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Abstract

Urban innovation spaces are crucial to stimulate innovative thinking and facilitate the
integration of science, technology, and humanities. On the one hand, existing research on
urban innovation spaces focuses on spatial patterns, associated networks, and spillover
effects. They are limited to the macro scale and lack of innovation subject perspective.
On the other hand, few studies have explored factors influencing the distribution by
examining the needs of innovative talent. This study aimed to identify the evolution
mechanism of urban innovation spaces. In total, 36,519 high-tech enterprises in Guangzhou
from 2008 to 2023 were selected to represent urban innovation spaces. Spatial analysis
methods and statistical methods were employed to investigate the spatiotemporal dynamic
characteristics. Furthermore, employing multiscale geographically weighted regression,
the study identifies multiple factors influencing the development of innovation spaces from
the dual perspectives of the innovation environment and services. The results indicated
that characterized by a southeast-northwest orientation, the urban innovation spaces of
Guangzhou have displayed an apparent point–axis–face structural evolution, expanding
from the central district into sparsely distributed in the suburbs. The factors influencing the
distribution of urban innovation spaces, ranked by their degree of impact, were as follows:
vehicle carrying, research institutions, public park, living convenience, university resources,
business hotel, industrial structure height, and metro station. These findings facilitated
the understanding of urban innovation space development and grasped the influencing
factors and their functioning mechanisms. They provided references for innovation space
planning amidst urban stock development.

Keywords: urban innovation spaces; spatiotemporal dynamic; influencing factors; high-
tech enterprises; multiscale geographically weighted regression

1. Introduction
Innovation is the driving force of high-quality economic growth [1]. Scientific and

technological innovation has become a powerful engine for urban development as China
advances its strategy for innovation-driven development. Globally, urban spaces rich
in intellectual resources (e.g., Silicon Alley in New York and Zhongguancun in Beijing)
have emerged [2]. Urban innovation space, pivotal to the new economy, is the core unit
for executing national strategies and has become a hot topic in academic research [3,4].
Their spatiotemporal dynamics and influencing factors are essential to promote innovation
elements and innovation space planning.
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Interest in innovation research has surged since Schumpeter first integrated inno-
vation theory into economic discourse [5]. The topic of innovation space has become a
focal point across various disciplines and dimensions and yielded rich insights as spa-
tial developments in humanities and social sciences progress. The concept of innovation
space is not well-defined, with varying perspectives ranging from narrow to broad. In
a narrow sense, it refers to the geographic location for innovative activities [6,7]. In a
broad sense, innovation space is a composite urban area that supports innovation activities,
encompassing innovation subjects, innovation services, innovation talents, and innovation
environment [8,9]. This study adopts a broad perspective in understanding urban innova-
tion spaces. In this framework, innovation subjects are the entities engaged in innovation
activities. The innovation environment encompasses natural resources, collaborative, and
industrial infrastructure that provide external support to innovation subjects. Innovation
services provide auxiliary services to innovation subjects (e.g., catering, accommodation,
and transport services).

Previous research mainly focuses on four aspects: (1) Innovation space patterns char-
acterized by different carriers. Researchers examined these carriers within urban contexts,
focusing on micro-level elements, including universities [10,11], companies [12], and sci-
ence parks [13,14]. The majority of researchers use innovation inputs and outputs, such
as R&D expenditures, patent applications or authorizations, the number of research pa-
pers published [15–17], and the spatial distribution of innovative subjects (e.g., scientific
research institutions, universities, and enterprises) to delineate innovation spaces [18,19].
Statistical tools like the Gini coefficient, kernel density estimation, and spatial autocor-
relation are applied to analyze the spatial pattern at various scales, from countries to
regions (e.g., countries, urban agglomerations, metropolitan areas, and inter-provinces)
across various scales. (2) Spatial relations and networks in innovative activities. Prior
studies developed index systems from a regional economics viewpoint and applied spatial
measurement models to assess the intensity of innovation relationships and examine in-
novation network structures [20,21]. Recent research integrates green development and
innovation, incorporating ecological indices to analyze green innovation spaces in line
with China’s ecological civilization goals [22,23]. (3) Spillover effects of innovation spaces.
Traditional measurement models exclusively reflect regional average effects and neglect
spatial autocorrelation and heterogeneity, which skews results [24]. Researchers use spatial
measurement models, like spatial autoregression (SAR), spatial errors model (SEM), and
spatial Durbin model (SDM), to investigate the spillover effects of innovation spaces [25,26].
(4) Influencing factors and formation mechanisms of innovation space differences. Re-
searchers typically considered economic and social perspectives (e.g., policies, foreign
investment, economic level, and industrial clusters). Nonetheless, the personal needs of
innovative individuals, who are the architects of these spaces, are often overlooked [27–29].

Accordingly, we argue that four research gaps in the existing innovation spaces lit-
erature should be addressed. Firstly, these studies have focused mainly on macro scales
with insufficient precision and have neglected the internal scale within cities. Secondly,
dynamic spatiotemporal evolution has received less attention. Innovation spaces do not
start with inherent innovation capabilities; instead, these abilities evolve. Thus, studying
the evolutionary characteristics of innovation spaces unveils their developmental trends.
Input and output data are commonly used to describe the innovation space pattern due
to the difficulty in obtaining innovation statistics. This approach neglects the innovative
subject. Numerous factors influencing innovation spaces have been identified in research,
but understanding them from a spatial heterogeneity perspective remains challenging.

