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Abstract: Single-function industrial parks are transforming into innovation districts which combine
innovation elements with urban elements. As one of the urban elements, the urban commercial nodes
(UCNs) have exhibited a co-evolution phenomenon with sci-tech enterprises (STEs) in innovation
districts. However, the urban planning practice of many innovation districts still falls behind in
converting industrial land to commercial land use after construction, and the problem of mismatching
commercial resources with consumer demand persists. This study aimed to explore how to rationalize
the planning of UCNs to make them better fulfill the mission of serving economic growth by analyzing
the correlation between UCNs and the development of STEs. The Hangzhou West High-Tech Corridor
was adopted as a typical research sample which represents the latest development trend occurring
in China’s most innovative districts and leads China in the coordinated development of sci-tech
industries and urban life. Using point-of-interest data, Internet assessment data, and corporate
business information data, a spatial correlation test and partial least squares regression analysis were
performed. The results show that there was a significant spatial correlation between UCNs and
STEs. The scale of UCNs had a significant positive correlation with the degree of agglomeration,
development scale, and comprehensive development level of the STEs. The catering; hotel; and
culture, sports, and entertainment industries correlated the most with STE development. The
commercial complex was one of the physical forms that were conducive to the development of
surrounding STEs. This study provides references for rational planning of UCNs and STE clusters,
and for optimizing the allocation of commercial resources and physical commercial forms in the
urban planning process of innovation districts.

Keywords: urban commercial node; development of sci-tech enterprise; innovation district; mixed
land use; Hangzhou West High-Tech Corridor

1. Introduction

Single-function industrial parks have faced many development difficulties due to
the lack of urban elements, such as the separation of industry and city, low land output
efficiency, talent loss, and the mismatch between employment population and consumption
structure [1–3]. In the context of China’s urbanization transformation and innovation-
driven development strategy [4,5], urban industrial spaces have experienced an evolution
from single-function “industrial parks” to urban “innovation districts”, which integrate
innovative elements and multiple urban elements [6–9]. The urban commercial node (UCN)
is one of the urban elements and provides diversified living services inside innovation
districts. Driven by market demand, UCNs and sci-tech enterprises (STEs), respectively,
represent the most active areas of consumption and the main vehicles of production in
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innovation districts, and have exhibited a co-evolution phenomenon. The integration of
urban producing and living functions reflects the transformation of urban development
from “production-oriented” to “people-oriented”.

Although some planning theories have advocated for an appropriate mix of STE
clusters and UCNs in innovation districts, such as the theory of urban mixed land use [10],
the theory of urban amenity [11], and the strategy of industry–city integration [12,13],
the urban planning practice of many innovation districts still falls behind in converting
industrial land to commercial land use after construction, and the problem of mismatching
commercial resources with consumer demand persists. First, the previous urban planning
of innovation districts only regarded the commercial service facilities as a basic support-
ing function. Many government-led urban planning innovation districts still focused on
introducing STEs and productive service industries and did not view their development
with an urbanization attitude. Since there were not enough spaces reserved for commercial
service industries in productive clusters, many industrial parks faced problems associated
with lacking commercial functions soon after they were built. For example, Shanghai
Lujiazui CBD converted the entire bottom of the office buildings to commercial service
function shortly after construction, and Shanghai Zhangjiang High-Tech Park replaced
some software parks with commercial centers [14]. Additionally, the mismatch between
commercial resources and the consumer demand of surrounding STEs makes many newly
built commercial centers fail to meet the planning expectations of attracting people. Ac-
cording to our investigation of many of China’s new innovation districts, many upscale
commercial centers are far less popular on holidays than on workdays. The queues are
mainly observed in restaurants and supermarkets, while retail stores such as clothing shops
are unpopular for most of the time. Therefore, at this stage of high-quality urban develop-
ment, it is necessary to reflect on how to plan UCNs in relation to STEs in order to make
them better fulfill the mission of serving regional economic growth: How to rationalize the
spatial distribution of UCNs and STEs in innovation districts? How will the allocation of
commercial resources in UCNs benefit the development of surrounding STEs?

The Hangzhou West High-Tech Corridor is a characteristic case for studying the
correlation between UCNs and the development of STEs. Unlike most one-time planned
industrial parks in China, the Corridor is special, as it is not a “planned project”. The
concept of Hangzhou West High-Tech Corridor was first proposed by Hangzhou Municipal
Government in 2014. Before that, these areas were separately governed and planned by
three district governments. The Corridor has experienced multi-level government-led
urban planning, real estate development, urban regeneration, formal and informal urban
village transformation, and spontaneous development processes, rather than following
a particular planning model and being built on a piece of vacant land all at once. As a
result, the Corridor is a multi-function innovation district where old and new urban areas
coexist and working and living is integrated, and it consists of different urban morphology
compared with traditional single-function industrial parks. In other words, the urban
elements inside the Corridor have already existed when the innovation elements were
introduced. After that, the innovation elements and the urban elements have promoted
each other and developed together. Therefore, the Corridor leads China in the coordinated
development of sci-tech industries and urban life.

The Corridor represents the latest development trend in China’s innovation districts.
First, the innovation elements inside the Corridor are highly concentrated, leading to the
rapid growth of the economy and a rapid inflow of knowledgeable workers. There are
giant parks with a single enterprise (represented by Alibaba Xixi Park), incubation parks
for emerging small- and medium-sized enterprises (represented by Haichuang Park), and
characteristic towns (represented by The Dream Town) [15]. From 2016 to 2020, the average
annual growth of the added value of industry in the Corridor was 23%, the average annual
growth of the added value of the high-tech industry was 22.6%, and the added value of the
core industries of the digital economy accounted for more than 30% of the added value of
Zhejiang Province [16]. In 2020, the total number of talented professionals in the Corridor
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reached 450,000 [16]. The resident population of the Corridor is about 950,000, with an
average annual growth rate of 21%, and the net inflow rate of talent was 2.5 times higher
than in Hangzhou. Residents aged 18–38 accounted for more than 50% of the population, far
exceeding the average of Hangzhou [17]. Second, the urban functions inside the Corridor
are relatively mature. The outstanding ecological resources, sufficient urban amenities, as
well as a balanced job–housing relationship [18] contribute to the livability of the Corridor.
UCNs of different scales are located inside the Corridor. The Corridor contains the west
Hangzhou CBD (which is one of the sub-centers of Hangzhou and is under construction),
many newly built independent commercial complexes, as well as lively commercial streets
with small-scale open blocks in the old city. As a result, the integration of UCNs and STEs
created a lively 24 h atmosphere in the Corridor, avoiding the silent night scene associated
with traditional industrial parks. Thus, data from abundant enterprises and commercial
facilities provided an adequate research sample for this study.

