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Abstract: The high-speed railway (HSR) has profoundly influenced individuals’ lifestyles and travel
behaviors. The development of HSR stations and their surrounding areas plays a critical role in urban
growth, enhancing both transport efficiency and urban functionality. This study investigates the
development of HSR station areas, with a particular focus on Shanghai Honggiao station, emphasizing
the enhancement of street vitality as essential for integrated urban development. Street vitality in
station areas is closely associated with individuals” activities and travel behaviors, influenced by
walking accessibility and the built environment. Understanding these factors is crucial for improving
the efficiency and attractiveness of HSR station areas. Although extensive research has examined the
separate impacts of the built environment and walking accessibility on street vitality, a significant gap
remains in comprehending their synergistic effects. This study employs GPS and point-of-interest
(POI) data to analyze the stay time of HSR passengers in station areas. Utilizing machine learning
algorithms and geographic information system (GIS) tools, this research models the impact of walking
accessibility and the built environment on passengers’ stay time. The results indicate that passengers
are more inclined to remain within areas accessible by a 7 min walk from the station. Furthermore, the
synergistic effects of walking accessibility and the built environment can inform the spatial planning
of various functions. These findings provide valuable insights for urban planners and policymakers
aiming to enhance the development and efficiency of HSR station areas.

Keywords: high-speed railway station; street vitality; built environment; walking accessibility;
XGBoost model; synergistic effects

1. Introduction

China has become the country with the longest mileage of high-speed railway (HSR)
operation, the largest number of high-speed trains, the most complete technical system,
and the richest experience in high-speed railway transport management in the world [1,2].
Meanwhile, the high-speed railway has gradually become an important transport artery in
the country and a popular choice for residents’ travel due to its safety, speed, and comfort,
thus influencing people’s lifestyles and travel habits. The construction of high-speed
railway stations and the development of their station areas can inject new vitality into
urban development [3-5]. A beneficial interaction will occur among high-speed railway
stations, urban traffic, and urban functions, thereby improving residents’ travel efficiency
and quality, and significantly impacting city economic development [3,6-8].

The large-scale construction of the high-speed railway drives the development of high-
speed railway stations, which play a crucial role in enhancing the transport efficiency of the
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regional network. The spatial form, land use, and functional structure within the station
areas also create a new pattern [9]. The station areas take on more urban public transport
and socio-economic service functions, leading to intensified land use and the development
of composite functions. The function of the high-speed railway station areas evolves from
a single transport distribution function to integrating transport, commerce, service, and
ecology. This evolution aims to attract people for purposes other than transportation,
leading to the development of a vibrant urban space [10]. Consequently, the study of
high-speed railway station areas” development has become a hot topic in the fields of
transport planning and urban planning [11]. Enhancing the street vitality of the high-speed
railway station areas is crucial for the integrated development of the station and the city.

The street vitality of station areas is mainly reflected in population flow, agglomeration,
and changes in land use structure, which are closely related to people’s activities and travel
behavior [12,13]. The attractiveness of activity venues and the rational layout of the built
environment, formed by the combination of activity venues, reflect the street vitality of
station areas [14]. Analyzing the characteristics and purposes of activity trips, studying the
relationship between activity venues and activity trips, and understanding the influence
mechanism of the built environment in the station areas on activity trips are essential for
enhancing the efficiency of HSR station areas [15,16]. The stay time in the HSR station
areas directly reflects the intensity of economic and social activities and is a critical basis
for characterizing the development efficiency of the HSR station areas. By analyzing the
characteristics and purposes of people’s activity attendance behavior and understanding
the influence mechanism of the built environment formed by activity venues and their
combinations on activity attendance, city managers and transport planners can accurately
discern the pattern of activity attendance in the HSR station areas. This understanding
enables them to propose targeted strategies to optimize the built environment and enhance
the street vitality of the station areas.

In the context of the information age, the constant innovation and development of
Internet technologies provide a wealth of multi-source traffic and land use data [17]. These
data can help uncover people’s activity—travel patterns [18]. Traditional activity and travel
data are collected from residents’ travel questionnaire surveys [19,20]. However, these
surveys are limited in scope due to the high cost, lengthy periods, and low timeliness. In
the era of big data, GPS data and point-of-interest (POI) data from web mapping platforms
offer advantages such as a large quantity, high timeliness, and high accuracy [21-23]. These
data sources can accurately and conveniently reflect people’s activity trajectories, analyze
the core of the travel service system scientifically, and provide a solid data foundation
for the analysis of activity and travel in the high-speed railway station areas. Further-
more, the emergence and popularity of new information analysis technologies, such as
machine learning algorithms and geographic information system software like ArcGIS,
provide favorable technical conditions for capturing features, identifying the purposes of
people’s activity and travel in the high-speed railway station areas, studying the influence
mechanism of the built environment on activity and travel, and formulating performance
improvement strategies [24,25]. The key issue for the sustainable and healthy development
of the high-speed railway (HSR) station areas is how to fully utilize new data and technical
conditions to scientifically analyze the activity—travel behavior of the HSR station areas.
This research will propose scientifically reasonable strategies for improving efficiency to
address the development issues of high-speed railway station areas. It will promote the in-
tegration of station and city development and resource allocation in a targeted, rational, and
orderly manner, fully leveraging the node function and site function of high-speed railway
stations [26,27]. This will drive a positive interaction between high-speed railway stations
and urban development, which have important practical value and long-term significance.

