at the root node. The
secondary influencing factors are ‘Travel distance’ and ‘Number of metro stations to take
after switch’, which are located in the second layer of the tree. The third influencing factor
is ‘Travel time saved after switch’, which is located in the third layer of the tree. Beyond
statistical significance, we calculated effect sizes using Cohen’s d to quantify the magnitude
of differences in feature importance. The top-ranked feature, ‘Transfer times needed after
switch,’ demonstrated a large effect size (d = 0.82), while ‘Travel distance’ and ‘Number of
metro stations’ showed medium-to-large effects (d = 0.61 and d = 0.58, respectively). This
confirms that ‘Transfer times’ is not only the most statistically significant factor but also
the one with the greatest practical impact on passenger switch behavior. In order to better
quantify the effect of each influencing factor, this paper uses the sum of Gini gains brought
by each influencing factor in the tree-creating process as the basis from which to measure
the importance of features, and the order of feature importance is shown in Figure 10.

As can be seen from Figure 10, the first-ranked feature is ‘Transfer times needed after
switch’, and its feature importance reaches 0.52, which is much higher than the second. This
shows that the transfer times play a very important role in the switch of bus passengers.
The second-ranked feature is ‘Travel distance’, with a feature importance of 0.16. The
third-ranked feature is ‘Number of metro stations to take after switch’, with a feature
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importance of 0.14. It can be seen here that the quantitative ranking of feature importance
is also consistent with our previous description of the order of influence factors. The fourth-
ranked feature, ‘Travel time saved after switch’, and the fifth-ranked feature, ‘Total walking
distance after switch’, have similar feature importance, 0.09 and 0.07, respectively. The
features of ‘Monthly card swiping times’, ‘Historical average travel time’, and ‘Increased
costs after switch’ have the same importance, which is only 0.01, indicating that these three
features have a certain degree of impact on the transfer of bus passengers, but they have
little effect. The remaining four features, ‘Whether travel during peak hours’, ‘Card type’,
‘Historical average travel distance’, and ‘Whether historical travel often occurs in peak
hours’ are not used in the creation, so the feature importance is 0.

Figure 10. Ranking of the importance of influencing factors.

The dominance of these specific features provides profound behavioral insights into
passenger decision-making. The paramount importance of ‘Transfer times needed after
switch’ aligns with principles from behavioral economics, such as prospect theory, where
the disutility of losses (e.g., the inconvenience and uncertainty of a transfer) often outweighs
the utility of equivalent gains [55,56]. Each transfer introduces not only additional walking
and waiting time but also psychological costs, including the cognitive load of navigation
and the perceived risk of missing a connection. Consequently, passengers exhibit a strong
preference for seamless, simple journeys, valuing convenience and reliability over marginal
savings in travel time or cost, especially when the absolute savings in our study context
were modest for many trips.

The secondary importance of ‘Travel distance’ and ‘Number of metro stations’ reveals
a nuanced trade-off. For shorter trips, the door-to-door convenience of a direct bus service
often outweighs the perceived speed advantage of rail. As travel distance increases, the
higher in-vehicle speed and reliability of rail transit become more attractive, justifying the
initial and final walking segments. The ‘Number of metro stations’ acts as a proxy for the
in-vehicle rail travel time, solidifying the choice for longer-distance travelers. This interplay
indicates that passengers perform a holistic evaluation of the entire journey’s complexity,
comfort, and perceived efficiency, rather than simply minimizing a single factor like time
or cost.

Above, we conducted an importance analysis of the features that affect the switch of
bus passengers and determined that the three most important factors that affect passenger
switch are ‘Transfer times needed after switch’, ‘Travel distance’, and ‘Number of metro
stations to take after switch’. In addition, according to the decision tree model, this paper
further analyzes the decision rules of bus passengers’ switch decision-making behavior.
According to the decision tree model in Figure 9, we can see that the decision tree model
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generates a total of 32 leaf nodes; that is, 32 corresponding decision rules. The rules with
an accuracy greater than 0.95 are shown in Table 7.

Table 7. Bus passenger switch decision rules.