Meanwhile, innovation subjects are at the core of innovation spaces. Enterprises oper-
ate at the forefront of the market; they play a pivotal role in integrating new technologies
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and ideas into products and services, making them the most prevalent, market-savvy,
and dynamic innovation subjects. Specifically, high-tech enterprises, with their advanced
knowledge technology and rigorous certification standards, mirror the state of urban in-
novation space [30,31]. Previous studies have also examined high-tech enterprises in the
context of innovation, further validating the feasibility of this study [32,33].

This study broadly delineated the concept of urban innovation space through high-
tech enterprises based on the internal scales of cities, with a focus on Guangzhou as
a case. Specific objectives include: (1) Analyze the spatiotemporal dynamic patterns of
Guangzhou’s urban innovation spaces to identify primary agglomeration areas. (2) Analyze
factors influencing the distribution of innovation spaces and their spatial heterogeneity
using the multiscale geographically weighted regression (MGWR) model. The results
can facilitate a deep understanding of the evolution of urban innovation spaces and their
action mechanism, providing research support for innovation space planning amidst
ongoing development.

2. Materials and Methods
This study explored the spatiotemporal dynamic characteristics and the influencing

factors by using raw data obtained from multivariate big data. Figure 1 describes the
research design steps of this study.

Figure 1. Research flowchart.

2.1. Study Area

The study area is Guangzhou, which is a national center city serving as a pivotal
hub for politics, economy, military, culture, science, and education in South China. The
city is rich in scientific and technological talents and boasts numerous urban innovation
spaces. There are over 12,300 high-tech enterprises and more than 16,700 science and
technology-based small- and medium-sized enterprises in Guangzhou, according to the
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Office of Science and Technology [34]. Notably, 116 out of 153 domestic-listed companies
are high-tech enterprises, underscoring the formidable strength of Guangzhou’s high-tech
sector. Guangzhou was divided into the central district, suburbs, and outer suburbs based
on the Guangzhou Master Plan (2017–2035) [35]. Meanwhile, a grid system was used
to segment the administrative districts of Guangzhou, which facilitated data integration
during the adjustment of administrative divisions and analyzed the internal structure
of the city. Considering sample size and data availability, the administrative districts of
Guangzhou were divided by a grid scale of 1000 × 1000 m. The basic units for spatial
analysis were determined, totaling 7822 (Figure 2).

Figure 2. 1000 m × 1000 m grid scale of Guangzhou city area.

2.2. Data Source and Processing

This study adopted the industrial and commercial registration data of high-tech en-
terprises from 2008 to 2023, published by the Department of Science and Technology of
Guangdong Province, to explore the evolution of innovation spaces. In the analysis of
influencing factors, the study focuses on high-tech enterprises that were actually in opera-
tion in 2023. In order to avoid the endogenous problem of the model, the economic and
social development data and POI data of 2022 were adopted, which were mainly obtained
from Guangzhou Statistical Yearbook and Autonavi map. Geospatial data came from the
Guangzhou map in the Tianditu system of the National Geographic Information Public
Platform (Figure number: GS (2024) 0650) [36]. In addition, we verified and supplemented
the road network and river information using OpenStreetMap dataset.

The validity period for high-tech enterprise status was three years, according to
Administrative Measures for the Certification of High-tech Enterprises from the Ministry
of Science and Technology in 2008. Enterprises must reapply for certification before their
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status expires to ensure uninterrupted renewal. Therefore, three years was deemed as the
update cycle for these enterprises. The study mapped urban innovation spaces by selecting
the actual certificated high-tech enterprises in Guangzhou from 2008 to 2023. Years 2008,
2011, 2014, 2017, 2020, and 2023 were chosen for research at intervals of three years. For
instance, new high-tech enterprises in 2023 were certified and reviewed between 2021 and
2023, with similar patterns applying to the other years. Qichacha Limited was used to bulk
collect company names, addresses, establishment dates, and industries. Spatial locations
were determined using Amap geocoding technology based on company addresses after
data cleaning and integration. A total of 36,519 valid data points were processed by the
WGS1984 geographic coordinate system and the UTM-projected coordinate system. The
number of high-tech enterprises actually existing within the grid of 1 km2 in 2023 was
chosen as the dependent variable. Independent variables included the built environment
and the service environment. This research considered 8 subtypes and 17 variables in total
(Table 1).

Table 1. Influencing factors of the spatial distribution of urban innovation.

Influence Factor Variable Unit Variable Interpretation

Innovation
Environment

Landscape
Resources

Scenic Resources (SR) km Distance from the center of the grid to the
nearest scenic spot

Public Park (PP) km Distance from the center of the grid to the
nearest public park

Collaborative
Innovation

University
Resources (UR) km Distance from the center of the grid to the

nearest university
Research Institutions

(RI) km Distance from the center of the grid to the
nearest scientific research institution

Industrial Park (IP) km Distance from the center of the grid to the
nearest industrial park

Capital
Strength

Industrial Structure
Height (ISH) % Share of tertiary production value in GDP of

each administrative district in the grid
Degree of Economic

Development (DOED)
10,000
yuan

Per capita GDP of each administrative
district within the grid

Innovation
Service

Convenience
Services

Living Convenience
(LC) piece Number of residential communities within

the grid
Vehicle Carrying (VC) piece Number of parking lots in the grid

Catering and
Shopping

Catering and
Food (CAF) piece Number of catering facilities in the grid

Shopping and
Consumption (SAC) piece Number of supermarkets and shopping

centers in the grid
Public

Transport
Bus Stops (BS) piece Number of bus stops in the grid

Metro Stations (MS) piece Number of metro stations within the grid

Cultural and
Leisure

Science, Education,
and Culture (SEAC) km

Distance from the center of the grid to the
nearest science, education, and cultural

facilities, such as libraries, museums, and
exhibition centers

Leisure
Entertainment (LE) km

Distance from the center of the grid to the
nearest leisure and entertainment facilities,

such as cinema, theatre, KTV, and bar

Financial and
Business

Business Hotel (BH) km Distance from the center of the grid to the
nearest hotel

Financial
Consulting (FC) km

Distance from the center of the grid to the
nearest bank, investment, and

insurance facility
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2.3. Research Methods
2.3.1. Standard Deviation Ellipse