In this study, we aim to analyze the activity—travel behavior of the HSR station areas
by utilizing passively collected traffic data, geographic information system (GIS) data, and
a web mapping API The data sources include GPS data and POI data. Our objective is to
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investigate the impact of walking accessibility and built environment characteristics on
HSR passengers’ stay time. Specifically, we mainly address the following issues:

1. How do we define and quantify street vitality in the HSR station areas based on
GPS data?

2. What factors may influence street vitality in the HSR station areas?

3. Are the impacts of different factors on street vitality independent or synergistic?

Street vitality has been conceptually discussed in urban studies, often measured
through pedestrian counts or survey-based methods. Prior research lacks a standardized
approach to quantify street vitality in HSR station areas specifically. Our study introduces a
more precise and replicable methodology for defining and quantifying street vitality using
the stay time of HSR passengers [28,29]. Various factors affecting street vitality, such as
land use diversity, accessibility, and environmental quality, have been identified in general
urban contexts [30-32]. However, existing research has primarily focused on individual
factors affecting street vitality, while largely overlooking potential interactions among these
factors [33-35]. Our study investigates both the independent and synergistic effects of
different factors on street vitality, providing a deeper understanding of their combined
impact and offering more holistic insights for urban sustainable development strategies.

Our study makes several significant contributions to the field: (1) We propose a
systematic measurement of walking accessibility from the HSR stations and determine
the HSR station buffer areas within a 20 min walking duration using a web mapping
API. (2) We explore the synergistic effects of walking accessibility and built environment
characteristics on street vitality in HSR station areas. (3) We explore the synergistic effects
of two-variable built environment characteristics on street vitality in HSR station areas.

The paper is organized as follows: Section 2 presents a literature review related to
this study, focusing on the space development of HSR areas and the influencing factors of
the street vitality around the stations. Section 3 describes the multi-source data used in
the study. Section 4 details the research methodology, including the identification of HSR
passengers, variables, and the model approach. Section 5 presents the results and analysis.
Finally, Section 6 provides concluding remarks and outlines potential future work.

2. Literature Review
2.1. Space Development of High-Speed Railway Station Areas

The high-speed railway station serves as a pivotal point in the city, where the flows
of people, information, and materials converge. It exerts influences at multiple levels. At
the macro-level, the high-speed railway enhances accessibility to regions and cities along
its route, contributing to the spatial pattern of the synergistic development of regional
urban clusters [36]. At the meso-level, the station guides the secondary distribution of
urban space and industrial resources, accelerating the formation of a multi-hub pattern
and indirectly promoting the reorganization of the urban spatial structure [37]. At the
micro-level, the station affects the spatial structure stratification of the station areas, driving
the development of infrastructure, public service facilities, and the city itself [38]. This
study focuses on the interaction between high-speed railway hubs and neighboring urban
spaces at the micro-level.

Studies suggest that urban transportation hubs, like high-speed railway hubs, create
strong attractions around them, leading to increased economic activity in the surround-
ing area [39,40]. Some studies incorporate the concept of “interaction value” into the
“node—place” model, where the interaction value of the high-speed railway station is evi-
dent in the flow of people, goods, and information between the station and its surroundings,
cities, and regions. This flow promotes corresponding adjustments in urban form and land
use patterns, thus facilitating the spatial development and resource optimization of the
entire city [41-43].

Nevertheless, the clustering effect of an HSR station typically occurs on one side of
the station. During the construction process, the functions surrounding the HSR station are
not symmetrically laid out on the axis of the HSR station and the railroad line network, but
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rather are concentrated on one side of the station. If the HSR station is unidirectional and
centralized, the areas at the back and front show different development statuses, or even
no development.

2.2. Influencing Factors of the Street Vitality around the Station

The notion of “street vitality” was originally introduced by Jane Jacobs, who empha-
sized the communal aspects of streets in terms of “the diversity of people’s lives”. Since its
inception, street vitality has evolved into a key metric for assessing the allure and viability
of urban sustainable growth [44]. The core of street vitality is that people engage in various
activities on the street and their activities have interactions that generate a sense of social
belonging [45,46]. More scholars believe that urban spatial vitality can be understood as a
kind of urban activity based on the urban spatial form. In this paper, street vitality concerns
mainly its social vitality and is related to the street spatial characteristics [47]. It can be
measured by the intensity and complexity of activities reflected in the type and frequency
of activities people perform on the street. Therefore, the stay time of HSR passengers in
station areas is used to represent the the street vitality of high-speed railway station areas.
The stay time of HSR passengers reflects the behavioral preferences of HSR passengers for
different functions, and directly reflects the degree of people gathering in the HSR station.