This study aimed to understand the correlation between UCNs and STEs, including the
spatial and statistical correlations between development indicators, adopting the Hangzhou
West High-Tech Corridor as a research sample. Essentially, we aimed to investigate the
mutual impact of the mixed-use commercial and industrial land on the development of
STEs in innovation districts. According to the Industrial Classification for National Economic
Activities 2017 (GB/T4754-2017) [19], we chose commercial service industries to represent
UCN, including the catering industry; hotel industry; retail industry; resident service
industry; finance and insurance industry; and the culture, sports, and entertainment
industry. Multivariate data, quantitative spatial analysis, and statistical analysis were used
to study the spatial correlation between UCNs and STEs and to compare the differences in
the correlation between six commercial service industries and the development of STEs.
This study revealed guidelines for reasonably mixing urban industrial land and commercial
land and optimizing the allocation of urban commercial resources in the urban planning
process of innovative districts. In addition, the results provide a reference for repairing the
commercial functions in urban single-function built-up industrial parks.

Following this introduction in Section 1, relevant studies and practices are summa-
rized in Section 2. The study area and data source are presented in Section 3. Then, the
methodological approach is elaborated in Section 4. Afterwards, results of the spatial
and statistical correlation between STEs and UCNs are revealed in Section 5. Finally, in
Section 6, the key findings are highlighted, and some suggestions for the urban planning of
innovation districts are discussed.

2. Review of Relevant Studies

This study focused on the interactive relationship between UCNs and the development
of STEs in innovation districts. Relevant studies have included the attitude change of the
planning of industrial parks towards UCNs, the demand for commercial services from
knowledge workers, and the factors affecting the development of STEs.

The transformation of urban industrial spaces from single-function industrial parks
which exclude commercial service facilities to multi-function innovation districts which
advocate the integration of commercial land and industrial land is well documented. In the
past three decades’ rapid urbanization process [20], China has built large numbers of single-
function industrial parks, imitating the planning model based on urban functional zoning
theory in western countries. Previous single-function industrial parks excluded urban func-
tions (including commercial service function), as the high-polluting traditional industries
have forced the urban functions to separate from the production function. Meanwhile,
urban industrial land was intensively planned to leverage the advantages of assembly
effects, strive for preferential policies, and attract capital investment [21]. However, the
lack of urban functions has restricted industrial upgrading and caused the industrial parks
to become isolated economic islands [22]. With the transformation of traditional industrial
parks into innovation districts, some planning theories started to advocate the mixing of
STE clusters with commercial facilities. The theory of urban mixed land use proposed to
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mix residential, commercial, industrial, transportation, and other functions to implement
sustainable urban development by ensuring multiple functions within reasonable dis-
tances [10]. The theory of urban amenity suggests that diverse and convenient commercial
services could attract knowledge workers by providing attractive shopping centers, cultural
spaces, restaurants, and sports facilities, thereby enhancing regional competitiveness [11].
The industry–city integration strategy proposed the economic development subject should
transform from a single production-oriented park to a diversified urban area that combines
production, services, and consumption [12,13,23]. Meanwhile, the number of jobs created
by catering, retail, and leisure services is even more than those in knowledge-intensive
sectors [24]. These lower value-added jobs also have important implications for promoting
social equity and urban prosperity. In recent years, proposals of repairing UCN functions
in single-function industrial parks can be observed globally. North Carolina’s Research
Triangle Park introduced a vibrant central district allowing for greater density of amenities,
including more retail [9]. The 22@Barcelona Plan suggested a compact and diverse city
with coexisting activities such as research, technology transfer, housing, and trading in
one high-quality environment [25]. Large numbers of skilled people were attracted by
this new sustainable urban lifestyle, in which the traditional division between produc-
tion and consumption is blurred [26]. The London Plan 2004 proposed the concept of a
Central Activity Zone (CAZ). Unlike CBDs with functions limited to financial industry,
CAZs are multifunctional urban service centers that include commercial, office, leisure,
restaurants, culture, and education. Previous studies have theoretically advocated a mixed
industrial and commercial land in innovation districts, but there is still lack of researches
on specifically guiding how to reasonably plan UCNs in practice.

Some studies explain the necessity of UCNs inside the innovation districts from the
perspective of knowledge workers’ demands. Only by becoming a “city of people” can
an innovation district accomplish its “mission of innovation.” The driving force behind
the development of sci-tech industries appears to be its ability to attract and retain skilled
workers [27]. An educated and talented workforce is considered to be a key asset for
clustering innovative industries and stimulating economic growth [28–30]. Knowledge
workers are generally characterized as being highly educated and highly compensated.
Thus, they typically seek sophisticated lifestyles, including a higher quality of life with
greater cultural and social characteristics [31–33], rather than simply where the high-paying
jobs are [34]. UCNs can provide diverse urban amenities for the local workforce. Therefore,
in terms of physical urban spaces, mixing UCNs and STE clusters is conducive to attract
and retain talent in innovation districts [11]. Regarding the social and cultural atmosphere,
knowledge workers prefer ambience-enhancing social amenities that encourage social and
business interactions [35,36], such as cafés and restaurants, dynamic nightlife, street art,
ample leisure and academic activities, etc. [37]. Through these social activities, informal
interactions among knowledge workers promote the spillover of knowledge [38]. UCNs
are the main places that enable these social activities. Therefore, to some extent, UCNs are
also responsible for producing innovation. The existing literature has described some of the
required commercial service facilities and commercial activities inside innovation districts
from the perspective of knowledge workers’ needs, such as cafés, restaurants, shopping
malls, leisure, culture. However, few studies focused on systematically comparing the
differences in the contribution of the six commercial service industries to the development
of surrounding STEs.