The standard deviation ellipse (SDE) is used to analyze the overall distribution of
Guangzhou’s urban innovation spaces. The spatial scope and direction of the main body of
innovation spaces are uncovered by determining the central position and orientation of
distribution. The calculation formula is as follows:

SDEx =

√
∑n

i=1(xi − x)2

n
(1)

SDEy =

√
∑n

i=1(yi − y)2

n
(2)

The angle of rotation is calculated as follows:

tanθ =

(
∑n

i=1
∼
xi

2
− ∑n

j=1
∼
yj

2
)
+

√(
∑n

i=1
∼
xi

2
− ∑n

i=1
∼
yi

2
)2

+ 4
(

∑n
i=1

∼
xi

∼
yi

)2

2∑n
i=1

∼
xi

∼
yi

(3)

The standard deviation is calculated as follows:

σx =
√

2

√√√√ ∑n
i=1

(∼
xi cosθ − ∼

yisinθ
)2

n
(4)

σy =
√

2

√√√√ ∑n
i=1

(∼
xi cosθ +

∼
yisinθ

)2

n
(5)

In the formula, SDEx and SDEy are the variances of the ellipse in the direction of x-axis
and y-axis; xi and yi are the spatial location coordinates of the i-th high-tech enterprises; x
and y are the arithmetic mean centers of all the high-tech enterprises; n is the number of
the high-tech enterprises; θ refers to the angle of rotation of the ellipse; and

∼
x and

∼
y are the

deviations between the coordinates of the spatial location of the high-tech enterprises and
the mean center.

2.3.2. Spatial Autocorrelation Model

Spatial autocorrelation, encompassing global and local aspects, is a data analysis and
visualization method to assess spatial correlation based on spatial dependence and hetero-
geneity. Global and local spatial autocorrelations are utilized to identify the correlation
and variations in Guangzhou’s innovation spaces, which accurately depict the clustering
intensity of these spaces. Moran’s I is commonly used for measurement. The calculation
formula is as follows:

I =
n∑n

i=1 ∑n
j=1

(
Xi − X

)(
Xj − X

)
∑n

i=1 ∑n
j=1 Wij ∑n

i=1
(
Xi − X

)2 (6)

In the formula, n is the number of high-tech enterprises; Xi and Xj are the data of
high-tech enterprises in units i and j, respectively; X is the sample average; and Wij is the
spatial weight matrix of units i and j.

2.3.3. General G-Statistic

The General G statistic is employed to quantify and assess spatial autocorrelation
resulting from high-value or low-value clustering. A higher G value indicates that the
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attribute values of the units in the study area exhibit a high-value clustering, whereas a
lower G value indicates low-value clustering. The calculation formula is as follows:

G =
∑n

i−1 ∑n
j−1 WijXiXj

∑n
i=1 ∑n

j=1 XiXj
(7)

In the formula, n is the number of units (grid cells); Xi and Xj are the data of high-tech
enterprises in units i and j, respectively; and Wij is the spatial weight matrix of units i and j.

2.3.4. MGWR Model

The MGWR model is a local linear regression method elucidating the spatial relation-
ship between independent and dependent variables by modeling spatial variability [37].
Each factor in the MGWR model has a specific bandwidth to analyze the differentiation of
different independent variables, in contrast to ordinary least squares (OLS) and geographi-
cally weighted regression (GWR). The MGWR model reveals the varying influences due to
spatial heterogeneity and manifests the uneven spatial distribution of these influences [38].
This study used the MGWR model to explore the factors influencing the distribution of
urban innovation spaces. The calculation formula is as follows:

Yi =
k

∑
j=1

βbwj(ui, vi)Xij + εi (8)

In the formula, Yi is the number of high-tech enterprises in the grid of 1 km2; Xij is the
factor influencing the spatial distribution of high-tech enterprises; βbwj

is the regression
coefficient of the j-th influencing factor; the plus and minus of the coefficient represent
the positive and negative correlations between the parameter and the spatial position,
respectively; the numerical magnitude indicates the correlation degree; subscript bwj is the
bandwidth applicable to the regression coefficient of the j-th influencing factor; and (ui, vi)

is the center-of-mass coordinate of the grid.

3. Results
3.1. Spatiotemporal Dynamic Characteristics
3.1.1. Spatial Aggregation Characteristics

As shown in Figure 3a, the number of newly identified high-tech enterprises in
Guangzhou exhibits a distinct two-phase shift. From 2008 to 2015, the annual increase
remained at a relatively low and stable level. But after 2016, it experienced explosive
growth. This is linked to adjustments in Guangzhou’s policies regarding the designation
of high-tech enterprises. Meanwhile, the number of high-tech enterprises was counted
within a 10 km radius centered on the Guangzhou Municipal Government. The data reveal
that innovation spaces are not only highly concentrated in the city center but also exhibit
a significant peak within the 10–20 km range, indicating a gradual outward diffusion
(Figure 3b).
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Figure 3. Characteristics of the number of high-tech enterprises in Guangzhou.