According to existing studies, built environment characteristics [47-49] and walking
accessibility [50-52] are two key influencing factors of the street vitality of station areas.

Understanding the relationship between the built environment characteristics and
street vitality is essential for urban planners and policymakers to design and manage
vibrant, pedestrian-friendly streetscapes. In recent years, advances in machine learning
and the availability of point-of-interest (POI) data have provided new opportunities to
analyze and model the complex interactions between urban form and street vitality [53-55].
The built environment encompasses a wide range of physical and spatial attributes, in-
cluding building density, land use mix, street connectivity, and public space design, which
collectively influence the vitality of urban streets. Street vitality, often measured by indi-
cators such as pedestrian footfall, retail activity, and social interactions, reflects the level
of vibrancy and activity within a street environment. Numerous studies have highlighted
the significance of various built environment characteristics in shaping street vitality. For
example, Jan Gehl’s work emphasizes the importance of human-scale urban design ele-
ments, such as sidewalk width, building height, and street furniture, in promoting vibrant
and inviting pedestrian environments [56]. Point-of-interest (POI) data, which provide
information about the location and category of businesses, services, and amenities, have
become increasingly available through sources such as web mapping platforms and busi-
ness directories [57-59]. Machine learning techniques, especially regression algorithms,
offer powerful tools for analyzing POI data and extracting meaningful insights about urban
spaces [60-62].

Walking is a fundamental mode of transportation in urban environments, and the
accessibility of streets plays a crucial role in promoting walking as a sustainable and healthy
means of travel. Studies have shown that streets with high levels of walking accessibility
tend to exhibit higher levels of street vitality, as they attract more pedestrians and sup-
port a greater diversity of activities [50-52]. In recent years, advances in web mapping
Application Programming Interfaces (APIs) have provided new opportunities to analyze
and visualize walking accessibility and its relationship with street vitality [63—-65]. Web
mapping APIs, such as the Google Maps API, OpenStreetMap, and Mapbox, provide access
to geospatial data and mapping services, which can be used to analyze walking accessibil-
ity and street vitality. These APIs offer a range of features, including routing algorithms,
geocoding services, and spatial data visualization tools, which can be leveraged to study
pedestrian movements, analyze street networks, and assess the walkability of urban areas.
By integrating web mapping APIs with other data sources, such as demographic data and
land use information, researchers can gain valuable insights into the relationship between
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walking accessibility and street vitality. Several studies have used web mapping APIs to
analyze walking accessibility and street vitality [66,67].

While research has extensively studied the individual impacts of the built environment
and walking accessibility on street vitality, there remains a significant gap in understanding
the synergistic effect between these factors. Despite the recognized importance of both the
built environment and walking accessibility in promoting vibrant and pedestrian-friendly
streets, few studies have explicitly examined how these factors interact to influence street
vitality [24]. Addressing this research gap requires a holistic approach that considers the
synergistic effects of the built environment and walking accessibility on street vitality
around stations. This could involve the development of integrated models that capture
the complex relationships between these factors, as well as the use of advanced analytical
techniques, such as machine learning and spatial analysis, to identify patterns and trends
in street vitality around stations.

3. Study Area and Data Description
3.1. Study Area

This study focuses on the buffer areas of Shanghai Honggiao station, which is located
in the Minhang District of Shanghai. Honggiao station is a comprehensive air-railway
transport hub. The high-speed railway (HSR) passenger station is located on the west side
of the Honggiao hub, encompassing high-speed railways, express passenger corridors,
subways, magnetic levitation, and other railway transit lines.

According to existing studies, the areas within a 20 min walking distance from the HSR
station are determined as the HSR station areas. The conventional method is to estimate
the walking duration based on the Manhattan distance and walking speed. However,
it is inaccurate to estimate walking duration based on the Manhattan distance due to
the complex natural terrain, as shown in Figure 1. This study uses route planning for
walking of the web mapping API to estimate the walking duration from Honggiao station
based on grid division. The walking duration of each grid from Honggqiao station can be
approximated by that of its central point. In this study, grids with a size of 50 m x 50 m are
applied for division. The walking accessibility of each grid center point from Honggiao
station will be measured using route planning for walking, and the grids within a 20 min
walking distance are determined as the study area, as shown in Figure 2.
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Figure 2. Buffer areas of Honggiao station within 20 min walking duration. Note: the “buffer areas”
are defined as surrounding areas within a certain walking duration in this study.

3.2. Data Description

In this study, the data consist of GPS data and point-of-interest (POI) data, and the
GPS data were collected on 11 October 2022 (Tuesday), 12 October 2022 (Wednesday), and
13 October 2022 (Thursday).

3.2.1. GPS Data

The GPS data were collected by mobile devices, which record users’ trajectories. The
GPS data include fields such as the identification number of the user, the coordinates of the
stay point, the start time of the stay point, the end time of the stay point, and the duration
of the stay point, as shown in Table 1.

Table 1. GPS data fields.