Previous studies on the factors influencing the development of STEs include factors
that directly impact the development of STEs, and ancillary factors that correlated with
the development of STEs. In the past, Sci-Tech parks focused more on the direct factors,
such as a broader framework policy [39]; financial capital and the guidance of managing
funds [40,41]; diversified professional advisory and resource intermediary services pro-
vided by Sci-Tech parks [42]; and the regional interaction among universities, industry,
and government [43]. However, with the industrial upgrading, the extensive develop-
ment mode which simply relied on policy preferences and investments has fallen into a
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bottleneck. At this time, as an ancillary factor, the correlation between urban elements
and the development of STEs has become more significant. The proximity of residential
and working areas may promote the development and agglomeration of STEs, and more
people commuting within 5 km was conducive to the innovative development of STEs [18].
Open spaces, especially for wetlands, parks, and squares, have significant quantitative
correlations with the number and the scale of STEs [44]. Although many studies considered
UCN as one of the necessary urban elements in innovation districts from the perspective of
knowledge workers’ needs, there is a lack of research supporting what factors of UCNs are
necessary from the perspective of STE performance in innovation districts.

In summary, existing studies have encouraged the mixing of industrial and commercial
land in innovation districts, and some researches have explained the necessity of UCNs
from the perspective of the demand of knowledge workers. However, there is still a lack
of material regarding what kind of commercial services are needed from the perspective
of the development of STEs, and a lack of discussion regarding the relevance of UCNs
and STEs from the perspective of urban planning. We speculate that these are two of the
reasons for the insufficient reservation of commercial-use land allocation and the mismatch
of commercial resources with consumer demands. Therefore, this study started from the
above gaps and selected the Hangzhou West High-Tech Corridor, which leads China in the
coordinated development of sci-tech industries and urban life, as a typical research sample.
This article used spatial analysis and statistical analysis to filter the beneficial commercial
service elements for the development of STEs, and provided references for how to plan
UCNs inside innovation districts.

3. Study Area, Data Source, and Data Preprocessing
3.1. Study Area

This study took the core area of the Hangzhou West High-Tech Corridor and a one-
kilometer periphery outside its planning boundary as the study area. The Corridor is
located in the west of Hangzhou (Figure 1a,b), which is the provincial capital city of Zhe-
jiang Province in China, and one of the core cities in the Yangtze River Delta metropolitan
cluster. As a national innovation demonstration zone, Hangzhou has gathered numerous
innovation resources and endeavors to build “the first city of China’s digital economy” [45].
The boundary of the Corridor starts from the Yuquan and Zijingang campus of Zhejiang
University in the east and ends at Zhejiang A&F University in the west, running through
the Xihu District, Yuhang District, and Lin’an District. The Corridor takes Wenyi-West Road
and Keji Avenue as a 33 km main axis from east to west that connects Zijingang Sci-Tech
City, Future Sci-Tech City, Cloud City, and Qingshanhu Sci-Tech City. Its total area is about
398 square kilometers. The density of the commercial service facilities within one kilometer
(about 15 min walking distance) outside the east and west sides of the planning boundary
of the Corridor was greater than that within the Corridor. We believe these commercial
facilities still have an important correlation with the Corridor; thus, all commercial facilities
within one kilometer of the outside boundary were included in this study.

As the core industrial cluster of the Corridor, the digital economy industry cluster has
formed many complete industrial chains and mature industrial platforms, including the
new generation of artificial intelligence, cloud computing and big data, integrated circuits,
5G Internet of Things, blockchains, and digital trade. Many world-renowned corporate
headquarters and corporate R&D centers agglomerate in this area, including Alibaba, AUX,
and Cethik (Figure 2).
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Figure 1. Location of Hangzhou West High-Tech Corridor: (a) Hangzhou, China; (b) location and
external transportation of the Corridor.

Figure 2. Spatial structure of the Corridor and the distribution of corporate headquarters and
corporate R&D centers. Logos of some world-renowned corporate headquarters and corporate R&D
centers are annotated.

3.2. Data Source

In this study, two types of point-of-interest (POI) data, commercial facilities data and
enterprise credit information data, were used to represent the development of UCNs and
STEs. POI data is a kind of spatial point data based on latitude and longitude informa-
tion, basically including four data dimensions: name, address, coordinates, and category.
Compared with POI data based on check-in information or geo-tagged photos, the POI
data based on Internet maps contains all officially registered points, so it can overcome
the incompleteness and sampling bias of traditional POI data [46]. Spatial analysis of
POI data through GIS has been widely used in the classification of urban land use [47],
urban functional area recognition [48], urban spatial structure [49,50] and other urban
studies. At the same time, Internet assessment and corporate business information data
can supplement POI data, providing a wealth of indicator choices for quantitative research.

3.2.1. Commercial Facilities Data

This study used Internet assessment data and Internet map data as two types of
commercial facilities’ POI data. The catering industry data came from Dianping.com,
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which is a leading platform for local life information and trading in China. The hotel
industry data came from Ctrip.com, which is one of the largest Internet hotel reservation
platforms in China. Data from the retail industry; resident service industry; finance and
insurance industry; and culture, sports, and entertainment industry came from Baidu
Map. The data collection area of the commercial facilities was 119.611928◦–120.202695◦ east
longitude and 30.077554◦–30.490629◦ north latitude. After data cleaning and deduplication,
136,516 data points of commercial facilities were finally obtained, of which 20,588 points
were inside the Corridor. The time of data acquisition was March 2021. The classification,
dimension, size, and spatial distribution of data are as follows (Table 1, Figure 3):

Table 1. Information of commercial facilities data.