Sequence
Number Condition Result Accuracy

Rule 1 IF Transfer times needed after switch ≤ 0.5 AND Travel
distance > 4232.35 AND Travel time saved after switch > 26.95 THEN ‘switch’ 1

Rule 2 IF

Transfer times needed after switch > 0.5 AND Number of metro
stations to take after switch ≤ 1.5 AND Travel
distance > 1335.95 AND Total walking distance after
switch ≤ 185.8

THEN ‘switch’ 1

Rule 3 IF

Transfer times needed after switch > 0.5 AND Number of metro
stations to take after switch > 4.5 AND (7651.75 < Travel
distance ≤ 12,894.4) AND Total walking distance after
switch ≤ 565.1 AND Travel time saved after switch ≤ 12.807
AND Historical average travel time > 17.392 AND Increased
costs after switch > 4.0

THEN ‘switch’ 1

Rule 4 IF

(0.5 < Transfer times needed after switch ≤ 1.5) AND
(1.5 < Number of metro stations to take after switch ≤ 4.5) AND
(1335.95 < Travel distance ≤ 3216.3) AND Travel time saved
after switch ≤ −5.643 AND Historical average travel
time ≤ 9.182

THEN ‘not switch’ 1

Rule 5 IF

(0.5 < Transfer times needed after switch ≤ 1.5) AND
(1.5 < Number of metro stations to take after switch ≤ 4.5) AND
(1335.95 < Travel distance ≤ 3216.3) AND Travel time saved
after switch ≤ −5.643 AND Total walking distance after
switch ≤ 434.4

THEN ‘not switch’ 1

Rule 6 IF

Transfer times needed after switch > 0.5 AND Number of metro
stations to take after switch ≤ 1.5 AND Travel
distance > 1335.95 AND Total walking distance after
switch > 203.65

THEN ‘switch’ 0.98

Rule 7 IF
Transfer times needed after switch > 1.5 AND (1.5 < Number of
metro stations to take after switch ≤ 4.5) AND Travel
distance > 1335.95

THEN ‘switch’ 0.97

Rule 8 IF

Transfer times needed after switch > 0.5 AND Number of metro
stations to take after switch > 4.5 AND (7651.75 < Travel
distance ≤ 12,894.4) AND Total walking distance after
switch ≤ 565.1 AND Travel time saved after switch > 12.807

THEN ‘switch’ 0.96

Rule 9 IF

Transfer times needed after switch ≤ 0.5 AND Travel
distance ≤ 4186.1 AND Total walking distance after
switch > 425.2 AND Number of metro stations to take after
switch > 1.5 AND Travel time saved after switch ≤ −6.568

THEN ‘not switch’ 0.95

Rule 10 IF Transfer times needed after switch ≤ 0.5 AND Travel
distance > 4232.35 AND Travel time saved after switch ≤ 26.95 THEN ‘not switch’ 0.92

Rule 11 IF

Transfer times needed after switch > 0.5 AND Number of metro
stations to take after switch ≤ 4.5 AND Travel
distance ≤ 1335.95 AND Travel time saved after
switch ≤ −11.473

THEN ‘not switch’ 0.95

5.5.2. Practical Implications for Public Transport Planning

The behavioral insights gleaned from the CART model, particularly the passenger
aversion to transfer complexity and the sensitivity to travel distance, provide a robust
foundation for data-driven public transport planning and policy. The extreme importance of
transfer times unequivocally indicates that the passenger’s primary sensitivity is to service
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integration complexity. This suggests that infrastructure and operational investments
should prioritize creating seamless transfers—through measures such as co-locating bus
stops and rail stations, implementing integrated ticketing systems, and optimizing schedule
synchronization—as these are likely to yield higher returns in promoting mode shift than
marginal reductions in fare or in-vehicle time.

Furthermore, the specific decision rules offer actionable guidance for bus network
restructuring following the opening of a new rail line. According to the generated decision
rules in the form of ‘If then’, it can help us more intuitively understand the switch behavior
of bus passengers. The accuracy of each rule reflects the reliability of the rule. For instance,
Rule 1 and Rule 10 provide clear thresholds for strategic decisions: for travel distances
longer than approximately 4.2 km where significant time savings (>27 min) are possible,
bus services could be strategically reduced or rerouted, as passengers are highly likely to
switch. Conversely, for shorter trips where switching leads to time loss or requires multiple
transfers (e.g., Rule 4, Rule 5), maintaining a robust and direct bus service is essential to
retain riders.

In conclusion, the interpretability of the CART model translates predictive analytics
into strategic intelligence. It enables transit authorities to identify the most impactful
leverage points and design targeted, efficient, and passenger-centric policies for multimodal
transport systems.

6. Conclusions and Future Work
6.1. Conclusions

We analyze passengers’ smart card data from periods before and after the rail tran-
sit line opening to construct a dataset of passenger switches. Using the switch dataset,
this study extracts 12 potential influencing factors for bus passenger switches while also
analyzing the characteristics of those who switched.