Field Name Description Sample Data

ID Identification number of user ~ 00005438-****

Lat Latitude of stay point 121.31556

Lng Longitude of stay point 31.19592

Start_time Start time of stay point 12 October 2022 13:04:26
End_time End time of stay point 12 October 2022 13:04:32
Stay time Duration of stay point (min) 0.1

Note: **** the sample data of ID has been masked.
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In this study, the GPS data were utilized to analyze activity—travel patterns. We
recognize that such data have the potential to identify individual passengers, thus raising
privacy concerns. To address these issues, we implemented several measures to ensure
the ethical use of the data and to protect the privacy of individuals: (1) All personal
identifiers were removed from the data before analysis. The GPS data were anonymized
and aggregated to prevent the identification of individual passengers. (2) We collected only
the data necessary for the purposes of this study. Unnecessary details that could lead to the
identification of individuals were not included in our datasets. (3) The original data are
stored in secure servers with restricted access.

3.2.2. Point-of-Interest Data

A point-of-interest (POI) is a spatial feature object with geographic identification,
containing information such as the name, category, latitude, and longitude. This type of
data is fundamental for identifying land use. Each POI on an e-map represents a location,
such as a building, a residential district, a park, a school, a hospital, a company, a shopping
mall, and more. e-maps contain vast amounts of POI data collected through field surveys
by Internet e-map operators. These data are accurate, rich, and updated in a timely manner,
reflecting people’s daily lives. The POI data included fields such as the identification
number of the POI, the POI name, the category of the POI, the subcategory of the POI, and
the coordinates of the POI, as shown in Table 2.

Table 2. POI data fields.

Field Name Description Sample Data
FID_POI Identification number of POI 431,096
Name POI name Jiushixiaochu
Category Category of POI Restaurant
Subcategory Subcategory of POI Chinese food
Lat Latitude of POI 121.30934
Lng Longitude of POI 31.180236

4. Method

This section describes the research methodology, including the identification of the
HSR passengers, variables, and model approach. The modeling framework of this study
is shown in Figure 3. First, in the data preprocessing stage, the GPS data were utilized to
identify high-speed rail (HSR) passengers and calculate their stay time. Point-of-interest
(POI) data and route planning data were used to quantify the walking accessibility and built
environment characteristics. Second, in the model construction stage, an XGBoost model
was built through model training, parameter tuning, and model validation. Finally, at the
model interpretation stage, several interpretation methods including relative importance
and partial dependence plots (PDPs) were applied to explore the detailed effects of walking
accessibility and the built environment on the stay time of HSR passengers.

4.1. Identification of HSR Passengers

Identifying HSR passengers based on GPS data can be achieved through various meth-
ods. One approach involves analyzing the movement patterns and speeds of individuals.
High-speed trains typically travel between specific stations. Therefore, when passengers
move between these stations within a short period, they can be inferred as high-speed rail-
way passengers. Additionally, high-speed trains travel at relatively fast speeds compared
to other modes of transportation. This characteristic can further confirm their identity. We
followed these steps specifically to conduct the identification of HSR passengers:

1.  The GPS data were cleaned and preprocessed, which included removing duplicates,
handling missing values, and converting timestamps to a usable format.

2. The GPS tracks were divided into segments based on time and space to analyze the
passenger’s journey. Then, the average speed of the passengers was calculated based
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on the time and distance of each segment. Speeds above a certain threshold will be
identified as high-speed railway speeds.

3.  Station identification was achieved by comparing the passenger’s passing point with
the HSR station. The daily trips of HSR passengers shall include intracity trips from
the origin to the departure HSR station, intercity trips from the departure HSR station
to the arrival HSR station, and intracity trips from the arrival HSR station to the
destination, as shown in Figure 4.

4. Result verification was also required. Additional information, such as the ticket
purchase record, will be used to confirm the passenger’s identity.

Waking Accessibility and Built
Environment Characteristics

I Stay Time of HSR Passengers l

' I GPS Data l I POI Data and Route Planning Data l i

: ' ! :
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Data Preprocessing |< ----- A l l '
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Model Interpretation |< ------ * 1D PDPs
* 2D PDPs

Figure 3. The proposed modeling framework.
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Figure 4. The daily trips of HSR passengers.

To uncover the activity pattern of HSR passengers in the station buffer areas, the
temporal distribution of the trip volume is presented in Figure 5. It illustrates that the trip
volume reaches its peak during the hours of 11 am. to 1 p.m. and 3 p.m. to 6 p.m. The
temporal distribution of the trip volume in the station buffer areas may be related to the
schedule of high-speed railway trains, typical of an HSR station.
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4.2. Definition and Quantification of Variables
4.2.1. Definition and Quantification of Street Vitality

Existing studies have concluded that HSR stations have an impact on the development
of neighboring areas. Due to the establishment of HSR stations, the efficiency of the HSR
station areas is enhanced, gathering various functions such as business, culture, sports,
entertainment, and residence. Therefore, the neighboring areas of HSR stations attract a
large amount of activity, especially from HSR passengers. The stay time of HSR passengers
in the station buffer areas reflects the street vitality of these areas. In this study, we used
grid division to calculate the sum of HSR passengers’ stay time, which represents the street
vitality. The grid division aligns with that of the walking duration measurement, with a
size of 50 m x 50 m.

