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Abstract

The impact of the built environment on urban vitality is multifaceted, yet a holistic un-
derstanding that simultaneously considers its scale dependence, spatial heterogeneity,
and interactive mechanisms remains limited. To unravel these multi-scalar mechanisms,
this study develops an integrated analytical framework. Taking Xi’an, China, as a case
study, we first construct a multidimensional built environment indicator system grounded
in Jane Jacobs’ theory of vitality. Empirically, we employ the Optimal Parameters-based
GeoDetector (OPGD) to objectively identify the optimal spatial scale and detect non-linear
and interaction effects. Meanwhile, the Multiscale Geographically Weighted Regression
(MGWR) model is used to delineate spatial heterogeneity. Our findings systematically
unravel the complex mechanisms: (1) The optimal analysis scale is identified as a 2 km grid;
(2) All elements significantly influence vitality, but through distinct linear or non-linear
pathways; (3) The effects of attraction density, road network structure, and bus stop density
exhibit significant spatial heterogeneity; and (4) Third place density and population density
act as key catalysts, non-linearly enhancing the effects of other elements. This research
presents a synthesized perspective and nuanced evidence for precision urban regenera-
tion, demonstrating the necessity of integrating scale, heterogeneity, and interaction to
understand the drivers of urban vitality.

Keywords: built environment; urban vitality; impact characteristics; planning improvement;
Xi’an city

1. Introduction
Globally, as urban development shifts from large-scale incremental expansion to stock

optimization, the central urban areas of many cities are confronting severe challenges,
including the decline of downtown districts, urban shrinkage, and spatial hollowing
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out [1–3]. These characteristics often manifest as a significant loss of urban vitality, with a
rapid decline in street life, social interactions, and economic activities. This phenomenon is
contrary to the United Nations Sustainable Development Goal (SDG 11), making it difficult
to support the construction of sustainable cities and human settlements. In the face of
global urban decline trends, urban regeneration has become the core strategy for cities to
reshape their competitiveness, activate endogenous development momentum, and respond
to the SDGs. Within this context, reinvigorating urban vitality is not only a pursuit of
physical space transformation but also an important criterion for measuring the success of
urban regeneration.

Jacobs described urban vitality in her classic work as the diversity and safety of street
flows, which is the essence of urban life [4]. In the contemporary context, urban vitality has
taken on a richer connotation. It not only refers to the intensity and diversity of human
activities (such as social interaction, economic transactions, and cultural leisure) within
urban space, but also reflects the dynamic projection of these activities across temporal
and spatial dimensions [5,6]. Thus, we consider that urban vitality can primarily be
manifested as the specific spatiotemporal distribution of population density, which is a
comprehensive result of diverse behavioral motivations and logics. A vibrant urban space
not only stimulates diverse economic activities but also plays a crucial role in shaping an
inclusive social environment and fostering community cohesion [7]. Thus, urban vitality
can be regarded as the “vital signs” for evaluating the quality of urban space, the health of
socio-economic conditions, and the attractiveness of places.

People’s various activities are the fundamental source of vitality within cities, and
urban space is the necessary material carrier for people to conduct a rich array of activities.
The built environment, as a material entity, forms and defines the morphological bound-
aries of urban space; it serves as a container for human activities and is widely regarded as
a decisive factor in shaping vitality [8,9]. The built environment is an artificial space where
people live, work, and recreate [10], comprising urban design, land use, and transportation
systems, and encompassing human activities within the physical environment [11]. Ewing
R et al. [12] proposed the 5Ds theory for measuring the built environment (i.e., density,
diversity, design, destination accessibility, and distance to transit), providing a method-
ological foundation for quantifying the built environment. Meanwhile, Jacobs argued that
concentration, mixed use, short blocks, and aged buildings are necessary conditions for gen-
erating vitality, while accessibility and boundary vacuum are secondary conditions [4]. As
Mehaffy’s “Network Urbanism” points out, urban vitality stems from complex multiscale
network connections, with physical elements serving as nodes that facilitate the exchange
of information and social interactions [13]. Similarly, Moreno’s ‘15-min city’ paradigm
introduced ‘temporal urbanism’, emphasizing that the quality of urban life depends on
the high proximity and accessibility of basic functions within a short time radius [14]. It
can be seen that the built environment is not merely static material elements, but rather
profoundly regulates the behavioral patterns of micro-individuals through the construction
of specific structural features (such as road network morphology and functional mixing),
thereby determining the generation and evolution of vitality. Based on this understand-
ing, clarifying the complex interaction mechanism between the built environment and
urban vitality has significant practical significance for guiding stock regeneration, opti-
mizing spatial resource allocation, and achieving the sustainable development goal of
“people-oriented” development.

How to scientifically recognize, create, and enhance urban vitality in urban planning
and design has become a topic of common concern in the academic field. In recent years,
with the emergence of multisource big data and rapid development of analytical methods,
urban vitality research has shifted from quantitative description to quantitative analysis,
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undergoing a profound transformation in terms of both dimensions and depth of anal-
ysis. By reviewing recent literature, we have identified three distinct characteristics of
related research:

(1) For vitality measurement, relevant studies have moved beyond traditional indicators
such as population density or POIs (Points of Interest), turning instead to data such
as mobile phone signaling [15], heat maps [16], social media check-ins [17], and
online merchant reviews [18] to construct a comprehensive vitality evaluation system
that reflects multidimensional attributes including social, economic, and cultural
aspects [19]. Correspondingly, the characterization of the built environment has
become increasingly refined, expanding from the classic 5D framework [20] to three-
dimensional building morphology [21] and micro-level street quality based on street
view image analysis [22], greatly enriching the dimensions and depth of research.

(2) In terms of the influencing mechanism, traditional research based on Jacobs’ theory
often assumes that density, mixture, and other factors have a linear correlation with
vitality. However, the latest empirical studies on high-density Asian cities are chal-
lenging this assumption. Liu et al. [22] utilized research conducted in Shanghai to
find that the built environment has a non-linear threshold effect on vitality (for exam-
ple, the promoting effect only becomes significant when building coverage exceeds
18%). Zhan et al. [23] confirmed the phenomenon of diminishing marginal effects
on social vitality after the population density exceeds 10,000 people/km2 in their
study in Hangzhou. These findings suggest that in the real world, the impact of the
built environment on vitality is complex and multifaceted, and is often not a simple
linear relationship.

(3) In terms of analytical methods, research progress is mainly reflected in the revela-
tion of spatial heterogeneity in the impact of the built environment on urban vitality.
Researchers have gradually recognized that the impact of the built environment on
vitality is not homogeneous in space, and the limitations of traditional global regres-
sion models, such as OLS, have become increasingly apparent. Thus, geographically
weighted regression (GWR) and its improved models, especially multiscale geograph-
ically weighted regression (MGWR), have been widely applied [16,19]. Meanwhile, as
research has deepened, scholars have found that there is not a simple linear relation-
ship between built environment factors (especially density and mixity) and vitality.
Various machine learning models have been introduced to explore and identify thresh-
old effects in the impact of the built environment [21,22].