The spatial distribution of high-tech enterprises is affected by the surrounding envi-
ronment, demonstrating spatial autocorrelation. Moran’s I > 0 and p < 0.01, as indicated by
the measurement of index I (Table 2), reveal that the distribution of Guangzhou’s urban
innovation spaces exhibited a significant positive spatial correlation. Specifically, there was
a significant agglomeration effect that intensified annually. Moran’s I rose from 2008 and
peaked in 2020, indicating that the agglomeration of innovation spaces accelerated and the
correlation increased. Following this peak, the index experienced a slight decline, signaling
a deceleration in the agglomeration rate and the onset of a new developmental phase. The
fluctuations in Moran’s I reflected the complex evolution of the distribution of innovation
spaces in Guangzhou.

Table 2. Moran’s I index of urban innovation spaces in Guangzhou, 2008–2023.

Year
The Moran’s I Index The General G Index

Values Z-Score p-Value Values Z-Score p-Value

2008 0.335 42.408 0.000 0.150 × 10−4 42.378 0.000
2011 0.378 46.945 0.000 0.100 × 10−4 46.902 0.000
2014 0.401 50.402 0.000 0.110 × 10−4 50.346 0.000
2017 0.459 56.950 0.000 0.080 × 10−4 56.847 0.000
2020 0.462 57.116 0.000 0.070 × 10−4 56.994 0.000
2023 0.461 56.666 0.000 0.060 × 10−4 56.512 0.000

However, while Moran’s I highlights the presence of spatial clustering, it does not
distinguish between high-value and low-value clusters. In contrast, the General G index,
which decreased from 0.150 × 10−4 to 0.06 × 10−4, with Z > 0 and p < 0.01, confirms
the presence of significant high-value clustering. The fluctuations in both Moran’s I and
the General G index reflect a weakening in the intensity of high-value clustering, yet the
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distribution of innovation spaces in Guangzhou remains a characteristic of significant
spatial agglomeration.

As illustrated in Figure 4, local indicators of spatial association (LISA) cluster maps are
employed to identify the agglomeration locations of innovation spaces. It can be found that
high-high (H-H) clusters of urban innovation spaces are concentrated in the central district
and suburb district, with these central districts intensifying over time and expanding their
overall agglomeration scope. Low-high (L-H) clusters areas were circularly around these
H-H clusters. Besides, the number of L-H clusters has decreased since 2017. Low-low (L-L)
clusters are prevalent in the district boundaries, where industrial activities are scarce. The
overall extent of agglomerations expanded, indicating the characteristics of central-district
agglomeration—suburban sparsity.

Figure 4. LISA agglomeration maps of urban innovation space in Guangzhou.

3.1.2. Center of Gravity and Evolutionary Trends

The ArcGIS 10.6.1 software was used to obtain the SDE of urban innovation spaces
distribution (Figure 5). The center of the ellipse remained situated in the Huanshi East
Road—Tianhe Road area, with a slightly circumferential shift. The coverage consistently
encompassed the urban center district and suburb district, indicating a strong association
between innovation spaces and the regional economic center. Typically, industries closer
to the central district benefit from the spillover effects of platform advantages, scientific
manpower, and broad markets. In terms of the evolutionary trend, the ellipse maintained
a direction of approximately 25◦ north by west with a low degree of oblateness. Thus,
the distribution of innovation spaces showed a southeast-northwest development orien-
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tation, which spatially aligned with Guangzhou’s strategy of eastward advancement and
southward expansion.

Figure 5. Standard deviational ellipse of urban innovation space in Guangzhou.

3.1.3. Spatiotemporal Distribution Characteristics

The number of high-tech enterprises from 2008 to 2023 was assigned to each grid
to map enterprise distribution, showing distinct point–axis–plane structural evolution
(Figure 6).

Year 2008–2011: point-shaped expansion. Urban innovation spaces were clustered
in the Huanshi East Road–Tianhe Road area and the Huangpu Science City area in 2008,
forming point-shaped cores. The rest of the area was sporadically scattered with innovation
spaces, which expanded from those two cores. The Huancheng East Road–Tianhe Road
area was formed due to its proximity to the Guangzhou Huanshi East Business Circle
and the Tianhecheng Business Circle in the west. Additionally, the area was near the
Wushan–Shipai Higher Education Park in the east, which facilitated knowledge spillovers
through institutions of higher learning (e.g., South China University of Technology and
Guangdong University of Technology). The Huangpu Science City area was concentrated
at the administrative boundary of the Huangpu and Tianhe Districts. The government
prioritized innovation cultivation in the industry development zone. This manifested
the efficacy of policies in shaping the core of innovation spaces. These spaces remained
concentrated in a dot-like core with small-scale expansion in 2011 because innovation
entities did not disperse due to the post-financial crisis recovery of financial resources and
talent [39].
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Figure 6. Spatiotemporal evolution process of urban innovation space in Guangzhou.

Year 2011–2017: axial distribution. Innovation spaces showed axial distribution, with
most areas expanding upon the previous stage in alignment with Guangzhou’s strategy.
Some areas extended eastward with the eastern development zone to create a cohesive unit
from the core of Huangpu Science City. Consequently, an innovation corridor of Shenzhou
Road–Kaitai Avenue–Kaichuang Avenue was formed. The Huanshi East Road–Tianhe
Road area expanded southward beyond the Inner Ring Road and reached out to other
universities and scientific research institutions. Peripheral regions exhibited innovation
spaces due to axial spread, indicating the outward expansion of innovation activities across
broader areas.