700
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Trip volume
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IR TR R R MR MK SPX IR K SR MK N MK MK X N (PR
N

D & B D 3 < 4 2 DAL DD/ D
NGRS A N U AR RS SN NN RN NI

Departure time

Figure 5. The departure time distribution of HSR passengers.

Figure 6 shows the spatial distribution of HSR passengers’ stay time in the station
buffer areas. There is a higher concentration of HSR passengers staying at the Longhutianjie
shopping mall, Honggiaotiandi shopping mall, Libaoleyuan shopping mall, and some
office buildings.

4.2.2. Quantification of Built Environment Characteristics

The built environment characteristics were obtained and measured using POI data in
ArcGIS 10.7. The POI data provide more comprehensive information for spatial analysis
in an urban space compared to land use data, making them a valuable resource for urban
geographic analysis. Considering the research topic of this study, we used the following
POI categories: commercial facility, financial facility, government agency, medical facility,
life service facility, entertainment facility, residence, restaurant, shopping service facility,
sports hall, and facility of science, education, and culture. Different categories of the POI
may have varying impacts on the stay time. For instance, an office building may have a
stronger impact than a convenience shop.

In this study, we assessed the POI density for each category of the study unit by
considering the number of POls in both the grid itself (study unit) and its neighboring
grids, as shown in Figure 7. This approach accounts for the spatial influence scope of built
environment characteristics on human activities. Table 3 presents the distributions of the
variables utilized in the analysis.
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4.3. Modeling Approach

In this study, the extreme gradient boosting (XGBoost) regression trees model is ap-
plied to investigate the synergistic effects of walking accessibility and the built environment
on the vitality of the HSR station buffer areas. By employing the XGBoost model, we aim to
achieve high predictive accuracy and uncover significant patterns within our data, thereby
contributing valuable insights to the land use and development of high-speed railway

station areas.
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Table 3. Descriptive statistics for the independent and dependent variables.
Variable Description Min Max Mean Std.dev
Stay time The sum of HSR passengers’ stay time in each grid (min)  0.00 126,498.10 3893.28 16,740.50
Walking accessibility The walking duration from the HSR station 055  20.00 13.86 477
to each grid (min)

Commerecial facility The density of commercial facilities in each grid 0.00  1559.72 18249 477
and its neighboring grids (pcs/km?)

Financial facility The density of financial facilities in each grid 0.00 286.48 20.14 8.35
and its neighboring grids (pcs/km?)

Government agency The density of government agencies in each grid 0.00 159.15 10.13 1.27
and its neighboring grids (pcs/km?)

Medical facility The density of medical facilities in each grid 0.00 190.99 10.76 0.81
and its neighboring grids (pcs/km?)

Life service facility The density of life service facilities in each grid 000 114592  109.15 0.90
and its neighboring grids (pcs/ km?)

Entertainment facility The density of entertainment facilities in each grid 0.00 286.48 11.24 6.21
and its neighboring grids (pcs/ km?)

Residence The density of residences in each grid 0.00 31.83 1.30 1.17
and its neighboring grids (pcs/km?)

Restaurant The density of restaurants in each grid 0.00 286479  199.63 0.20

Shopping service facility

Sports hall

Facility of science,
education, and culture

and its neighboring grids (pcs/km?)
The density of shopping service facilities in each grid 0.00 3851.55 207.27 13.73
and its neighboring grids (pcs/km?)
The density of sports halls in each grid 0.00 190.99 10.94 16.39
and its neighboring grid (pcs/ km?)
The facility density of science, education, and culture 0.00 254.65 20.52 0.87
in each grid and its neighboring grids (pcs/km?)

Note: the abbreviation “pcs” stands for “pieces”, which refers to the POl number of each category in this study.

The advantages of the XGBoost algorithm are as follows [68-71]: (1) XGBoost has a
strong track record of producing high-quality results in various machine learning tasks.
(2) XGBoost is designed for efficient and scalable training of machine learning models,
making it suitable for large datasets. (3) XGBoost has a wide range of hyperparameters
that can be adjusted to optimize performance, making it highly customizable. (4) XGBoost
has built-in support for handling missing values, making it easy to work with real-world
data, which often have missing values. (5) XGBoost provides relative importance and
partial dependence plots (PDPs), allowing for a better understanding [72,73]. PDPs offer an
advantage over relative importance indicators by addressing the issue of failing to reflect
the positivity and negativity of the association between variables.