Although existing research has made significant progress in data, methodology, and
mechanism exploration, there are still some shortcomings:

Firstly, most studies have neglected the scale effect of analysis units. Previous research
has employed a variety of spatial analysis units, including standard grids [19,22,23], traffic
analysis zones (TAZs) [24], street units [18], and towns [21]. However, to what extent
the research conclusions depend on the scale and morphology of the selected units is
rarely discussed. Although models, such as MGWR, take into account the “effect scale” of
variables, they do not address the potential impact of the scale size of the analysis units
themselves on analytical reliability.

Secondly, existing research lacks an integrated analytical framework for multiple
complex effects. The impact of the built environment on vitality is complicated, character-
ized by spatial heterogeneity, non-linearity, interactivity, and scale dependence. However,
current research approaches are methodologically fragmented: spatial econometric models
excel at handling spatial heterogeneity [16,19], while machine learning models offer greater
advantages in mining non-linear relationships [21,22,25]. Currently, few studies have
constructed a unified analytical framework that simultaneously incorporates scale effects,
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spatial heterogeneity, non-linear components of impacts, and complex interactions among
built environment elements, leading to a fragmented understanding of the systematic
influence of the built environment on vitality.

Furthermore, the current research context is relatively simplistic, with a lack of at-
tention paid to specific urban types. A review of existing literature reveals that case
studies have primarily focused on modern metropolises, such as Oslo [7], Seoul [26], Shen-
zhen [21,24], Shanghai [15,22], and Hangzhou [23], but the urban forms and development
logic of these research subjects are relatively homogeneous. For international historical
ancient capitals with high density and coexisting modern and historical landscapes (such as
Rome, Athens, and Xi’an), the interactive mechanism between their built environment and
vitality may exhibit more complex characteristics: the historical streets and alleys vary in
scale, and the urban fabric reflects the differences of different eras. The significant overlap
of population, tourism, and commercial functions results in the generation and spread of
urban vitality exhibiting patterns that differ from those of typical modern cities.

Based on existing research and classical theories, we propose two hypotheses for
our study: (1) Some built environment factors have a significant impact on urban vitality,
with the impact manner being mostly non-linear; (2) The impact of the built environment
on vitality exhibits apparent spatial heterogeneity. To verify our conjecture, this research
focuses on the central urban district of Xi’an, a case area characterized by a complex built
environment, aiming to address the gaps in the aforementioned research systematically. We
aim to construct an integrated analytical framework to (1) identify the optimal analytical
scale for the built environment’s impacts on urban vitality; (2) analyze the overall correlation
characteristics (significance, linearity/non-linearity); (3) reveal spatial heterogeneity in
influences; (4) detect interactive effects among built environment factors. Overall, this
study aims to provide solid theoretical foundations and evidence-based support for the
revitalization and enhancement of the regeneration and vitality of internationally renowned
historical cities.

2. Methods
2.1. Research Framework

Figure 1 illustrates the framework of this study. First, after collecting and cleaning
multisource data, we constructed a comprehensive measurement indicator system en-
compassing six dimensions based on Jacobs’ theory of urban vitality. Subsequently, we
employed the factor detector in the GeoDetector (GD) method to compare the q-values
of variables under six different grid analysis unit sizes. By integrating population spatial
behavior characteristics, we comprehensively judged and determined the optimal spatial
scale for this study. Then, based on the optimal scale, a comprehensive analysis is con-
ducted, aiming to explore the complex impact of the built environment on urban vitality.
This step primarily involves three stages. First, the results from the factor detector in OPGD
and the MGWR model are compared to investigate overall correlations. Specifically, the
factor detector is used to explore from a global perspective whether relationships exist
between built environment variables and the dependent variable, while MGWR is applied
to uncover the spatial heterogeneity of these correlations at a local level. Subsequently,
for variables exhibiting spatial heterogeneity, we further analyze their spatial patterns
using the MGWR results and employ the risk detector within OPGD to examine strat-
ified heterogeneity—that is, the differential impacts of varying levels of environmental
variables on vitality. Thirdly, the interaction detector is utilized to clarify the interactive
effects among different environmental variables. Finally, this study summarizes the main
findings and proposes strategies for optimizing and improving the built environment to
promote vitality.
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Figure 1. Overall Research Framework.

2.2. Analytic Methods
2.2.1. Optimal Parameters-Based GeoDetector (OPGD)

The GeoDetector (GD) is a method used to detect spatially stratified heterogeneity and
reveal its underlying driving forces [27]. Its core principle is that if a specific independent
variable has a significant impact on the dependent variable, their spatial distribution
characteristics should be similar [27,28]. We employed the factor detector and interaction
detector from the geographical detector to explore the significant built environment factors
influencing urban vitality, the interactive associations among these factors, and the potential
non-linear relationships in their influence. The q value is used to measure the spatial
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differentiation of the dependent variable Y, or the influence of the independent variable X
on the spatial differentiation characteristics of the dependent variable Y:

q = 1 − SSW
SST

= 1 − ∑L
h=1 ∑Nh

i=1

(
Yhi − Yh

)
∑N

i=1
(
Yi − Y

) = 1 − ∑L
h=1 Nhσ2

h
Nσ2 (1)

where h = 1, 2, · · · , L represents the strata of the independent variable Y or the dependent
variable X; Nh denotes the number of analytical units in stratum h, and N is the total
number of analytical units in the study area; σ2

h indicates the variance of Y values in
stratum h, while σ2 is the overall variance of Y values in the study area; SSW and SST are
the sum of within-stratum variances and the total variance of the study area, respectively.
The range of q values is from 0 to 1, with larger values indicating more pronounced spatial
heterogeneity characteristics of Y. When the strata are consistent with the statistical units
of a specific independent variable X, the q value reflects the explanatory power of X on Y
(i.e., X explains 100 × q% of Y); a larger value indicates a stronger ability to explain this
spatial distribution pattern.

The GeoDetector has an advantage in exploring interactions between variables, as it
is capable of detecting various forms of interactions between two variables (not limited
to multiplication) [27]. As the complexity urbanism theory posits, urban elements do not
function in isolation but form “patterns” that interact to produce emergent vitality [29].
GeoDetector is helpful in uncovering complex interaction relationship patterns in the
real world.

The specific analytical principle involves calculating the q-value of Y by X1 and X2,
respectively, then calculating the q-value of the interaction term of the two independent
variables (X1∩X2), and finally comparing the relationship and changes among q(X1), q(X2),
and q(X1∩X2). The final comparison results can be categorized into 5 different types,
including nonlinear-weaken, uni-weaken, bi-enhance, independent and nonlinear-enhance.