Year 2017–2023: agglomerations in plane. Innovation spaces in this stage spread on
both sides of the axis into the city’s peripheral regions based on the axial distribution in
2017. Notable expansion and contiguous zones of innovation spaces emerged in Baiyun and
Huadu Districts on the northern periphery, as well as in Panyu and Nansha Districts in the
south. However, innovation sub-centers did not appear. Zengcheng and Conghua District
exhibited increased innovation spaces, thanks to policy support and transportation im-
provement. Besides, peripheral regions boasted robust innovative vitality. The distribution
of innovation spaces reached unprecedented levels in 2023. Innovation activities expanded
from the central district to encompass the entire city, which resulted in multiple primary
and secondary core areas covering the urban and key peripheral regions. Nansha, Panyu,
and Conghua District displayed significantly increased innovation activities, indicating
remarkable advancements in Guangzhou’s innovation-driven development.
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3.2. Spatial Differentiation of Influencing Factors
3.2.1. Comparison of Models

As shown in Table 3, although the central district accounts for only 4.3% of the total
number of grid cells, its average density is 37.48 establishments per grid cell, which is
significantly higher than the average (1.66). Meanwhile, the quartiles for both the outlying
districts and the overall sample are 0, further confirming that the distribution of innovation
spaces in Guangzhou exhibits significant heterogeneity. Based on the previous analysis, a
significant agglomeration trend was observed in Guangzhou’s central district and suburbs,
which were chosen for the analysis of factors influencing this trend.

Table 3. Descriptive statistics of the sample.

Area

Number of Grid Cells Number of High-Tech Enterprises

Number Percentage Min Max Mean Quartiles
(25%, 50%, 75%)

Central District 339 4.33% 0 152 37.48 0,1,4
Suburb District 888 11.35% 0 216 4.65 0,1,4

Outer Suburb District 6595 84.31% 0 146 0.79 0,0,0
Total 7822 100.00% 0 216 1.66 0,0,0

To focus on this agglomeration trend and avoid statistical bias caused by zero-value
grids, the sample for regression analysis was refined to 673 grid cells, and 7803 high-tech
enterprises within the area were identified, with an average of 11.59 per cell. The data met
the convergence criteria for Gaussian distribution, making the MGWR model applicable.
The SPSS 26 software was used to standardize data and conduct multicollinearity tests.
The variance inflation factor (VIF) of the model was below 10, which satisfied the criteria
for using the MGWR model and eliminated the influence of variable collinearity [35].
Meanwhile, compared to OLS and GWR model, the MGWR model had a higher goodness
of fit (0.521) (Table 4). Besides, it also had a lower AICc and residual sum of squares, which
made it the optimal choice for regression analysis.

Table 4. Comparison of OLS, GWR and MGWR model indicators.

Model Indexes Sum of Squares
of Residuals AICc R2 Adjusted R2

OLS 571.289 1838.783 0.151 0.129
GWR 430.825 1816.508 0.360 0.263

MGWR 322.229 1622.418 0.521 0.448

3.2.2. Analysis of the Coefficient Spatial Pattern

Factors influencing the distribution of Guangzhou’s innovation spaces exhibit spatial
heterogeneity at different scales. The bandwidth in MGWR represents the spatial scale of
each variable’s influence. In this study, an adaptive kernel was used, where the bandwidth
unit is the number of neighbor grids. The bandwidth of the OLS model is 673, indicat-
ing global fitting. Thus, the OLS model cannot reflect spatial differences (Table 5). The
GWR model has an optimal bandwidth of 283, which covers 42% of the sample size. In
contrast, the bandwidth of the MGWR model falls in [47,672], which allows the model
to reflect the differentiation of different variables and determine the specific coefficient
for the spatial sample unit. Bandwidths are classified into local and global categories.
Locally, the industrial structure altitude, living convenience, capacity to accommodate
vehicles, and the number of subway stations have specific bandwidths of 47, 116, 168,
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and 49, respectively. These factors exhibit significant spatial heterogeneity in influencing
the distribution of innovation spaces. On the near-global and global scales, 13 variables
(e.g., landscape resources and distances to public parks, universities, and scientific research
institutions) have bandwidths close to 672, suggesting insignificant spatial heterogeneity.
The distribution of innovation spaces is less affected by these factors. Additionally, the
p-value tests for nine influencing factors (e.g., landscape resources and industrial parks)
are insignificant, so they are not further elaborated in this study.

Table 5. Statistical description of MGWR regression coefficient.

Variable

Bandwidth Model Coefficient Proportion (%)

MGWR GWR Mean Standard
Deviation Min Max p < 0.05 + −

Intercept 672.000 283.000 −0.090 0.391 2.504 0.661 100.000 0.000 100.000
SR 672.000 283.000 0.056 0.081 0.085 0.222 0.000 0.000 0.000
PP 629.000 283.000 −0.126 0.119 0.399 0.027 65.379 0.000 100.000
UR 672.000 283.000 −0.094 0.123 0.516 0.173 73.848 0.000 100.000
RI 672.000 283.000 −0.225 0.192 0.659 −0.001 44.887 0.000 100.000
IP 671.000 283.000 −0.059 0.090 0.294 0.104 0.000 0.000 0.000

ISH 47.000 283.000 0.077 0.392 0.567 2.914 26.300 58.100 41.900
DOED 672.000 283.000 0.101 0.199 1.326 0.422 0.000 0.000 0.000

LC 116.000 283.000 −0.109 0.346 1.045 0.401 16.345 55.130 44.870
VC 168.000 283.000 0.300 0.426 0.191 1.553 24.963 89.450 10.550

CAF 672.000 283.000 0.065 0.215 0.375 0.675 0.000 0.000 0.000
SAC 672.000 283.000 −0.146 0.134 0.451 0.059 0.000 0.000 0.000
BS 667.000 283.000 0.005 0.098 0.156 0.364 0.000 0.000 0.000
MS 49.000 283.000 −0.003 0.226 0.518 0.349 21.545 76.670 23.330

SEAC 672.000 283.000 0.014 0.034 0.096 0.124 0.000 0.000 0.000
LE 672.000 283.000 0.022 0.110 0.142 0.339 0.000 0.000 0.000
BH 672.000 283.000 0.084 0.097 0.133 0.317 44.131 100.000 0.000
FC 672.000 283.000 0.024 0.112 0.116 0.464 0.000 0.000 0.000

Note: Bandwidth indicates the number of nearest neighbor grid cells. The symbol “+” indicates a significant
positive coefficient relative to all significant coefficients, while the symbol “−” indicates a significant negative
coefficient relative to all significant coefficients.