Type
Commercial

Service
Industries

Classification
Data

Dimension

Data Size
Data SourceInside the

Corridor/Collection Area

Internet
Assessment

Data

Catering
Industry

Chinese food, Western food, Korean
food, Japanese food, fast food, bar,
café, bread and dessert, drinks shop,
teahouse, hotpot, barbecue, crayfish,
seafood, noodle, morning tea,
buffet, fresh food, health care, etc.

Location;
consumption
per person;

comprehensive score

11,430/64,688 Dianping.com

Hotel
Industry

Hotel, B&B, serviced apartment,
youth hostel, villa, inn,
agritainment, etc.

Location;
star rating;

number of guest rooms;
comprehensive score

587/4519 Ctrip.com

Internet
Map
POI
Data

Retail
Industry

Shopping mall, department store,
supermarket, convenience store,
building material market,
household appliances market, retail
stores, etc.

Location;
floor space of

commercial complex
4411/35,670

Baidu Map

Resident
Service

Industry

Communication service hall, post
office, courier service, ticket office,
laundry, print shop, photo studio,
real estate agency, maintenance
station, household service, pet
service, newsstand, beauty salon,
barber shop, nail salon, etc.

Location 2817/20,947

Culture, Sports, and
Entertainment

Industry

Art gallery, exhibition hall, cultural
center, stadium, fitness center,
resort, cinema, KTV, theater, opera
house, ballroom, Internet bar, game
center, bath center, massage,
recreation club, etc.

Location 1029/7408

Finance and
Insurance Industry

Bank, ATM, credit cooperative,
investment service, pawnshop, etc. Location 314/3284

Figure 3. Spatial distribution of commercial facilities.
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3.2.2. Development Data of STEs

The Corridor takes the digital economy, life science and healthcare, and advanced
materials as three core industry clusters. Among them, the digital economy industry
accounts for 90% [51]. Considering that there is currently no precise definition of STE in
China, this study used digital economy enterprises inside the Corridor to represent STEs.
Development data of STEs was obtained through Qichacha, Tianyancha, and Qixinbao,
which are the official certificated platforms of the National Enterprise Credit Information
Publicity System in China. The data collection steps are as follows:

Firstly, filter the industry codes of digital economy core industries. According to
the Statistical Classification Catalogue of Digital Economy Core Industries in Zhejiang Province
(published by the Zhejiang Bureau of Statistics) [52], digital economy core industries include:
(1) computer, communications, and other electronic equipment manufacturing; (2) elec-
tronic information and electromechanical manufacturing; (3) special electronic equipment
manufacturing; (4) the telecom, radio and television, and satellite transmission service
industry; (5) Internet and related service industry; (6) the software and information technol-
ogy service industry; and (7) the cultural digital content service industry. Corresponding
industry codes can be found in the Industrial Classification for National Economic Activities
2017 (GB/T4754-2017).

Secondly, collect a list of names of STEs in the Corridor. Use industry codes to collect
all digital economy core industry enterprises via the search function of Qichacha. The data
collection area is the same as for the commercial facilities data.

Thirdly, supplement the developmental data of enterprises. According to the list of
names of the enterprises, obtain developmental data through Qichacha, Tianyancha, and
Qixinbao, including registered address, registered capital, number of insured persons,
average salary, number of intellectual properties, number of software copyrights, and
comprehensive score.

Finally, 27,745 data points of STEs were obtained, of which 5684 points were inside the
Corridor. The classification, dimension, size, and spatial distribution of data are as follows
(Table 2, Figure 4):

Table 2. Information of development data of STEs.

Type Sector
Classification

Digital
Economy
Industries

Data
Dimension

Data Size
Data

SourceInside the
Corridor

Enterprise Credit
Information Data

Manufacturing
Sector

Computer, communications, and other
electronic equipment manufacturing

Location;
registered capital;

number of insured persons;
average salary;

number of intellectual
properties;

number of software
copyrights;

comprehensive score

307

Qichacha;
Tianyancha;

Qixinbao;

Electronic information and
electromechanical manufacturing

Special electronic equipment
manufacturing

Service Sector

The telecom, radio and television, and
satellite transmission service industry

5377

Internet and related service industry

The software and information technology
service industry

The cultural digital content service
industry
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Figure 4. Spatial distribution of STEs.

3.2.3. Traffic Isochrones Data

This study used the traffic accessibility of each UCN, which was defined by the
traffic isochrones circle, as the research sample for statistical analysis. Compared with an
equidistant circle, a traffic isochrones circle can scientifically reflect accessibility in both
the time and space dimensions. However, traditional traffic isochrones were generally
calculated by the GIS platform through the urban road network and road speed limit data,
which results in low accuracy and difficult data acquisition. The Xdc traffic isochrones tool
can use the Gaode Map route planning API (application programming interface) to obtain
point-to-point traffic time-consumption data and generate the isochrones in ArcGIS [53,54].
By utilizing plentiful urban road network and traffic data in Gaode Map, high accuracy
traffic isochrones data can be acquired with this tool.

3.3. Data Preprocessing: Filtering UCNs Based on Commercial Facilities’ Data

This study used the commercial facilities’ data to obtain the commercial agglomeration
districts through kernel density estimation (KDE) and hotspot analysis in ArcGIS. Then,
we eliminated hotspots that primarily served residential and scenic areas. Finally, 18 UCNs
were collected inside and within one kilometer outside the boundary of the Corridor.

3.3.1. Search for Agglomeration Areas of Commercial Facilities by KDE and
Hotspot Analysis

KDE, which is a nonparametric way to estimate the probability density function of a
random variable [55], allows one to estimate the intensity of a point pattern and to represent
it by means of a smoothed continuous surface [56]. KDE often uses a 200–1200 m search
radius as an important reference parameter [57]. This study was based on the urban scale;
thus, a higher value of 1000 m was selected as the search radius. In this way, both large-
and small-scale commercial agglomeration areas could be depicted. Figure 5a shows a
visualization of this analysis, with the darker areas corresponding to a higher degree of
agglomeration of commercial facilities.