The risk detector can determine whether the differences in variables represented by
means across layers are significant, using a t-statistic to test the difference between statistics
η and K [27]:

tYη−YK
=

(
Yη − YK

)
/

√
s2

η

Nη
+

s2
K

NK
(2)

where Yη and YK are, respectively, the mean values of variables of the η and K statistical
regions; S2

η and S2
K are, respectively, the variances of variables of the η and K statistical

regions; Nη and NK are, respectively, the sample sizes of the η and K statistical regions.
However, when using the GeoDetector model, particularly when dealing with continu-

ous independent variables, the method for performing data discretization (i.e., determining
the classification method and the number of categories) significantly affects the magnitude
of the q statistic. To address this, the Optimal Parameters-based GeoDetector (OPGD) was
proposed; it is essentially a parameter optimization tool that automatically identifies the
optimal data discretization scheme to maximize the explanatory power of factors [30], and
to some extent alleviates the problem of zoning effects in areas with variable unit sizes [31].

In R software (version 4.4), we used the GD package to perform OPGD calculations.
Five discretization methods were selected, namely equal interval, natural breaks, quantile,
geometric interval, and standard deviation. The number of segments was set between 3
and 7.

2.2.2. Multiscale Geographically Weighted Regression (MGWR)

The MGWR model allows the correlation between the dependent variable and in-
dependent variables (or control variables) to vary geographically and across different
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influence ranges [32]. It further permits variation in the optimal bandwidth based on the
geographically weighted regression (GWR) model to achieve a better fitting effect. The
specific calculation formula is:

yi = ∑k
j=1 βbwj(ui, vi)xij + εi (3)

where β is the regression parameter of the i-th sampling point under the bandwidth of the
j-th variable, (ui, vi) represents the spatial coordinates of the i-th sampling point, and εi

denotes the random error of the i-th unit.
A spatial heterogeneity analysis of the built environment’s influence on urban vitality

was conducted via the MGWR toolkit in ArcGIS Pro 3.4, aiming to examine the spatial
variation of the vitality effects exerted by various built environment variables.

2.3. Identify the Optimal Analysis Scale

To mitigate the impact of spatial scale differences on the reliability of research results,
square grids were adopted as the analytical unit. First, we referenced the scales commonly
used in existing empirical studies related to vitality [33–35]. Second, considering the
behavioral characteristics of residents and tourists, a 1 km radius centered on them tends
to form a meaningful “vitality scene unit”—consistent with the concept of community life
circles [36] and the advocacy of slow tourism [37]. As illustrated in Figure 2, converting the
1 km radius into a square results in a side length of 2 km, so the largest square grid was set
to 2 km × 2 km. Ultimately, six scales (250 m, 500 m, 800 m, 1000 m, 1500 m, and 2000 m)
were selected for our analysis.

 

Figure 2. Scale relationship between the 1 km-radius living circle (15-min) and 2 km grid.

We utilized the OPGD method to acquire the q-values of diverse built environment
variables at multiple scales. By synthesizing the variation trends of q-values across different
scales and their growth rate characteristics, the optimal model was identified, following
the criterion that a higher q-value and more stable variation signify a more appropriate
analytical scale [30,38].

3. Study Area and Data
3.1. Study Area and Analysis Unit

Our study selected Xi’an, the provincial capital city of Shaanxi Province in China,
as the analysis object, with its central urban area as the specific analysis scope, covering
a total area of approximately 765.870 km2 (Figure 3). The built environment of Xi’an’s
central urban area is characterized by diversity and significant spatial heterogeneity. On
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the one hand, the old urban area—centered on the Ming and Qing Dynasty city walls—has
preserved numerous historical relics and is subject to strict development controls, forming
the characteristics of high building density and low building height. The relatively high
residential population density and cultural tourism flow have made this area a vital hotspot
of Xi’an. On the other hand, the city’s outward expansion and development have spawned
multiple new urban centers, which also exhibit prominent vitality agglomeration effects,
supported by well-developed public transportation networks and an abundance of public
service facilities.

Figure 3. The location of the study area.

This study adopted square grids as the basic unit and conducted comparative analysis
on six square scales with side lengths of 250 m, 500 m, 800 m, 1 km, 1.5 km, and 2 km,
selecting the optimal scale grid for further exploration. In addition to the factors mentioned
in Section 2.3 regarding the formation of “vibrant scene unit” grid units, which facilitate
flexible spatial distribution pattern analysis while maintaining consistency and high resolu-
tion [39], the aforementioned analytical unit demarcation method was employed. Based
on the above six spatial scales, our analytical units have 12,648, 3258, 1316, 858, 400, and
228 units, respectively.

3.2. Indicator System and Data Sources

Based on observations of American cities, Jacobs established a classic framework
identifying mixed uses, density, short blocks, and aged buildings—alongside accessibility
and the absence of border vacuums—as the core determinants of urban vitality [4]. Similarly,
we can also find important clues influencing the generation of vitality from Mehaffy’s
concept of ‘Pattern Language’, namely that specific geometric characteristics of street
networks, such as intersection density and network connectivity, are crucial for generating
“contact potential” [13].

Drawing on Jacobs’ and Mehaffy’s theories and existing empirical evidence, we se-
lected variables that can effectively represent these characteristics. (1) Typically, the con-
centration of the built environment is reflected in population density, facility density, and
construction intensity. (2) Regarding land use mix, functional mix is measured by POI data.
It is worth noting that the third place is defined as the physical carrier used for informal in-
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teractions outside of the home (first place) and work/school (second place) [40]; it includes
various spatial types such as consumption spaces, public spaces, and outdoor spaces [41],
and is regarded as an important catalyst for stimulating urban vitality and promoting social
interaction [42]. Third places are often combined with other urban functions in their setup,
so we calculate their density to a certain extent to reflect mixed characteristics. (3) The struc-
ture and scale of the street network are direct representations of small block sizes, and the
structure of the road network has been found to correlate with block scale. (4) Building age
and housing prices are effective measures for identifying older structures. (5) Accessibility
can be indirectly demonstrated through the distribution of public transportation facilities.
(6) The border vacuum is measured according to Sung, H. [33]. Ultimately, this study
developed and constructed a quantitative measurement system for the built environment,
encompassing six dimensions and 21 secondary indicators (Table 1).

This study utilized datasets from multiple sources. The first dataset is the 2022 land
use data, which is derived from the China Urban Land Use Map Dataset published by
Gong P et al. [43]. The second important dataset, from Baidu Maps in 2023, includes points
of interest (POIs), road networks, and building outlines. From this, we selected relevant
elements, including commercial facilities, public services, scenic spots, third places, and
transportation infrastructure. We also calculated the combined structural features of all
POIs, as well as cleaned and computed road network characteristics and building age-
related indicators. Another significant dataset relates to social demographics, including
high-resolution population-scale data and second-hand housing price data. The former
is obtained from the dataset calculated by Chen Y et al. [44] based on the 2020 Seventh
National Population Census of China using stacked ensemble learning and geospatial big
data algorithms. The latter is sourced from Anjuke (https://xa.anjuke.com/, accessed on
10 April 2024)), a housing rental and sales platform, which includes building age data as of
December 2022 and second-hand housing price data as of November 2023. Additionally,
we obtained data from Baidu Heatmap for a total of 28 days during spring (10–16 April),
summer (17–23 July), autumn (23–29 October), and winter (9–15 January) in 2024, which
consist of coordinate points with heat values. To measure the urban vitality, these raw data
were processed to generate daily heat value raster data covering the entire study area using
Inverse Distance Weighting (IDW) method with a search distance of 50 m in ArcGIS Pro 3.4.
Subsequently, the Raster Calculator was employed to produce an average heat value raster
for the entire study period, which could then be aggregated to each grid cell, enabling the
measurement of vitality levels for every unit.