This paper adopts the extracted influencing factors as model input features to build
a bus passenger switch behavior model using the CART decision tree algorithm. The
experimental results are then evaluated using four metrics: accuracy (ACC), precision (P),
recall (R), and F1 score (F1).

The results demonstrate that the CART model achieves superior predictive perfor-
mance across all evaluation metrics compared to the baseline models. Finally, according
to the generated tree model, this paper analyzes the sensitivity of the factors that affect
the passenger switch. Our analysis identified that ‘Transfer times needed after switch’ is
indeed a major factor affecting passengers’ switch, and it emerged as the primary factor in
the context of Xiamen.

It is important to distinguish between our confirmatory and exploratory findings.
While we hypothesized and confirmed that the CART model would provide interpretable
decision rules (H2), the specific dominance of ‘Transfer times’ over traditional economic
factors was an exploratory insight. In contrast to some existing studies based on survey
data, our findings in Xiamen reveal that travel time and cost are not the primary factors
influencing passenger transfers in this specific context. Instead, ‘Travel distance’ and ‘The
number of metro stations to take after switch’ also emerge as significant determinants.

In addition, the generated tree model was used to extract ‘IF-THEN’ decision rules char-
acterizing passenger switch behavior. These rules provide an intuitive understanding of the
behavioral mechanisms. For urban transportation planners, these findings translate into
several actionable strategies. The paramount importance of transfer aversion underscores
the need to prioritize investments in seamless transfers through co-located stops, schedule
synchronization, and integrated ticketing. Furthermore, the specific thresholds from our
decision rules (e.g., the 4.2 km travel distance in Rule 1 and Rule 10) provide a data-driven
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foundation for bus network restructuring, enabling targeted service adjustments—such
as rerouting long-distance, time-saving corridors while preserving direct bus services for
shorter, transfer-intensive trips. Finally, integrating micromobility options can address
last-mile connectivity challenges inherent in the modal switch. These recommendations, de-
rived directly from passenger behavior patterns, offer a concrete framework for optimizing
bus–rail integration and could assist relevant authorities in formulating more scientifically
sound public transport policies. These findings offer potential insights for the adjustment
of bus lines and the planning of new rail transit lines. However, the general applicability of
these specific rules should be considered in light of the limitations discussed in Section 6.2.

6.2. Limitations and Future Research

While this study provides valuable insights into passenger switch behavior, several
limitations pertaining to the generalizability of the findings should be acknowledged. First,
the analysis is exclusively based on data from Xiamen, a medium-sized, coastal city in
China with specific characteristics—such as its linear spatial layout along the coast, a
significant tourism population, and a mild climate that favors year-round walking and
cycling for last-mile connectivity. The city’s bus and rail transit systems, fare structure,
and the specific travel habits of its residents are shaped by these unique contextual factors.
Consequently, the direct applicability of our model and the identified decision rules to cities
with fundamentally different urban forms (e.g., inland radial or grid-based metropolises),
economic structures, or dominant travel cultures may be limited. Second, the model was
trained and tested on data from ten bus lines overlapping with one primary rail corridor;
its performance in complex, multi-line rail networks or in regions with different levels of
transit-oriented development requires further investigation. Finally, our study, like any
data-driven approach, may be subject to unobserved variable bias. Factors not captured
in our dataset, such as perceptions of safety and comfort or real-time service information,
could also influence switching behavior.

Future research should therefore aim to test and calibrate this approach in diverse
urban contexts. A particularly promising direction is to adopt a comparative frame-
work [57,58], applying this methodology to cities with contrasting urban forms (e.g., inland
radial metropolises) and cultural backgrounds. Such a comparative analysis would serve
two key purposes: (1) to systematically validate the transferability of the model and its deci-
sion rules, and (2) to investigate the universality of the identified behavioral principles, such
as the dominance of transfer aversion, versus those that are context-specific. Additionally,
incorporating richer data sources, including individual socio-demographic attributes and
real-time service data, could further enhance our understanding of the mechanisms behind
passenger decision-making. Building on this study, future work should also seek to inte-
grate emerging travel trends and broader sustainability metrics. The growing prevalence of
micromobility options (e.g., e-scooters, e-bikes) is critically reshaping last-mile connectivity
and final decisions on mode of transport [7]. Incorporating these modes into the switching
behavior framework will be essential for understanding and modeling modern multimodal
systems. Furthermore, from a policy perspective, promoting efficient public transport
integration is a key strategy for sustainable urban development. Future models could be
expanded to quantify the environmental co-benefits of modal shift, such as reductions in
traffic-related noise and emissions, thereby directly linking passenger behavior to broader
urban sustainability goals [5].
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