Hotspot analysis was used to aid KDE in resolving the boundaries of commercial
agglomeration areas. A hotspot is essentially a local cluster of significantly higher values of
a certain indicator within a defined neighborhood [58]. Getis-ord Gi* statistics can be used to
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identify statistically significant hotspots. Compared with KDE, the advantage of the Getis-
ord Gi* statistics is that they take the value of all neighboring features into consideration,
report hotspots with different levels of statistical significance, and the outputted hotspots
can present a better continuous surface [59]. This study took a 200 × 200 m grid as the
basic unit of the Getis-ord Gi* statistics, divided the study area, and counted the number of
commercial facilities in each unit. A 200 × 200 m grid is about the smallest scale of block
inside the Corridor, which allows more accurate statistics on the distribution of commercial
facilities. Then, Getis-ord Gi*statistics were performed in ArcGIS to analyze the commercial
hotspots in the Corridor (Figure 5b).

Figure 5. Commercial agglomeration areas. (a) Kernel density estimation. (b) Hotspots of commercial
facilities with different confidence levels.

The results are as follows:

• Commercial facilities were spatially clustered, with higher density in the east than
in the west. Commercial hotspots and high-value kernel density areas were basi-
cally overlapped. The boundaries of commercial hotspots were more clearly defined
through hotspot analysis.

• The old urban area represented by Xihu, Lin’an, Yuhang, and Liuxia had a high density
of commercial facilities, while the new urban areas represented by the Future Sci-Tech
City, Qingshanhu Sci-Tech City, and Jiangcun had a relatively low density but had
already formed a commercial cluster.

3.3.2. Eliminating Commercial Agglomerations that Are Not Relevant to This Study and
Filtering UCN Research Samples

The standard process for filtering and dividing UCNs in this study was performed as
follows: First, commercial agglomerations with a continuous hotspot of less than 0.5 square
kilometers were eliminated. Second, this study mainly focused on the correlation be-
tween UCN and STEs; thus, some hotspots that mainly provide commercial services for
tourists in mountainous areas and scenic spots, such as Liangzhu Cultural Village, were ex-
cluded. Third, for continuous commercial hotspots, such as the eastern part of the Corridor,
UCNs were divided according to the administrative boundaries of the subdistricts. Finally,
18 UCNs were selected (Figure 6).
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Figure 6. Spatial distribution of UCNs.

We chose the point with the highest kernel density value in each UCN as the center.
Detailed information of each UCN is as follows (Table 3):

Table 3. Detailed information of UCNs.

Category Name of UCNs Explanation

Built more than
20 years ago

Cuiyuan
Cuiyuan subdistrict. Close to the central business district of Hangzhou and the
Yuquan Campus of Zhejiang University. The proportion of old residential areas is
relatively high.

Wenxin

Wenxin subdistrict, with the Xixi wetland on the west side. Mixed spatial forms of
industry (including sci-tech parks, office buildings, etc.), residential functions
(including newly built residences, old communities, urban villages, etc.), and
commercial functions (including commercial complexes, commercial streets, etc.).

Sandun Sandun town. Rapid development in recent years due to the construction of
Zijingang Campus, Zhejiang University, and the planning of Zijingang Sci-Tech City.

Liuxia

Liuxia subdistrict. A major transportation route connecting the east and west parts
of Hangzhou, with residential areas as the main function. Enterprises are mostly
concentrated in the Liuxia industrial district. Commercial facilities are mainly inside
a giant commercial complex, namely, Xixi InCity.

Xianlin Xianlin subdistrict. The southwest part is a mix of traditional industrial areas and
sci-tech parks, and the north and east parts are mainly residential areas.

Yuhang
Yuhang old town, located at the westernmost end of the Future Sci-Tech City and
the east of South Lake, with residential areas as the main function. Commercial
facilities are mainly in the form of commercial streets.

Lin’an Center of Lin’an old town. Commercial facilities are mainly in the form of
commercial streets.
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Table 3. Cont.

Category Name of UCNs Explanation

Built in the past
20 years

Shenhua

Shenhua subdistrict. Located in the east of Zijingang Campus, Zhejiang University.
Rapidly developed because of the construction of Zhejiang University. Almost all
industrial, residential, and commercial facilities inside the node were newly built in
the last 20 years.

Zijingang
Core area of Zijingang Sci-Tech City. Close to Zijingang Campus, Zhejiang
University, and Westlake University. Core industries: digital economy and
intelligent manufacturing.

Wuchang Wuchang subdistrict. Traditional industrial parks, sci-tech parks, and residential
areas are highly mixed.

Xiaoheshan
Xiaoheshan higher education area. Many campuses of universities are located inside
the node. Commercial facilities mainly serve these universities and surrounding
sci-tech parks.

Zhongtai The industrial and residential areas formed with the construction of Zhongtai
Industrial Park.

Qingshanhu

Core area of Qingshanhu Sci-Tech City. Core industries: advanced manufacturing,
represented by core components of high-end equipment and new energy materials.
The number of commercial facilities is significantly lower than in the eastern part of
the Corridor.

A&F
University

Donghu Campus, Zhejiang A&F University. College student entrepreneurship
parks, newly built high-rise residential areas, and urban villages are highly mixed.
Commercial facilities are mainly in the form of commercial streets.

Built in the past
10 years

Jiangcun

Jiangcun commercial and residential district. Rapid development with the
construction of the Zijingang Campus and Subway Line 5. A series of large
commercial complexes such as Xixi Intime City and Xixi Paradise Walk were built in
the past five years.

Alibaba
Around Alibaba global headquarters. The Alibaba headquarters is a group of giant
sci-tech parks for a single corporation. It is divided into three parks from south to
north. Commercial facilities are distributed around these three parks.

EFC
Euro-America Financial City is a landmark building in the core area of the Future
Sci-Tech City. The main space form is a super high-rise office building and ground
floor commercial center.

The Dream Town
The Dream Town is a model for the construction of a Chinese special town, with the
main function of incubating small- and medium-sized Internet enterprises.
Commercial facilities are mainly in the form of commercial streets.