Built environment. The built environment is key to the agglomeration of innovation
spaces. Factors influencing the distribution of innovation spaces, ranked by their mean
absolute value of impact strength, are as follows: RI (0.225) > PP (0.126) > UR (0.094) > ISH
(0.077) (Table 5).

Negative related influencing factors include distances from the center of the grid to
the nearest public park, university, and scientific research institution. Urban innovation
spaces are more prevalent near public parks, as their distribution inversely correlates
with the distance to these areas. The distance to public parks exhibits insignificant spatial
heterogeneity with a bandwidth of 629, nearly on a global scale. Figure 7a shows the
spatial distribution of the regression coefficient for this distance. The coefficient decreases
from west to east in [−0.399, 0.027]. Places with abundant landscape resources attract
skilled professionals and enterprises thanks to their pleasant working environments. This
attraction indirectly boosts the development of innovation spaces. The significance of a
superior ecological setting in drawing talent to an area is well-documented in previous
research [40,41]. Meanwhile, innovation spaces are also more likely to be found near
universities and scientific research institutions. Figure 7b,c illustrates the distribution of
the regression coefficients for these distances. Coefficients decrease from west to east
in [−0.516, 0.173] and [−0.659, −0.001], respectively. Both factors have a bandwidth of
672, indicating a global scale with limited spatial heterogeneity. Proximity to universities
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and scientific institutions enables resource sharing and technology transfer and reduces
operating costs, making these areas more attractive to innovators [42]. The industrial
structure height is positively correlated with innovation space agglomeration, showing
significant spatial heterogeneity with a bandwidth of 47. Figure 7d depicts the coefficient
decreases from west to east in [−0.069, 0.015].

Figure 7. Spatial distribution of regression coefficients of the MGWR model.

The industrial structure positively influences the agglomeration of innovation spaces,
mainly in the central district. The dominance of the tertiary industry in the structure often
reflects robust regional economic development and strength, as well as the ability to attract
innovative resources. Innovative activities tend to concentrate in economically developed
areas for greater agglomeration effects.

Service environment. The service environment provides comprehensive services for
innovative subjects, catering to the needs of innovative talents in terms of residence, food,
cultural recreation, public transportation, and financial services. Factors influencing the
spatial distribution of urban innovation, ranked by the mean absolute value of their impact
strength, are as follows: VC (0.300) > LC (0.109) > BH (0.084) > MET (0.003) (Table 5).

Negative related influencing factors include the number of residential communities
and metro stations. Living convenience has a bandwidth of 116 with medium spatial
heterogeneity. Figure 7e shows the coefficient decreases from west to east in [−1.045, 0.401].
Residential communities in over half of the regions negatively correlate with the distribution
of urban innovation spaces, while a few regions show a positive correlation. A farther
distance to most residential communities indicates a high concentration of innovation
spaces. Modern cities feature zoning that separates residential, commercial, and industrial
functions. This zoning diminishes interactions between functional activities. The number
of metro stations, with significant spatial heterogeneity, has a bandwidth of 49. Figure 7f
shows that the coefficient decreases from west to east. This factor positively correlates with
innovation spaces in the central district and shows a negative correlation in the suburbs, a
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trend related to the distribution of metro stations. The central district features a dense and
uniform distribution of metro stations, while these stations are fewer in the suburbs.

Positive related influencing factors include the number of parking lots and distances
from the center of the grid to the nearest hotel. More urban innovation spaces emerge
near parking lots, as they positively correlate with the number of parking lots. The vehicle
carrying, with medium spatial heterogeneity, has a bandwidth of 168. Figure 7g shows
the coefficient decreases from east to west in [−0.191, 1.553]. Parking lots are usually
located in the transportation hubs of cities or commercial centers, boosting robust trans-
portation links [43]. Innovation spaces need to attract people from different regions for
business cooperation, especially for those arriving by car. Urban innovation spaces are
more prevalent in areas distant from business hotels, indicating a positive correlation with
the distance to such hotels. This distance has a bandwidth of 672 and exhibits insignificant
spatial heterogeneity on a near-global scale. Figure 7h shows the coefficient decreases from
the city center to surrounding areas in [−0.133, 0.317]. Business hotels typically reside
in commercial centers or scenic spots. These areas bustle with people and commercial
activities. However, high-tech enterprises usually opt for locations away from commercial
and tourist hotspots for more land resources and lower rents.

4. Discussion
4.1. Research Contributions

This study systematically analyzes the spatiotemporal dynamic characteristics and
influencing factors of urban innovation spaces through spatial analysis methods and
statistical methods. It contributes to the existing literature as follows: (1) This study used
high-tech enterprises to delineate urban innovation spaces and focused on the internal
areas of the city, thereby addressing the current research gap characterized by a limitation
to the macro scale and a lack of innovation subject perspective. (2) Based on the analysis of
the evolution mechanism of urban innovation spaces, this study focused on the needs of
innovative talent. An indicator system influencing the distribution of urban innovation
spaces is constructed from the dual perspectives of innovation environment and innovation
services. These two aspects constitute the uniqueness of this study.