The XGBoost model is based on the following objective function, which combines a
loss function L and a regularization term ().

k

Obj(@) = Z L(yi, 9:) + Y Q(fx) (1)

n
i=1 k=1

where y; is the predicted value for the i-th instance, L is the loss function that measures the
difference between the predicted and actual values, and Q( f;) is the regularization term
for the k-th tree, defined as:

T
Q(f):vT—i—%/\Zw]z» 2)
j=1

where T is the number of leaves in the tree, w; is the weight of the j-th leaf, and -y and 1y are
regularization parameters that control the complexity of the model.
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The XGBoost model employs gradient boosting to iteratively add trees to the model.
At each iteration ¢, it adds a new tree f;(x;) to minimize the following objective function:
n
. (t-1
Obj' = Y- L(vi " + filxi)) + QUf0) ©)
i=1

The new tree is constructed to fit the residuals of the previous predictions:

(t-1
; JdL (yiyf ))
SRR A @)
i 5(t=1)
97;
To optimize the objective function, XGBoost model uses second-order Taylor expansion
to approximate the loss function:

. 3 1
O 3 [sifute) + g )| + Qs ®)
i=1
where g; and h; are the first- and second-order gradients of the loss function with respect to

(t=1).

i

the prediction j
aL(yi/]?i(t_l))
ay,\ft—l)

9L (yi 9"
Pt
a(yf”))

The structure of each tree is determined by the splitting criteria, which are based on
the gain from a potential split:

8= (6)

)

G? Gk (GL+Gr)
Hy+A Hr+A H+Hr+A

- (8)

. 1
Gain = 5

where G| are Gg the sums of the first-order gradients for the left and right child nodes,
respectively, and Hy and Hy are the sums of the second-order gradients. The regularization
parameters A and < control the complexity of the tree and prevent overfitting.

5. Result and Discussion
5.1. Model Validation

In the XGBoost model, there are several parameters that should be considered. To
optimize the modeling result, it is necessary to explore the effect of different combinations
of parameters on the model’s performance. The parameters that could be optimized include,
but are not limited to the following:

1. N_estimators: the number of decision trees.

Learning rate: the step size shrinkage used in the update to prevent overfitting.
Max_depth: the maximum depth of a tree.

Subsample: a parameter that controls the proportion of random samples for each tree.
Colsample_bytree: a family of parameters for the subsampling of columns.

AR N

The grid search method was selected as the optimization method due to its wide usage
and time efficiency in previous studies. The dataset was split into 80% training data and
20% testing data. The XGBoost model was then fit with various parameters, including
N_estimators (ranging from 100 to 500), the Learning rate (ranging from 0.01 to 0.05),
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Max_depth (ranging from 5 to 10), Subsample (ranging from 0.5 to 1), and Colsample_bytree
(ranging from 0.5 to 1). The number of stopping rounds was set to 50, which means the
iteration stops after 50 rounds without performance improvement. The XGBoost package
in Python was used for this study.

The mean absolute error (MAE) was used to evaluate the performance of the model.
A smaller MAE value indicates better performance of the XGBoost model. The equation for
calculating the MAE is provided below:

1 & .
MAE = — Y |y — 7il, )
mi3

where

m = the total number of data.

y; = the actual stay time value in the test dataset of record i.

J; = the predicted stay time value in the test dataset of record i.

Through the experiments, the best parameter combination was determined as follows:
N_estimators = 500, Learning rate = 0.04, Max_depth = 5, Subsample = 0.7, Colsam-
ple_bytree = 1. The MAE value of the best-performing model was 8939.07, and the testing
pseudo-R? (the square of the Pearson correlation coefficient between the predicted value
and the real value) was 86.36%.

5.2. Relative Importance of Explanatory Variables

Table 4 shows the relative importance of the explanatory variables in predicting the
stay time among HSR passengers for the XGBoost model. The relative importance indicates
the increase in impurity relative to the average increase in impurity while permuting a
given explanatory variable.

The results of the XGBoost model indicated that the density of entertainment facili-
ties (45.11%) and of sports halls (38.50%) are the most significant explanatory variables,
collectively accounting for 83.61% of the total explanatory power. It is probable that this
is due to the fact that entertainment and sports activities tend to require more time. The
partial dependence plots (Figure 8) indicate that the density of entertainment facilities and
of sports halls have a positive effect on the stay time of HSR passengers. Furthermore, a
threshold effect was observed, whereby the stay time of HSR passengers increased rapidly
with the increase in the density of entertainment facilities and sports halls, within the range
of 0 to 30 pcs/km? for both types. By contrast, the stay time of HSR passengers increased
at a slower rate outside of this range.

Table 4. Relative importance of all the variables.

Variable Relative Importance (%)
Entertainment facility 45.11
Sports hall 38.50
Facility of science, education, and culture 8.62
Life service facility 2.09
Walking accessibility 1.96
Medical facility 1.94
Shopping service facility 1.10
Commercial facility 0.22
Restaurant 0.20
Residence 0.16
Financial facility 0.08

Government agency 0.02
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Figure 8. Partial dependence plots of one feature on the stay time of HSR passengers.

The results also indicated that the facility density of science, education, and culture
accounted for 8.62% of the relative importance. A threshold effect was observed whereby
the stay time of HSR passengers increased rapidly with the increase in the facility density
of science, education, and culture, within the range of 65 to 250 pcs/km?. The stay time of
HSR passengers will increase at a gradual rate within the range of 0 to 65 pcs/km? for the
facility density of science, education, and culture.