4. Methods

The correlation between UCNs and the development of STEs was analyzed by spatial
analysis and statistical analysis methods. First, spatial statistics in ArcGIS were used to
observe the changes in STE attributes with the distance from UCNs. Second, the spa-
tial correlation between commercial facilities and enterprises was analyzed by bivariate
Moran’s I and bivariate local Moran’s I tools in Geoda. Then, partial least squares regression
method was used to analyze the correlation between specific indicators of UCNs and the
development of STEs. A flowchart of the study method is shown as follows (Figure 7):
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Figure 7. Flowchart of study methods.

4.1. Spatial Correlation Test

Bivariate Moran’s I was used to explore spatial clustering and spatial dispersion. Two
types of bivariate Moran’s I method, namely, global bivariate Moran’s I and bivariate local
Moran’s I, were used in this study. Global bivariate Moran’s I represents the spatial correla-
tion between observation p and observation q across the entire area, whereas bivariate local
Moran’s I investigates spatial correlations within different spatial units [60]. The calculation
equations are as follows:

Ipq =
n ∑n

i=1 ∑n
j=1 wijzpizqi

(n− 1)∑n
i=1 ∑n

j=1 wij
(1)

I′pq = zpi

n

∑
j=1

wijzqj (2)

In Formulas (1) and (2), Ipq and I′pq are the global bivariate Moran’s I and bivariate
local Moran’s I for variable p and variable q, respectively; n is the total number of spatial
units; wij is a spatial weight matrix for measuring spatial correlations between the ith and
jth spatial unit based on queen contiguity; pi and qj are the values of spatial units i and j,
respectively; p and q are the average values of variable p and variable q, respectively; σp

and σq are the standard deviations of variable p and variable q, respectively; and zpi =
pi−p

σp
;

zqj =
qj−q

σq
.

The range of Ipq and I′pq is [−1, 1] where a positive value indicates that a higher p
is more easily surrounded with a higher q. Inversely, a negative value indicates that a
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higher p is more easily surrounded by a lower q. The greater the absolute values of Ipq
and I′pq, the stronger the spatial correlation between p and q. The bivariate local Moran’s I
method can visualize local spatial correlations by generating cluster maps that illustrate
four types of spatial correlation between p and q in each unit at a certain significance level:
high–high type (H–H) indicates high p values surrounded by high q values; high–low type
(H–L) indicates high p values surrounded by low q values; low–high type (L–H) indicates
low p values surrounded by high q values; and low–low type (L–L) indicates low p values
surrounded by low q values.

4.2. Statistical Analysis

Statistical analysis focused on the correlation between UCNs and the development of
STEs, taking every UCN as a research sample, selecting indicators reflecting the compre-
hensive development level of UCNs and STEs, and using partial least squares regression
(PLSR) as the statistical analysis method.

4.2.1. Research Samples

This study used traffic isochrone circles to reflect the traffic accessibility of UCN, taking
the center of each UCN as the starting point, and selecting a 15 min driving time isochrone
circle as the research sample of statistical analysis.

The 15 min driving time isochrone circle was selected for the following reasons. First,
online shopping is highly popular in Hangzhou; thus, offline consumption represented
by UCNs has a strong spatial and temporal regional scope. Second, “996” (the work
time is from 9 a.m. to 9 p.m., six days a week) is the mainstream working pattern of
digital economy enterprises, which compresses the living activities of employees. Offline
consumption pursues efficiency and convenience. A 15 min one-way transportation time is
suitable for a fast-paced work style. Additionally, efficient public transportation, such as the
subway system, is still under construction in the Corridor. Considering the rainy seasons
in Hangzhou, driving is still the most convenient mode of transportation in the Corridor.

4.2.2. Independent Variables and Dependent Variables

In total, 13 indicators reflecting UCN development level were selected as independent
variables. In previous studies, the number of commercial facilities in different commercial
service industries was often used as an indicator to reflect the degree of agglomeration of
regional commerce [61,62]. Some studies also used consumption per person, the compre-
hensive score, and the number of reviews included in Internet assessment data to evaluate
the grade, satisfaction, and hotness of commercial facilities [63]. Thus, this study selected
13 indicators that reflect the comprehensive development of UCNs and then divided them
into seven categories: the scale of UCN; catering industry; hotel industry; retail industry;
resident service industry; culture, sports, and entertainment industry; and the finance and
insurance industry. This study took these 13 indicators as independent variables: namely,
the total number of commercial facilities (X1); the number of catering restaurants (X2); the
consumption of catering per person (X3); the comprehensive score of catering restaurants
(X4); the number of hotels (X5); the average star-rating of hotels (X6); the average number
of guest rooms (X7); the comprehensive score of hotels (X8); the number of retail stores
(X9); the floor space of commercial complexes (X10); the number of resident service stores
(X11); the number of culture, sports, and entertainment stores (X12); and the number of
finance and insurance business halls (X13; see Table 4).
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Table 4. Independent variables.

Category Independent
Variables Indicator Explanation

Scale of UCN X1 Total Number of Commercial
Facilities

The total number of all commercial
facilities in each sample.

Catering
Industry

X2 Number of Catering Restaurants The number of catering restaurants in
each sample.

X3 Consumption of Catering per Person The average consumption per person of
all restaurants in each sample.

X4 Comprehensive Score of Catering
Restaurants

The average comprehensive score of all
restaurants in each sample.

Hotel
Industry

X5 Number of Hotels The number of hotels in each sample.

X6 Average Star-Rating of Hotels The average star-rating of all hotels in
each sample.

X7 Average Number of Guest Rooms The average number of guest rooms of all
hotels in each sample.

X8 Comprehensive Score of Hotels The average comprehensive score of all
hotels in each sample.

Retail
Industry

X9 Number of Retail Stores The number of all retail stores in each
sample.

X10 Floor Space of Commercial Complex The total floor space of all commercial
complexes in each sample.

Resident Service Industry X11 Number of Resident Service Stores The number of all resident service stores
in each sample.