To reduce multicollinearity among variables and avoid its impact on model robust-
ness [45–47], we conducted the Variance Inflation Factor (VIF) test on all variables using
R version 4.4, iteratively removing the variable with the highest VIF exceeding 10 in each
round until all remaining variables had VIF values below 10 in the final test. Ultimately,
three variables were eliminated, including Floor Area Ratio (FAR), Density of Commer-
cial Facilities (Den_B), and Density of Public Service Facilities (Den_A). The remaining
18 independent variables were incorporated into subsequent analyses.
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Table 1. Built Environment Feature Measurement Indicator System.

Dimension
Indicator

Description Refs.
Primary Secondary

Concentration

Population Population Density (PD,
persons/km2)

Persons per
kilometer square [48–50]

Facilities

Density of Commercial
Facilities (Den_B,
units/km2)

Number of
commercial facilities
per square kilometer

[51]

Density of Public Service
Facilities (Den_A,
units/km2)

Number of public
service facilities per
kilometer square

[52]

Density of Attractions
(Den_P, units/km2)

Number of
attractions per
kilometer square

[53,54]

Ratio of Green Land (RGL,
%)

Ratio of green land
to land area [55]

Buildings
Floor-area Ratio (FAR, NA)

The ratio of total
building area to land
area

[55]

Building Density (BD, %) Building footprint
density [56]

Mixed use

Function

Mixture of POIs (MP, NA)

The
Shannon–Weaver
diversity of all POI
types

[57]

Equilibrium Degree of POIs
(EDP, NA)

The
Shannon–Weaver
evenness of all POI
types

The Third Place Density of the Third Place
(Den_T, units /km2)

The ratio of the
number of third
place facilities to
land area

[58]

Short block

Scale

Intersection Density (ID,
units/km2)

Number of road
intersections per
kilometer square

[33,35,57]

Road Density (RD,
km/km2)

Total road length per
kilometer square

Network structure

Road Centerline
Connectivity (Lconn, NA)

The average ease of
reaching a
destination for each
link

Betweenness Euclidean
(BTBEn, NA)

The potential of the
road to act as a
through-movement
corridor
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Table 1. Cont.

Dimension
Indicator

Description Refs.
Primary Secondary

Aged buildings

Age

Building Age Diversity
(BAD, NA)

Mixing degree of
building age

[59,60]

Average of Building Age
(ABA, year)

The average age of
all the buildings

Equilibrium Degree of
Building Age (EDBA, NA)

The balanced
distribution of
buildings of different
ages

Housing Price
Average Price of
Second-hand Housing
(APSH, RMB/m2)

The average price
per unit area of all
traded second-hand
housing

[59,61]

Accessibility Transportation

Number of Bus Stops (NBS,
units)

Number of bus stops
within each grid [62]

Number of Subway
Stations (NS, units)

Number of subway
stations within each
grid

[63,64]

Boundary Vacuum Isolation Distance to Boundary
Vacuum (DBV, m)

Distance from each
grid to the nearest
boundary vacuum
Element

[33,65]

Note: (1) NA stands for “Not Applicable,” meaning there is no unit. (2) According to Jefre et al. [41], third
places include: (i) places for eating, drinking, and socializing (stores, bars, pubs, restaurants, and cafes); (ii)
places that organize activities for social capital (worship venues, clubs, organizations, community centers, and
senior centers); (iii) outdoor places (squares and parks); and (iv) commercial places (shops, shopping centers,
malls, markets, beauty salons, and barbershops). (3) Elements forming boundary vacuums include large-area,
single-purpose spaces (e.g., railways, campuses, highways, and large parks), which hinder urban residents’
walking activities [59].

4. Results
4.1. The Optimal Analysis Scale

The explanatory power of built environment variables exhibits significant variation
with increasing spatial scale (Figure 4). It can be observed that, over the scale increase from
250 m to 1500 m, the q-values of most variables exhibit a significant growth. Although on
the scale from 1500 m to 2000 m, some variables still show an increase in their q-values (8
out of 18; such as Den_T, NBS, RGL; with a growth rate greater than 0.15), many variables’
q-values tend to saturate in growth (6 out of 18; such as ABA, BD, NS; with a growth
rate between 0 and 0.15), and even some show a declining trend (including BAD, APSH,
EDP, and EDBA). Considering the spatiotemporal behavior characteristics of the vitality-
generating population (as mentioned in Section 3.1), we ultimately determine the 2 km
grid as the spatial unit for this analysis.
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Figure 4. Variation of the q-value of the independent variable at different grid scales.

4.2. Overall Correlation
4.2.1. Single-Model Analysis Results

Tables 2 and 3 present the results obtained from the MGWR model and factor detector
analysis. The MGWR model is essentially a linear regression model that takes into account
spatial local autocorrelation [32], thereby uncovering linear correlation relationships be-
tween the independent variables and the dependent variable. We calculated the regression
parameters for all indicators in the MGWR using the mean of all sample units. From the
MGWR model results in Table 2, the built environment variables with significant perfor-
mance include third place density (Den_T), number of bus stops (NBS), population density
(PD), intersection density (ID), number of subway stations (NS), road betweenness central-
ity (BTBEn), and attractions density (Den_P). Their explanatory power for the formation
of vitality decreases sequentially, with values of 0.3397, 0.306, 0.258, 0.116, 0.056, 0.053,
and −0.044, respectively. Among these, third place density (Den_T), number of bus stops
(NBS), population density (PD), intersection density (ID), number of subway stations (NS),
and road betweenness centrality (BTBEn) have significant positive correlations with urban
vitality, indicating that as these indicators increase, the urban vitality intensity will also
significantly improve. In contrast, the attractions density (Den_P) has a significant negative
impact on urban vitality, suggesting that these built environment elements may exert an
inhibitory effect on the formation of urban vitality.
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Table 2. Overall correlation between the built environment and vitality, and their component (228
samples, grid size = 2 km).