Specifically, through the analysis of Moran’s I index and the General G index, it is
evident that the spatial distribution of urban innovation in Guangzhou exhibits an ob-
vious pattern of spatial agglomeration, particularly in the central districts. This finding
emphasizes the concentration of innovation activities in economically developed cities or
urban central districts. This is consistent with prior research [44,45]. Generally, innovative
enterprises tend to gather in the urban fringe or even in the outer suburbs (e.g., Silicon
Alley and Boston Highway 128). However, innovation space is often closer to the cen-
tral district for more benefit from the spillover effects of platform advantages, scientific
manpower, and broad markets [46] in order to obtain more scientific and technological
resources. In the future urban planning, diversified space supply should be increased, not
only to provide storage space for the innovation space in the city center for functional
renewal, but also to provide incremental space to meet the needs of the innovation space’s
outward development.

Additionally, significant spatial and temporal differences exist in the evolutionary
characteristics of Guangzhou’s urban innovation spaces from point-shaped cores in 2008
to a plane-like distribution by 2023. Meanwhile, the innovation space within Guangzhou
presents a core-edge structure, with the central district as primary node and the suburbs
gradually integrated into the innovation network due to the improvement of infrastructure
and policy support. Duan et al. confirmed that similar trends have been observed in
Shanghai and Beijing, with Shanghai expanding outward from a few core areas to multi-
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core, eventually evolving into multi-axis strip corridor, while Beijing consistently presents a
core-edge structure [47]. Multi-center [48], multi-group [49], ribbon axis [50], core-edge [51],
and other structures have been confirmed by different scholars in different urban innovative
space research, which conform to the theoretical paradigms of urban planning.

Regarding the factors influencing the distribution of urban innovation spaces, the
MGWR model identifies several key factors influencing the distribution of urban innova-
tion spaces, which exhibit varying degrees of spatial heterogeneity. It also provides indirect
evidence for the “slow down” and “speed up” of agglomeration. High sensitivity to influ-
encing factors reveals the acceleration effect caused by agglomeration economies, while low
sensitivity indicates that high density slows the emergence of enterprises, thereby driving
the diffusion of innovation spillover effects toward suburban and even exurban areas.

The built environment, particularly proximity to universities, research institutions, and
public parks, plays a crucial role in attracting innovation activities. This finding highlights
the importance of knowledge spillovers and collaborative environments in innovation.
Universities and scientific research institutions are the main sources of knowledge and
technology. Thus, the proximity of innovation spaces to these places enables resource
sharing and technology transfer. Besides, shared infrastructure and talent resources reduce
operating costs and boost efficiency [52]. Meanwhile, the landscape resources environment
has a significant impact on innovation space, which is consistent with the findings of
Li et al. [40] and Gu et al. [41]. They found that places with abundant landscape resources
can attract top enterprises and talents. Accordingly, future planning and development
should take more consideration of the needs of innovative groups.

Due to limitations in accessing policy and land rent data, these factors were not
incorporated into the model for analysis. Policies and land rents, as key considerations
in the built environment, contribute to the formation of innovation spaces [53,54]. In
terms of administrative measures and planning policies, as noted above, Guangzhou’s
innovation spaces have evolved along a southeast–northwest axis, which aligns closely
with the “Eastward Expansion and Southward Extension” urban development strategy
and the Guangzhou–Shenzhen–Hong Kong–Macao Science and Technology Innovation
Corridor plan. In particular, the government often uses various forms of spatial planning
(e.g., designating specific industrial parks, development zones, and high-tech zones) to
guide innovation activities. The establishment of the Guangzhou High-Tech Industrial
Development Zone, Huangpu Science City, and Nansha Science City has led to a noticeable
concentration of innovation spaces. In addition, tax incentives, research and development
subsidies, and talent policies have effectively fostered the concentration of innovation
spaces [55]. In terms of land prices, Guangzhou’s innovation spaces are often located in
areas with high environmental benefits and high land values. This suggests that the talent
attraction generated by a high-quality environment may outweigh the displacement effect
caused by high rents. However, some studies suggest that high-tech enterprises are highly
sensitive to land costs, and cost differences drive their spatial optimization [56]. Local
governments employ flexible spatial governance strategies (e.g., pricing policies and the
manipulation of land supply mechanisms through land use rights) [57]. This is the key to
attracting innovation spaces. Future research should focus on integrating rental data to
further quantify this variable.

The innovation service, metro stations in some regions, have no significant impact on
innovation space agglomeration, which is in line with Ma et al. study on the influencing
factors of innovation agglomeration [51]. This phenomenon may be related to the wide
coverage of urban public transportation systems in Guangzhou and Shanghai or urban
zoning. Therefore, the characteristics and influence degree of service elements should
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be considered in planning innovation space distribution to optimize the allocation and
utilization of innovation resources.

Surprisingly, the study finds that innovation spaces are likely to be located away
from business hotels. Business hotels typically reside in commercial centers or scenic
spots. These areas bustle with people and commercial activities. In other words, the
innovation space is far from the central area of economic prosperity. This finding is in sharp
contrast to our above observation that innovation spaces are mostly distributed in central
areas. However, we believe that this is caused by different types of innovation spaces.
Production-oriented or small innovation spaces will choose places with cheap land, while
R&D-oriented innovation spaces will have a high dependence on abundant knowledge and
technology elements [28]. This also provides a foundation for the systematic classification
of innovation spaces in future research, thereby enhancing the comprehension of all kinds
of innovation spaces.