Culture, Sports,
Entertainment Industry X12 Number of Culture, Sports, and

Entertainment Stores
The number of all culture, sports, and
entertainment stores in each sample.

Finance and Insurance
Industry X13 Number of Finance and Insurance

Business Halls
The number of all finance and insurance
business halls in each sample.

Seven indicators reflecting STE development level were selected as dependent vari-
ables. Scholars mostly use intellectual properties (including patent applications, trade-
marks, software copyrights, etc.) to measure the innovation ability of enterprises [64]. For
traditional production-oriented enterprises, intellectual properties are mainly dominated
by patents and trademarks, while for digital economy enterprises, software copyrights
become a more important indicator for evaluating corporate innovation ability [65]. Ac-
cording to the Statistical Classification of Large, Medium, Small and Micro Enterprises in 2017
(issued by the Chinese National Bureau of Statistics), the scale of enterprises is classified by
the number of employees, total assets, and business income [66]. Because the total assets
and business income of some enterprises are confidential, this study used the number
of insured persons and the amount of registered capital to reflect the development scale
of STEs. Seven indicators that reflect the development of STEs were divided into five
categories: agglomeration degree, development scale, innovation ability, salary package,
and comprehensive development level. These seven indicators were used as the dependent
variables: namely, the number of enterprises (Y1), the number of insured persons (Y2), the
registered capital of enterprises (Y3), the number of intellectual properties (Y4), the number
of software copyrights (Y5), the average salary of employees (Y6), and the comprehensive
score (Y7; see Table 5).
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Table 5. Dependent variables.

Category Dependent
Variables Indicator Explanation

Agglomeration
Degree Y1 Number of Enterprises The total number of all commercial facilities in

each sample.

Development
Scale

Y2 Number of Insured Persons The average number of insured persons of all
enterprises in each sample.

Y3 Registered Capital of Enterprises The average amount of registered capital of all
enterprises in each sample.

Innovation
Ability

Y4 Number of Intellectual Properties The average number of intellectual properties of
enterprises in each sample.

Y5 Number of Software Copyrights The average number of software copyrights of
enterprises in each sample.

Salary
Package Y6 Average Salary of Employees The average salary of employees in each sample.

Comprehensive
Development Level Y7 Comprehensive Score

The average comprehensive score of all
enterprises in each sample. Published by the
Tianyancha platform. This score involves more
than 300 dimensions of the enterprises’ public
information.

4.2.3. Partial Least Squares Regression

PLSR is a multiple linear regression statistical method that can solve the problems
of the collinearity of independent variables and small sample size [67]. It is a collective
application of multiple linear regression, canonical correlation analysis, and principal
component analysis. First, it condenses multiple independent variables X into the principal
component U. Then the relationship between U and X is analyzed by means of canonical
correlation analysis. Finally, by repeating multiple linear regression, the relationship
between U and multiple dependent variables Y will be obtained to identify the relationship
between X and Y.

This study counted the data of 13 independent variables and seven dependent vari-
ables in each UCN research sample. Because of the small sample size and the multicollinear-
ity of the independent variables, the PLSR method is suitable for this study.

The specific calculation analysis is divided into the following three steps:
Firstly, determine the optimal number of principal components. By cross-validity anal-

ysis (see Formula (5)), when Q2
h ≤ 0.0975, increasing the number of principal components

is meaningless. The number of principal components being used at this time is the optimal
number. For multiple dependent variables Y, perform multiple cross-validity analysis to
obtain the optimal principal components for each dependent variable Y.

Qh
2 = 1− PRESSh/SS(h−1) (3)

In Formula (3), h represents the number of principal components. SS is the error sum
of squares, and PRESS is the predicted error sum of squares.

Secondly, perform an accuracy analysis. Principal component U is an extracted in-
formation collection of independent variables X. Accuracy analysis is used to examine
the extraction rate (the variance interpretation rate) of the principal component U to the
original data X.

Thirdly, run PLSR analysis in SPSS. Analyze the correlation between X and Y. Out-
put the regression coefficient, the standardized regression coefficient, the significance of
relationship, and the R-squared value.
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5. Results
5.1. Spatial Correlations between UCNs and STEs

The kernel density estimation of STEs overlaps with the areas of UCNs (Figure 8). In
general, UCNs occurred near the areas with high STE density. The agglomeration areas of
STEs and the areas of UCNs were highly geographically overlapped. In old urban areas
(such as Linan, Yuhang, and Sandun), the area of UCNs was relatively large, while the
density of STEs was relatively low. UCNs have almost covered the entire STE agglomeration
areas. In newly built sci-tech cities (such as the Future Sci-Tech City and the Zijingang
Sci-Tech city), the density of STEs was higher than that of the old urban areas, while the
areas of UCNs were mostly smaller than those of the old urban areas. The UCNs have not
yet covered all the areas where STEs were highly concentrated (e.g., the Dream Town, EFC,
and Zijingang Sci-Tech City), although UCNs and STE clusters were close to each other.

Figure 8. Spatial distribution of UCNs and agglomeration areas of STEs.

5.1.1. Spatial Correlation Test Using Global Bivariate Moran’s I and Bivariate Local
Moran’s I Map

This study took a 200× 200 m grid as the unit, with the number of commercial facilities
in each grid as the first variable, and the number of STEs as the second variable. The results
from global bivariate Moran’s I showed a significantly positive spatial correlation between
commercial facilities and enterprises, with the Moran’s I value at 0.187. (The randomization
999 significance test was conducted through GeoDa software, and the results showed that
the p-value was 0.001 and the Z value was 56.8822, which passed the significance test.)

The bivariate local Moran’s I map displayed three types of spatial correlations between
commercial facilities and STEs (p < 0.05, Figure 9).

• The H–H (a high value of UCN facilities surrounded by a high value of STEs) areas
were mainly found in the eastern part of the Corridor, dominated by Sandun, Zijin-
gang Sci-Tech City, Jiangcun, the Future Sci-Tech City, the Liuxia-Xiaoheshan higher
education zone, Shenhua, Wenxin, and Cuiyuan. A few were distributed in Lin’an,
Yuhang, Qingshanhu Sci-Tech City, and Zhongtai Industrial Park.