Variables
MGWR Model Factor Detector

Correlation Type¯
β

¯
P q-Value p

Den_P −0.044 * 0.386 0.331 *** 0.000 Linear and Non-Linear
Den_T 0.340 * 1.000 0.813 *** 0.000 Linear and Non-Linear
MP 0.014 0.000 0.294 *** 0.000 Non-Linear
EDP 0.004 0.000 0.181 *** 0.000 Non-Linear
BAD 0.047 0.000 0.543 *** 0.000 Non-Linear
EDBA 0.006 0.000 0.490 *** 0.000 Non-Linear
APSH −0.009 0.000 0.443 *** 0.000 Non-Linear
ABA 0.052 0.000 0.624 *** 0.000 Non-Linear
RD −0.081 * 0.000 0.481 *** 0.000 Non-Linear
PD 0.258 * 1.000 0.718 *** 0.000 Linear and Non-Linear
ID 0.116 * 1.000 0.534 *** 0.000 Linear and Non-Linear
Lconn 0.032 0.000 0.235 *** 0.000 Non-Linear
BTBEn 0.053 * 0.482 0.593 *** 0.000 Linear and Non-Linear
BD −0.014 0.000 0.448 *** 0.000 Non-Linear
NBS 0.306 * 0.965 0.599 *** 0.000 Linear and Non-Linear
RGL −0.047 0.000 0.362 *** 0.000 Non-Linear
NS 0.056 * 1.000 0.423 *** 0.000 Linear and Non-Linear
DBV −0.017 0.000 0.213 *** 0.000 Non-Linear

Overall parameters

R2 = 0.944
Adjust R2 = 0.934
AICc = 74.409
σ2 = 0.066

NA NA

Note: * <0.05, ** <0.01, *** <0.00; NA is the abbreviation of Not Applicable.

Table 3. Summary statistics for MGWR coefficient estimates of variables.

Variables
Coefficients Significance

(% of
Features)Mean Standard

Error Minimum Median Maxium

intersect −0.0016 0.0956 −0.2375 −0.0078 0.1821 78 (34.21)
Den_P −0.0436 0.0003 −0.0442 −0.0437 −0.0426 88 (38.60)
Den_T 0.3397 0.0003 0.3389 0.3397 0.3405 228 (100.00)

MP 0.0139 0.0039 0.0059 0.0138 0.0239 0 (0.00)
EDP 0.004 0.0009 0.0027 0.0038 0.0066 0 (0.00)
BAD 0.0472 0.0015 0.0433 0.0474 0.0505 0 (0.00)

EDBA 0.006 0.004 −0.0015 0.0059 0.0161 0 (0.00)
APSH −0.0089 0.0021 −0.0139 −0.0088 −0.0046 0 (0.00)
ABA 0.052 0.0019 0.0479 0.0521 0.0559 0 (0.00)
PD 0.2584 0.0003 0.2575 0.2585 0.259 228 (100.00)
RD −0.0805 0.0002 −0.0809 −0.0806 −0.0798 0 (0.00)
ID 0.1158 0.0038 0.1068 0.1157 0.1245 228 (100.00)

Lconn 0.0315 0.0012 0.0294 0.0315 0.0343 0 (0.00)
BTBEn 0.0527 0.0669 −0.1141 0.068 0.2052 110 (48.25)

BD −0.0139 0.0008 −0.0158 −0.0138 −0.0125 0 (0.00)
NS 0.0555 0.002 0.0515 0.0554 0.0596 228 (100.00)

NBS 0.3064 0.0821 0.126 0.3124 0.4336 220 (96.49)
RGL −0.0473 0.0016 −0.0496 −0.0474 −0.0421 0 (0.00)
DBV −0.0175 0.0013 −0.0213 −0.0174 −0.0149 0 (0.00)
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The factor detector captures spatial heterogeneity, but its results are not influenced by
whether the relationships between independent variables and the dependent variable are
linear or non-linear [66]. As presented in Table 2, all independent variables exert a signifi-
cant impact on the dependent variable (p < 0.001). Among these, ten built environment
factors exhibit explanatory power exceeding 0.5: third place density (Den_T), population
density (PD), average building age (ABA), number of bus stops (NBS), road betweenness
centrality (BTBEn), building age diversity (BAD), and intersection density (ID) (ranked
from highest to lowest q value, with values ranging from 0.887 to 0.534). The remaining
factors have relatively weak influences on shaping urban vitality.

4.2.2. Model Results Comparison

We further compared the analytical results of the two to determine the compositional
characteristics of the correlation between built environment factors and urban vitality.
The variables significant in OPGD must have a significant correlation with the dependent
variable; however, whether this correlation is linear or non-linear cannot be determined
from OPGD alone. In contrast, the MGWR model relies on a locally linear model for
fitting at each location. Thus, it is believed that variables can exhibit a linear relationship
in those locations where the MGWR model shows significant partial correlations and a
non-linear relationship in areas where the results are not significant, combining the results
of both OPGD and MGWR. From Table 2, it can be inferred that POIs mixture (MP), POIs
equilibrium (EDP), building age diversity (BAD), building age equilibrium (EDBA), average
price of second-hand housing (APSH), average building age (ABA), road density (RD),
road central connectivity (Lconn), building density (BD), green space ratio (RGL), and
boundary vacuum distance (DBV) are associated with vitality. In contrast, the association
between attraction density (Den_P), third place density (Den_T), number of bus stops
(NBS), population density (PD), intersection density (ID), number of subway stations (NS),
and road betweenness centrality (BTBEn) with vitality may simultaneously contain linear
and non-linear components. The absence of indicators with only linear correlation suggests
that non-linear components are universally present in the impact of the built environment
on urban vitality, reflecting the complexity of real-world influences.

4.3. Spatial Heterogeneity
4.3.1. Local Heterogeneity

This study calculated the global autocorrelation coefficient (Moran’s I = 0.801, p < 0.01),
indicating the presence of obvious spatial autocorrelation. Furthermore, we examined
the impact of built environment factors on vitality as it varies spatially, exploring local
heterogeneity using the analysis parameters of the MGWR model. Figure 5 shows the
distribution of regression coefficients of built environment variables that have a significant
influence on grid units.

All grid cells exhibit significant correlations with four key variables: population den-
sity (PD), third place density (Den_T), intersection density (ID), and number of subway
stations (NS). Population density (PD) exerts a positive impact on urban vitality, charac-
terized by higher values in the northwest and relatively lower values in the southeast
(Figure 5a). Third place density (Den_T) exhibits a consistent positive correlation with
urban vitality across the entire study area, with a slightly stronger influence in the south-
east than in the northwest (Figure 5b). Intersection density (ID) has a positive effect on
urban vitality throughout the study region, and the influence intensity generally increases
from the city’s northeast to southwest (Figure 5c). The number of subway stations (NS)
demonstrates a significant positive correlation with urban vitality across the study area,
with minimal spatial variation in the correlation strength (β = 0.051–0.059) (Figure 5d).
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Figure 5. Spatial distribution of local regression coefficients (MGWR). (a) Local regression coefficients
of PD (population density); (b) Local regression coefficients of Den_T (density of the third place);
(c) Local regression coefficients of ID (intersection density); (d) Local regression coefficients of NS
(number of subway stations); (e) Local regression coefficients of Den_P (density of attractions);
(f) Local regression coefficients of NBS (number of bus stops); (g) Local regression coefficients of
BTBEn (population betweenness euclidean). Note: Only units with significant impact are displayed
in color (p < 0.05).
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The significant variables at the 2 km grid scale include attraction density (Den_P) and
the number of bus stops (NBS). Attraction density (Den_P) exerts a negative impact on
urban vitality only in the western part of Xi’an’s central urban area, with no significant
effects in other regions. Within the regions where the impact is significant, the influence
intensity increases slightly from west to east (Figure 5e). The number of bus stops (NBS)
exhibits a significant positive correlation in most areas, except for the southwest edge of
the central urban area, where the correlation is insignificant. In the regions with significant
correlations, the influence intensity generally follows a northwest-southeast distribution
pattern, decreasing slightly toward the northeast and southwest (Figure 5f).