Moreover, the density of life service facilities (2.09%), walking accessibility (1.96%),
medical facilities (1.94%), and shopping service facilities (1.10%) were also important
factors in the model. According to the partial dependence plots, walking accessibility
had a positive effect on the stay time of HSR passengers. When the walking duration
from the HSR station was within the range of 0 to 7 min, the stay time of HSR passengers
would remain high, indicating that the street vitality within a 7 min walking distance was
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the highest. When the walking duration from the HSR station was within the range of
7 to 10 min, the stay time of HSR passengers would decrease rapidly with the increase in
walking duration. When the walking duration from the HSR station was over 10 min, the
stay time of HSR passengers would tend to stabilize at a low level, indicating that the street
vitality outside of a 10 min walking distance will decline significantly.

With regard to the density of commercial facilities (0.22%), restaurants (0.20%), resi-
dences (0.16%), financial facilities (0.08%), and government agencies (0.02%), no obvious
relative importance was observed.

5.3. Synergistic Effects of Explanatory Variables on Street Vitality

In addition to examining the nonlinear associations of the explanatory variables with
the stay time of HSR passengers, we further investigated the synergistic effects among the
explanatory variables using the strengths of the XGBoost model [60,74]. Specifically, we
introduced the H-statistic, a dimensionless measurement ranging from 0 to 1, to estimate the
degree of variation in predictions depending on the interactions of different features [75].
Generally, a larger H-statistic indicates a stronger synergy, while an H-statistic of zero
suggests no synergistic effects are present. In this study, we measured the two-variable
H-statistic to explore the synergistic effects of the explanatory variables on the stay time of
HSR passengers.

5.3.1. Walking Accessibility and Built Environment Characteristics

A strong synergistic effect (H-statistic = 0.3012) was observed between walking acces-
sibility and commercial facility density (Figure 9). The partial dependence plot is shown in
Figure 10a: when the walking duration ranged from 0 to 10 min, both factors had strong
positive effects on the stay time of HSR passengers; when the walking duration ranged from
10 to 20 min, only commercial facility density had a strong positive effect on the stay time
of HSR passengers. The results illustrate that the impact of commercial facilities on the stay
time of HSR passengers was relatively large with a walking duration of less than 10 min
and remained significant with a walking duration over 10 min. This indicates that the
intensification of commercial facility density in areas with a walking duration ranging from
10 to 20 min continued to enhance the street vitality of the HSR station areas. Analogously,
walking accessibility and shopping service facility density could also generate synergistic
effects (H-statistic = 0.2221), as shown in Figure 10d. When the walking duration ranged
from 0 to 10 min, only walking accessibility would have strong positive effects on the
stay time of HSR passengers; when the walking duration ranged from 10 to 20 min, only
shopping service facility density would have a strong positive effect on the stay time of
HSR passengers.

By contrast, walking accessibility and life service facility density could also generate
synergistic effects (H-statistic = 0.2596), with a positive effect on the stay time of HSR
passengers when the walking duration ranged from 0 to 10 min (Figure 10b). The stay
time of HSR passengers would not be influenced by life service facility density when it
ranged from 0 to 200 pcs/km?. This indicates that the intensification of life service facility
density will not enhance the street vitality of the HSR station areas. Additionally, there
was a very strong synergistic effect (H-statistic = 0.5505) between walking accessibility
and entertainment facility density, with the partial dependence plot shown in Figure 10c.
When the walking duration ranged from 0 to 10 min, the stay time of HSR passengers
would be influenced positively by entertainment facility density, while the stay time of
HSR passengers would be influenced indistinctly by entertainment facility density. This
indicates that the intensification of commercial facility density in areas with a walking
duration of less than 10 min would be more conducive to enhancing the street vitality of
the HSR station areas.
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Figure 10. Partial dependence plots of walking accessibility and built environment characteristics on
the stay time of HSR passengers.

5.3.2. Two-Variable Built Environment Characteristics

The H-statistic for two built environment characteristics is presented in Figure 11. The
results indicate a strong synergistic effect (H-statistic = 0.4795) between commercial and
entertainment facility densities on the stay time of HSR passengers. Figure 12a shows that
the stay time of HSR passengers would be significantly influenced by increasing commercial
facility density when the entertainment facility density ranged from 0 to 300 pcs/km?, and
it would be significantly influenced by increasing entertainment facility density when it
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Facility of science, education and culture

ranged over 90 pcs/km?. This indicates that the collaborative construction of entertainment
and commercial facilities is beneficial for enhancing the street vitality of the HSR station
areas, especially when the entertainment facility reaches a sufficient scale.

The results also indicate a strong synergistic effect (H-statistic = 0.4949) between enter-
tainment facility and sports hall densities on the stay time of HSR passengers. Figure 12b
shows that entertainment facility and sports hall densities would have a strong synergistic
effect on the stay time of HSR passengers. This indicates that the collaborative construction
of entertainment facilities and sports halls is beneficial for enhancing the street vitality of
the HSR station areas.