Unlike traditional service and retail enterprises that are less innovative, the location
choices of high-tech enterprises follow an innovation-driven logic. Retail and services are
primarily driven by “market-oriented” and “population-oriented” factors [56,58]. These
enterprises prioritize market coverage to attract consumers and achieve operational goals
by maximizing foot traffic. This leads them to choose prime locations in central urban areas
that are easily accessible, close to customers despite high rents, which align with central
place theory [59]. In contrast, the innovation spaces represented by high-tech enterprises
exhibit significant “knowledge spillover” characteristics. They tend to cluster near areas of
knowledge concentration, such as universities and research institutions (e.g., Wushan area
in Tianhe district). This geographical proximity facilitates informal face-to-face interactions
and the dissemination of tacit knowledge, promoting technological exchange and collabo-
ration among industry, academia, and research institutions. Consequently, it effectively
reduces innovation costs and accelerates technology transfer.

4.2. Limitations and Prospects

This study suffers from several limitations. First, urban innovation spaces were
mapped using high-tech enterprises, which were constrained to a limited, single-
dimensional view of innovation subjects. It may not fully capture the diversity of in-
novation activities. Future research should broaden this scope by offering a more holistic
description of these spaces and examining their spatial distribution patterns across various
innovation subjects.

Second, funds, science, and technology resources are crucial to the study of the dis-
tribution of innovation space. In this study, in order to consider the location choice of
innovative talents as much as possible, we adopt external environmental factors as the
variables. Relying solely on the external environmental factors to evaluate the influencing
factors may introduce selection bias. Additionally, innovation spaces and their influencing
factors may vary in different cities. Thus, additional dimensions should be explored to
develop a nuanced system of influencing factors, with specific indices based on internal
knowledge, technology, and external environmental services. Meanwhile, we analyzed
the influencing factors using cross-sectional data. The spatiotemporal mapping in this
study reveals a clear pattern of contiguous expansion, but the results of the MGWR model
only account for the effects at the cross-sectional time point and cannot explain variations
across other time periods, leading to a temporal mismatch. Future research could utilize
long-term panel data or models capable of addressing temporal heterogeneity (e.g., multi-
scale geographically and temporally weighted regression model and spatial Durbin model)
to further elucidate neighborhood dependencies and the dynamic interaction processes
among the urban built environment, service facilities, and innovation spaces.
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Besides, MGWR model has good performance, and its results are more diverse than
OLS and GWR models. Some scholars compared MGWR model with the three machine
learning methods (decision tree, logistic regression, and random forest) in the study of the
influencing factors of flood risk management; the MGWR model still performed better and
was limited by the number of trained samples [52]. However, the MGWR model may not
be able to fully capture the spatial heterogeneity of all variables. Future studies may also
consider combining with other models to explore in order to improve the performance of the
model, enrich the explanatory power of the model, and fully explore the influencing factors.

Furthermore, the internal spatial functions of cities will face a new phase of transfor-
mation with the rapid advancement of intelligent informatization. Future research should
focus on whether the collaborative development with neighboring cities will impact the
distribution of urban innovation spaces.

5. Conclusions
Cities, the spatial carrier for innovation activities and growth, should promote the high-

quality development of urban innovation spaces by integrating innovation elements and
optimizing built and service environments. This study used 36,519 high-tech enterprises in
Guangzhou from 2008 to 2023 to delineate urban innovation spaces, utilizing spatial analy-
sis methods such as standard deviation ellipse, spatial autocorrelation model, and General
G statistic to indicate these spaces based on the spatial grid unit of 1000 × 1000 m. Spatial
analysis methods and statistical methods were employed to investigate the spatiotemporal
dynamic characteristics of urban innovation spaces. Furthermore, employing MGWR
model, the study identifies multiple factors influencing the development of innovation
spaces from the dual perspectives of the innovation environment and services. The key
findings are as follows:

The layout of Guangzhou’s urban innovation spaces exhibited a significant spatial
positive correlation. These spaces were concentrated in the central district and sparsely
scattered in the suburbs. This trend echoed previous research findings on the agglomeration
of innovation spaces [60,61]. The spatial distribution of these spaces followed a southeast-
northwest development trajectory, which spatially corresponded to the development of
Guangzhou during the study period. Besides, the structural evolution of innovation spaces
varied across different stages, primarily showing a dot–axis–plane agglomeration trend.

The research used the MGWR model to analyze factors affecting the distribution of
urban innovation spaces, focusing on innovative talents and subjects. An index system was
developed based on the built and service environments for innovation. Factors affecting
this distribution, ranked by their impact based on the mean absolute value of the MGWR
regression coefficient, were as follows: vehicle carrying; distances to scientific research insti-
tutions, public parks, residential communities, universities, and business hotels; industrial
structure height; and the number of metro stations. Innovation spaces decreased with the
increase in distances to scientific research institutions, universities, and public parks, as
well as the number of residential communities and metro stations. These spaces increased
with the increase in the distance to business hotels, the number of public parks, and the
height of the industrial structure.

Through the analysis of the evolutionary characteristics of Guangzhou’s innovation
spaces, this study reveals the spatial structures and agglomeration patterns across different
periods and identifies influencing factors from two major dimensions. Future research
could broaden the scope of innovation subjects and integrate internal knowledge indicators
to construct a more comprehensive evaluation system. Moreover, subsequent research
could employ machine learning and other methodologies for deeper exploration and extend
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the analysis to the regional scale, specifically examining how collaborative development
with neighboring cities drives the revitalization and upgrading of urban innovation spaces.
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