Notably, road betweenness centrality (BTBEn) exerts both positive and negative im-
pacts on urban vitality simultaneously. The regions with significant influences are con-
centrated in the westernmost part of the central urban area and a small eastern area: the
former exhibits a positive impact, while the latter demonstrates a negative impact. Within
the western region, which has a significant influence, the impact intensity is characterized
by lower values in the central part and relatively higher values in the peripheral areas
(Figure 5g).

4.3.2. Stratified Heterogeneity

The risk detector can compute the average impact of specific influencing factors on
urban vitality at a certain stratum, which facilitates the characterization of variations in
impact intensity through comparisons across different strata.

As illustrated in Figure 6, ten factors—including building average age (ABA), second-
hand housing average price (APSH), building age diversity (BAD), building density (BD),
road betweenness centrality (BTBEn), road centerline connectivity (Lconn), building age
evenness (EDBA), POIs equilibrium (EDP), POIs mixture (MP), and road density (RD)—
exert an “inverted U-shaped” impact on urban vitality. Specifically, as the values of these
variables increase, vitality intensity first rises and then declines, exhibiting a distinct
“threshold effect.” For instance, BAD reaches its peak in the fifth interval, indicating that the
threshold of building age diversity’s impact on vitality falls between 1.04 and 1.1 (Figure 6e);
building density achieves the maximum effect on vitality shaping when ranging from 24.5%
to 30.7%, with further increases in density leading to negative effects (Figure 6n); road
density exerts the most substantial positive impact on urban vitality within the interval of
9.18 km/km2 to 11.5 km/km2 (Figure 6i).

Meanwhile, the line graphs of several indicators—including number of bus stops
(NBS), green space ratio (RGL), and boundary vacuum distance (DBV)—exhibit certain
volatility or abrupt changes, with no distinct overall pattern. Additionally, variables
such as attraction density (Den_P), third place density (Den_T), intersection density (ID),
population density (PD), and number of subway stations (NS) generally show a sustained
upward or downward trend, reflecting obvious non-linear correlation characteristics.
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Figure 6. Line charts of risk detector analysis results. (a) Density of Attractions (Den_P) discretized
using the quantile method with five segments; (b) Density of the Third Place (Den_T) discretized
using the geometric interval method with six segments; (c) Mixture of POIs (MP) discretized using
the quantile method with seven segments; (d) Equilibrium Degree of POIs (EDP) discretized using
the quantile method with seven segments; (e) Building Age Diversity (BAD) discretized using the
quantile method with seven segments; (f) Equilibrium Degree of Building Age (EDBA) discretized
using the geometric interval method with four segments; (g) Average Price of Second-hand Housing
(APSH) discretized using the natural breaks method with six segments; (h) Average Building Age
(ABA) discretized using the equal interval method with six segments; (i) Road Density (RD) dis-
cretized using the equal interval method with six segments; (j) Population Density (PD) discretized
using the natural breaks method with seven segments; (k) Intersection Density (ID) discretized using
the quantile method with six segments; (l) Road Centerline Connectivity (Lconn) discretized using
the quantile method with seven segments; (m) Betweenness Euclidean (BTBen) discretized using
the natural breaks method with six segments; (n) Building Density (BD) discretized using the equal
interval method with six segments; (o) Number of Bus Stops (NBS) discretized using the natural
breaks method with six segments; (p) Ratio of Green Land (RGL) discretized using the geometric
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interval method with six segments; (q) Number of Subway Stations (NS) discretized using the
geometric interval method with four segments; (r) Distance to Boundary Vacuum (DBV) discretized
using the standard deviation method with seven segments. Note: The title of each line graph follows
the format “Indicator Code-Discretization Method-Number of Segments”. Discretization methods
include natural breaks (NB), quantile (QU), geometric interval (GEO), equal interval (EQ), and
standard deviation (SD).

4.4. Results of the Interaction Effect

The interaction detector can examine the combined effect of two independent variables
on the explanatory power of the dependent variable. Variable interactions are not limited
to multiplicative forms but can also manifest as non-linear enhancement, bivariate factor
enhancement, and other types [27]. This method is thus applicable to further clarify the
complex impacts of the built environment on urban vitality.

Figure 7 presents the results of the interaction analysis. Pairwise interactions among
all built environment variables enhance the explanatory power for urban vitality. Except
for six groups of non-linear enhancement combinations—Den_P ∩ EDP, Den_P ∩ DBV, MP
∩ DBV, EDP ∩ DBV, EDP ∩ Lconn, and Lconn ∩ DBV—all other interactions belong to
bivariate factor enhancement. The top five combinations with the strongest enhancement
effects are Den_T ∩ NBS, Den_T ∩ ID, Den_T ∩ RD, Den_T ∩ BAD, and Den_T ∩ EDBA,
with corresponding interaction q-values of 0.908, 0.888, 0.882, 0.877, and 0.876. These
results indicate that third place density (Den_T) exerts a broad-based enhancing effect on
the influence of numerous other built environment factors on urban vitality.

Figure 7. Heatmap of analysis results from the interactive detector.
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5. Discussion
5.1. Optimal Scale for Vitality Research

This study integrated the multiscale analysis results of the OPGD method with the
spatial behavior characteristics of the population to determine 2 km as the optimal analysis
scale. First, comparisons across multiple grid scales revealed that the q-values of numerous
built environment variables essentially reached saturation when the grid size increased to
2 km. This indicates that their explanatory power for urban vitality formation had attained
a maximum, being statistically optimal.

Second, the 2 km grid scale aligns with the theoretical framework of the “15-Minute
City” paradigm [14]. This concept emphasizes “chrono-urbanism”, positing that urban
vitality relies on the “hyper-proximity” of essential functions (living, working, supplying,
caring, learning, and enjoying) within a short time radius. Within this 2 km living circle,
community infrastructure and public spaces provide accessible services that support local
residents’ daily lives and social interactions, thereby facilitating the generation and shaping
of community vitality [51,67,68].

Meanwhile, external tourists constitute a significant source of urban vitality in Xi’an.
Empirical studies have shown that tourist destinations within a 2 km radius are more likely
to encourage tourists to adopt slow travel modes or public transportation [69], thereby
enhancing their travel experiences and perceptions. Favorable walking conditions can
attract greater tourist flows, which in turn increase the vitality of spaces surrounding streets
and key scenic spots. These findings indicate that the 2 km spatial analysis scale aligns with
the spatial behavior characteristics of the actual activity population (including residents
and external tourists) and exhibits strong real-world adaptability.

In addition, scholars have noted that smaller analysis scales struggle to capture com-
plex influencing relationships amid fine-grained local variations [70,71]. Our study iden-
tified spatial heterogeneity in the impact of the built environment on urban vitality, and
adopting a 2 km grid scale can mitigate the adverse effects of small-scale analysis on
modeling reliability and analytical accuracy.