Moreover, there was a strong synergistic effect (H-statistic = 0.4829) between the facility
density of science, education, and culture and shopping service density on the stay time of
HSR passengers. Figure 12c shows that the facility density of science, education, and culture
had a positive effect on the stay time of HSR passengers when it ranged over 60 pcs/km?,
and shopping service density had a positive effect on the stay time of HSR passengers when
it ranged over 30 pcs/km?. This indicates that the synergistic development of the facility
density of science, education, and culture and shopping service density was beneficial for
enhancing the street vitality of HSR station areas, especially when both of them reached
sufficient scales.

Also, there was a strong synergistic effect (H-statistic = 0.4515) between shopping
service facility and sports hall densities on the stay time of HSR passengers. Figure 12d
shows that the stay time of HSR passengers was influenced positively by sports hall
density when it ranged from 0 to 30 pcs/ km?, and the stay time of HSR passengers was
influenced positively by shopping service facility density when sports hall density ranged
over 30 pcs/km?. This indicates that the synergistic development of shopping service
facilities and sport halls was beneficial for enhancing the street vitality of HSR station areas,
especially when shopping service reached a sufficient scale.

>
&
o
bo"(b N
& & & <>\\d &f, Py
R & N R
R S & e & &° e &
- o & & > @ @6 & & &
& & > & & & & & ) N1d
R R R A N Y
Variable_2 ¢ Q¢ < I3 ¥ NS 23 <@ <« NG -
1 1 1 1 1 1 1 1 1 1 H-statistic
. 0 T
Residence 0.0 0.5
o 0.1051 0
Financial facility —
0.0804 0 0.1911
Government agency |
0.0246 0 0.0207 0.0041
Medical facility -
) ) . 0.1775 0 01236  0.0118
Life service facility —
. . 0 0.1526 0.2277 0.0297 0.2694
Entertainment facility —
0.0753 0 0.1174 0.0791 0.144 0.202 0.1875
Restaurant -
0.0432 0 0.001 0.0021 0.0304 0.0172 0.1087 0.102
. . . 0.0793 0 0.0205 0.069 0.0929 0.055 0.0943 0.0585
Shopping service facility -
0.0075 0 0.004 0.0115 0.0743 0.254 0.0964 0.0484
Sport hall -

Figure 11. H-statistic of two-variable built environment characteristics on the stay time of HSR passengers.
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6. Conclusions

The study explores the applicability of the extreme gradient boosting (XGBoost) model
to characterize the synergistic effect of walking accessibility and the built environment on
street vitality in high-speed railway station (HSR) buffer areas. The results showed that
the XGBoost model can not only explore the feature importance of the main influencing
factors on street vitality, but also characterize the nonlinear synergistic effects of walking
accessibility and the built environment on street vitality.

This study first determines the study area based on grid division and the measurement
of walking duration, laying an aggregative foundation for quantifying the stay time of
HSR passengers and the built environment characteristics. Secondly, HSR passengers were
identified based on the movement patterns and speeds of individuals. Moreover, street
vitality in the HSR station buffer areas was defined as the stay time of HSR passengers
based on grid division, and the built environment characteristics were quantified using the
density of points of interest (POIs). Third, the extreme gradient boosting (XGBoost) model
was used to address the regression problem. Walking duration and the built environment
characteristics were found to have synergistic effects on the stay time of HSR passengers.
Among these, entertainment facility density and sports hall density were identified as
the most significant contributors, followed by the facility density of science, education,
and culture, life service facility density, walking accessibility, medical facility density, and
other factors.
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Nonlinear associations between walking accessibility and street vitality were revealed
through partial dependence plots. The results showed that HSR passengers were more
willing to stay in areas within a 7 min walking duration from the HSR station, and the
street vitality decreased rapidly with walking duration exceeding 10 min. Also, nonlinear
associations between the built environment and street vitality were revealed. For example,
entertainment density and sport hall density had threshold effects on the street vitality of
HSR station areas. The findings provide optimal empirical values of built environment
characteristics for policy-making aimed at promoting street vitality in HSR station areas.

This study also highlights the synergistic effect of walking accessibility and built
environment characteristics on street vitality in HSR station areas. The findings suggest
implementing a circular layout for the built environment in the HSR station areas. This
involves expanding commercial and entertainment facilities in the core area within a 10 min
walking distance from the HSR station, while introducing development plans for the outer
areas beyond the 10 min walking distance to enhance shopping facilities. Additionally, the
synergistic effects of two-variable built environment characteristics on street vitality were
examined. The findings suggest that the coherence and consistency in establishing certain
functions will further attract HSR passengers.

It should be acknowledged that this study will inevitably involve several limita-
tions. First, this study mainly investigated the influence of walking accessibility and built
environment characteristics on street vitality in HSR station areas, without considering
socio-economic characteristics [76]. Incorporating such factors into the model may yield
more interesting results that deserve further research. Second, this study was conducted
solely in Shanghai, China. Generalizing the aforementioned findings requires further
empirical case studies in other heterogeneous cities following a similar technical approach.
Finally, as a purely data-driven method, the XGBoost model used in this study may produce
fluctuating outcomes for specific ranges of independent variables due to potential noise
and data sparsity. Therefore, a large volume and high density of empirical evidence would
enhance the credibility of our practical findings.
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