5.2. Overall Characteristics of Vitality-Influencing Factors

Regarding the overall results of the MGWR model, seven variables exhibit a significant
positive correlation with urban vitality: attraction density (Den_P), third place density
(Den_T), population density (PD), intersection density (ID), road betweenness centrality
(BTBEn), number of bus stops (NBS), and number of subway stations (NS). This indicates
that these variables have a linear influence on urban vitality. Third place density (Den_T) is
primarily composed of catering services, organized social activity venues, outdoor sports
facilities, and shopping malls, serving as the core urban spaces for residents and tourists to
engage in public interactions [41]. Among these, catering services and venues for organized
social activities are the most representative, as they can accommodate high-frequency, long-
duration social interactions and attract diverse groups of people. Outdoor sports facilities
and shopping malls further complement these functions, providing opportunities for
activities beyond daily consumption and social interaction, thus creating richer experiential
scenarios. Population constitutes a fundamental prerequisite for vitality formation: areas
with high population density typically host a richer diversity of urban activities, thereby
fostering vitality [72]. For intersection density (ID), higher values generally imply smaller
land parcels and a denser road network, which can provide pedestrians with diverse
walking routes, increase street pedestrian flow, and boost commercial vitality [52]. Areas
with a higher concentration of subway stations tend to have higher land development
intensity and mixed land use [73,74]. For the number of bus stops (NBS), as nodes frequently
accessed by various user groups, helps expand the coverage of nearby ‘third places’ and
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promotes frequent, short-term visitation activities, thereby maintaining a lively street
atmosphere [75]. Road betweenness centrality (BTBEn) reflects the potential of a road
to serve as a through traffic corridor, which enhances the visibility and pedestrian flow
of adjacent third places. Roads with higher BTBEn can guide people to a broader urban
area [76], which is crucial for aggregating vitality in surrounding areas.

Notably, several variables were identified as significant solely in the factor detector
results, indicating that these built environment elements may primarily exert non-linear
influences on urban vitality. Combined with the risk detector analysis, this study further ex-
plored the characteristics of the non-linear relationship between the built environment and
urban vitality, revealing a relatively distinct “threshold effect” (i.e., an inverted U-shape):

(1) Structural characteristics of POIs (MP and EDP). Moderate functional mixing enhances
vitality, whereas excessive singularity or a lack of functional dominance leads to
insufficiency. Appropriately balanced POI mixing and evenness are known to promote
pedestrian and leisure activities, thus attracting more foot traffic [77]. However, hyper-
diversification without prominent features can blur an area’s functional positioning,
resulting in an adverse impact on the development of local vitality.

(2) Road network and its structural characteristics (RD, BTBEn, and Lconn). Ample road
density and high accessibility are widely recognized as beneficial [78,79], primarily
by enhancing public transportation, improving walkability, and ensuring access to
destinations. However, this positive relationship is not absolute. Beyond a certain
threshold, excessive road density—often correlated with high connectivity and be-
tweenness centrality—can become counterproductive. In line with Downs’ Law [80],
a denser road network may induce a proportional increase in motor vehicle traffic
(elasticity coefficient ≈ 1).

(3) Aged buildings and their composite features (ABA, BAD and EDBA). Historic build-
ings often possess a unique charm, serving as crucial material embodiments of local
character [81]. The integration of new and old buildings, a core prerequisite for organic
urban regeneration, has also been shown to significantly enhance urban vitality [82,83].
However, when the average building age of an area becomes excessively high, it often
signifies widespread issues, such as functional obsolescence, deteriorated facilities,
and an inability to accommodate contemporary business models [84].

(4) Building density (BD). Moderate building density ensures compact development [85],
providing the physical spatial framework for urban activities and serving as a pre-
requisite for accommodating diverse activities and attracting pedestrian traffic [86].
However, once building density exceeds a certain threshold, its marginal effect on
vitality turns negative. This is primarily because excessive density encroaches upon
urban public spaces, leading to a reduction in spatial comfort and environmental
quality [87,88].

5.3. Spatial Heterogeneity of Vitality-Influencing Factors

The study found that the impact of attraction density (Den_P) (-), number of bus stops
(NBS) (+), and road betweenness centrality (BTBEn) (±) on Xi’an’s urban vitality varies
with geographical location.

In terms of Den_P, grids exhibiting a significantly negative impact are concentrated
in the western part of Xi’an’s central urban area, whereas the impact in the central and
eastern areas is not as pronounced. This may be related to the type of attractions. The
central and eastern parts of the study area are concentrated with Xi’an’s famous attractions
(e.g., City Wall, Bell Tower (BT), Giant Wild Goose Pagoda, Datang Everbright City (DEC))
and important urban man-made scenic areas (e.g., Expo Park (EXP), Xingfu Lindai), which
hold great appeal for tourists and local residents’ leisure [89]. Therefore, an increase in the
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number of attraction POIs in these areas does not yield a significant additional increase in
popularity. In contrast, the eastern region is dominated by large-scale heritage parks (e.g.,
Han Chang’an Archaeological Site Park (HCP)), ecological parks, and theme parks. These
attractions have limited appeal to tourists and residents and are prone to becoming ‘border
vacuum’ areas [57], which is detrimental to the formation of vitality.

Regarding NBS, most areas exhibit a significant positive correlation with urban vitality,
a finding consistent with numerous studies [20,24]. However, a small area in the southwest
showed no significant impact. A potential explanation is that this area is a large-scale
industrial park (SSC), where internal transportation shuttle services already provide conve-
nient transit access for occupants. This internal provision may render the contribution of
municipal public bus stops to enhancing the area’s vitality less critical.

The BTBEn exhibits a significant positive impact in the western part of the study area,
whereas it plays a markedly negative role in a small area in the easternmost region. The
urban road network density in the western area is relatively low, and the degree of network
integration is not high. Enhancing the betweenness centrality in this area helps improve
the network’s connectivity and structure, thereby bringing convenient accessibility and
attracting more human activity. Conversely, the eastern area, which exhibits a significant
negative correlation, features multiple large-scale highway interchanges that restrict sur-
rounding land development (XW, FJC), resulting in a certain degree of spatial isolation [90].
Increasing the road betweenness centrality in an area with these network characteristics
would cause the road’s function to be more oriented towards facilitating rapid vehicu-
lar pass-through, resulting in a greater through-traffic flow. This is detrimental to the
pedestrian-friendliness and commercial agglomeration of the plots along the route [91],
further leading to a decline in regional vitality. It is evident that the impact of road network
structural characteristics on vitality is complex, requiring targeted strategies adopted in
light of the actual situation.

5.4. Interactive Impact of Built Environment Factors on Vitality

Analysis of the interaction effects reveals that third place density (Den_T) exerts a
crucial catalytic influence. It can synergistically promote urban vitality when combined
with most built-environment factors, especially accessibility, the street network, and old
buildings. According to Ray Oldenburg’s third place theory [88], these locations are
typically open, free, and informal public spaces with high accessibility, which facilitate
social interaction and recreational activities. To a great extent, areas with a higher density of
third places are more likely to attract pedestrian flow and spatially overlap with other built-
environment factors, thus jointly generating a composite impact on vitality. Specifically:

Firstly, the strong interaction between Den_T and the number of bus stops (NBS)
suggests that the generation of vitality depends on convenient accessibility, while third
places can enhance vitality in areas with readily available public transportation. Conve-
nient public transportation is a prerequisite for breaking down social isolation [92] and
promoting cross-district mobility within cities [93]. A well-developed public transportation
system brings an adequate flow of visitors to third places, thereby amplifying the role of
commercial, recreational, and social functions in enhancing urban vitality.

Secondly, Den_T exhibits strong interactions with intersection density (ID) and road
density (RD), indicating the importance of “small blocks and dense road networks” in
shaping urban vitality. This empirical finding resonates with the principles of “Network
Urbanism” [29], which posits that vitality is an emergent property arising from the “struc-
tural coupling” of physical form and social function. As noted in previous studies [76,79],
a walkable environment reduces speed and encourages ‘lingering’. From a complexity
science perspective, this interaction verifies that morphological connectivity (dense streets)
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and functional intensity (third places) function as a synergistic system. It is this coupling
that transforms a street from a mere channel of movement into a “place” of exchange,
maximizing the “contact potential” described in pattern language.

Furthermore, a significant synergistic effect on urban vitality was observed when the
Den_T is coupled with the building stock’s average age (BAD) and age equilibrium (EDBA).
This suggests that when third places are embedded within neighborhoods possessing
a rich historical texture and a blend of building vintages, their ability to embody local
cultural characteristics is amplified, thereby generating stronger attractiveness [42]. This
finding corroborates previous research, which indicates that a diversity of interaction
spaces within historical contexts can foster multidimensional social, economic, and cultural
activities [94,95], while simultaneously enhancing place identity and overall appeal [96–98].

While the interaction effect analysis reveals the mechanism by which factors such as
third place density, public transport accessibility, street networks, and historical buildings
jointly shape urban vitality in Xi’an, the applicability of these findings remains influenced
by differences in city type. Xi’an’s central urban area boasts a rich historical foundation,
high population density, and a strong coupling between commerce and tourism; its vitality
structure relies more heavily on cultural venues, historical districts, and pedestrian net-
works. Therefore, the interaction reinforcement mechanism identified in this study has
substantial reference value for similar international historical cities.

6. Conclusions
The built environment is a fundamental determinant in shaping urban vitality. Our

research empirically investigates the central urban area of Xi’an, employing an analytical
framework constructed to deconstruct these complex influencing mechanisms. The study
first addresses the critical issue of spatial scale by identifying the most appropriate analytical
unit for the Xi’an context. Following this, the framework differentiates between the overall
(global) and local-level (spatially heterogeneous) effects of the built environment. The
analysis then moves beyond simplistic linear assumptions to investigate both the non-
linear characteristics of these influences and the synergistic, interactive impacts among
key elements of the built environment. These innovative findings and detailed insights
provide novel, evidence-based perspectives for urban regeneration strategies that aim to
promote vitality.

Based on research findings, we propose that urban decision-makers and planners
should abandon uniform approaches and adopt place-based urban regeneration strategies
tailored to local characteristics to enhance vitality more precisely (Table 4). For heritage
protection areas (such as old towns), built environment improvements should focus on
organic regeneration, integrating the “new and old” by preserving heritage buildings
while enhancing the cultural atmosphere-shaping effect of third places to maximize their
attractiveness. In peripheral areas (such as new towns), policy should focus on optimizing
road network density, constructing a “small blocks and dense road networks” pedestrian
network, and actively introducing third places to catalyze pedestrian flow and create
a pleasant living and leisure environment. Furthermore, for areas impacted by large
transportation facilities or spatial isolation, mitigating the “boundary vacuum” effect
is key to revitalization; this necessitates avoiding further through-traffic-oriented road
construction and instead establishing convenient slow-traffic systems to foster a walkable,
vibrant neighborhood environment. Overall, there are two primary strategies applicable to
almost all regions: the careful regulation of moderate development intensity and density,
and a strategic prioritization of the wide-ranging, catalytic role that third places provide.
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Table 4. Targeted planning suggestions for urban regeneration.

Areas Measures

Heritage protection areas

· Adopt organic renewal and
emphasize the integration of old and
new fabric

· Introduce third places to enhance
cultural appeal

· Optimize the ground public
transportation system

Peripheral areas
· Implement appropriate block scales
· Strategically distribute public spaces

Areas impacted by large transportation
facilities or spatial isolation

Adjust regional road density and
development intensity

It is worth noting that this study is based on the urban spatial type of Xi’an’s central
urban area, which features high density, historical continuity, and strong tourism charac-
teristics. Therefore, its conclusions should be applied cautiously when considering other
cities. For cities with similar rich historical and cultural heritage, diverse streetscapes,
and a high degree of overlap between population and tourism functions, the analytical
framework and findings proposed in this study are highly applicable. However, for cities
with significant differences in morphological structure, their built environment structure
and traffic behavior patterns differ fundamentally from those of the subjects of this study,
and the results may not be directly applicable. Therefore, when extending this study across
different morphological types, it is necessary to re-verify it in conjunction with the local
spatial structure, transportation system, and governance model.

Of course, our research has several limitations that warrant acknowledgment. First,
although we strive to maintain temporal consistency by using 2023 as the base year and
updating indicators as closely as possible to reflect the most recent period, there are update
lags due to the fixed release cycles of some datasets (such as the census). Given that the
study area did not experience significant environmental or structural changes between 2020
and 2024, we expect the resulting bias to be relatively limited, but it should still be consid-
ered a potential source of uncertainty. Second, in addition to the limitations of the data, it is
necessary to acknowledge some additional sources of uncertainty. Urban vitality is affected
by short-term temporal dynamics—such as policy adjustments, population changes, or
event-driven fluctuations—which are not captured in our cross-sectional design. More-
over, non-built environment factors, including governance practices and socio-economic
conditions, may interact with the built environment in ways not fully represented in our
model. Third, the empirical analysis is predicated on cross-sectional data. This static
approach, while effective for revealing spatial patterns, cannot capture the longitudinal
dynamics of vitality or the underlying driving mechanisms, nor can it definitively estab-
lish causality between the built environment and vitality. Finally, while our framework
confirmed the pervasive non-linear relationships between built environment factors and
urban vitality, the discretization of indicators required by the OPGD methodology makes it
difficult to identify precise impact thresholds. Future research could expand upon these
findings by incorporating a longitudinal data dimension, analyzing from a spatiotemporal
perspective to explore causal relationships. Concurrently, machine learning algorithms
(e.g., GBDT, Random Forest) could be employed to identify specific impact thresholds,
providing a quantitative, index-based regulatory basis for renewal planning. Overall,
notwithstanding these areas for improvement, this research provides a beneficial empirical
study focused on an internationally famous historical city, offering critical evidence and a
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methodological reference for similar urban contexts seeking to enhance vitality through
built environment interventions.
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