• Almost all L–H (a low value of UCN facilities surrounded by a high value of STEs)
areas appeared within 500 m of the H–H areas, indicating that commercial facilities
were highly concentrated in the core of the enterprise clusters, which means that STEs
and commercial facilities were already well mixed in the Corridor.

• The H–L (a high value of UCN facilities surrounded by a low value of STEs) areas
were scattered near the residential areas, indicating that these commercial facilities
mainly provided services to nearby residential areas.
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Figure 9. Bivariate local Moran’s I map between UCNs and STEs.

5.1.2. Relevance of Location and Site Selection

We calculated the site selection relationships between STEs and UCNs (Figure 10).
We found that 73.61% of STEs and 62% of STE employees were located inside the UCN
hotspots (≥90% confidence level). Among them, the service sector enterprises accounted
for 97.27% and the service sector employees accounted for 94.03%. The manufacturing
enterprises accounted for only 2.73% and the manufacturing employees accounted for
5.97%. Additionally, 21.26% of STEs and 34.18% of the STE employees were situated
within 500 m of the UCN hotspots. Among them, the service sector enterprises accounted
for 92.51% and the service sector employees accounted for 93.40%. The manufacturing
enterprises accounted for 7.49% and the manufacturing employees accounted for 6.60%.
Moreover, only 5.13% of STEs and 3.82% of the STE employees were located more than
500 m away from UCN hotspots. Among them, almost 30% of the STEs and nearly 60% of
the employees belong to the manufacturing sector.

Figure 10. Distance relationship among STEs, employees in STEs, and UCNs.
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These results show a high correlation between STEs and UCNs in terms of site selection:

• The UCN areas and their 500 m buffer zone cover 94.86% of STEs and 96.18% of the
STE employees.

• Service sector STEs tend to be located closer to UCNs than manufacturing STEs.
• Smaller-scale STEs prefer to be located inside the UCNs, while larger-scale STEs prefer

to be located within a 500 m buffer zone surrounding UCNs. This distance is not too
far away from the UCN, and they maintain their own development space.

5.2. Correlations among Indicators of UCNs and the Development Indicators of STEs

The data of the 13 independent variables and seven dependent variables in the
18 UCNs were counted. Supposing that the m independent variables X1, . . . , Xm and the p
dependent variables Y1, . . . , Yp are all standardized variables, the n-times standardized
observation data matrix of the independent variable group and that of the dependent
variable group are denoted as follows (see Formula (4)). In this study, m = 13 (13 indicators
related to UCN were considered as independent variables); p = 7 (seven indicators related
to the development of STEs were considered as dependent variables); and n = 18 (18 UCNs
were considered as the sample size).

X0
n×m

=


x11 · · · x1m
x21 · · · x2m

...
. . .

...
xn1 · · · xnm

, Y1 =


y11
y21

...
yn1

, . . . , Yp =


y1p
y2p

...
ynp

 (4)

The first step is to determine the optimal number of principal components by cross-
validity analysis. When the number of principal components of the seven dependent
variables Y is 1, Qh

2 = 1. When the number of principal components is 2, Qh
2 are all less

than 0.0975 (Table 6). Therefore, for the seven dependent variables Y, the numbers of the
optimal principal components of the independent variables are all one.

Table 6. Result of cross-validity analysis.

h

Y1 Y2 Y3 Y4 Y5 Y6 Y7

SS
Qh2

SS
Qh2

SS
Qh2

SS
Qh2

SS
Qh2

SS
Qh2

SS
Qh2

PRESS PRESS PRESS PRESS PRESS PRESS PRESS

1 1.96 × 106

2.81 × 106 1 9.31 × 106

1.19 × 107 1 2.59 × 106

3.41 × 106 1 4.47 × 104

6.67 × 104 1 6.91 × 106

9.17 × 106 1 3.71 × 108

5.49 × 108 1 7.83 × 103

1.02 × 104 1

2 7.30 × 105

2.28 × 106 −0.163 5.57 × 106

1.05 × 107 −0.127 1.06 × 106

1.79 × 106 0.311 1.67 × 104

7.13 × 104 −0.593 4.34 × 106

8.73 × 106 −0.263 2.36 × 108

5.39 × 108 −0.453 5.50 × 103

1.22 × 104 −0.562

3 2.96 × 105

1.15 × 106 −0.581 2.70 × 106

1.44 × 107 −1.594 6.14 × 105

1.45 × 106 −0.377 1.12 × 104

6.03 × 104 −2.608 2.97 × 106

8.94 × 106 −1.058 1.82 × 108

5.02 × 108 −1.132 2.65 × 103

1.61 × 104 −1.925

4 2.36 × 105

9.65 × 105 −2.261 1.55 × 106

2.21 × 107 −7.217 4.62 × 105

1.85 × 106 −2.007 1.02 × 104

5.08 × 104 −3.538 2.44 × 106

8.28 × 106 −1.789 1.70 × 108

5.55 × 108 −2.045 1.89 × 103

1.23 × 104 −3.629

5 1.85 × 105

1.18 × 106 −4.002 9.34 × 105

2.25 × 107 −13.56 3.73 × 105

2.86 × 106 −5.196 9.70 × 103

6.07 × 104 −4.964 2.26 × 106

8.83 × 106 −2.615 1.48 × 108

7.36 × 108 −3.337 1.68 × 103

9.80 × 103 −4.192

6 1.45 × 105

1.31 × 106 −6.086 6.55 × 105
2.12 × 107 −21.71 2.68 × 105

3.19 × 106 −7.553 9.22 × 103

7.92 × 104 −7.173 2.14 × 106

9.36 × 106 −3.145 1.41 × 108

7.71 × 108 −4.219 1.55 × 103

1.12 × 104 −5.641

7 1.22 × 105

1.52 × 106 −9.487 5.92 × 105

2.05 × 107 −30.26 2.52 × 105

3.10 × 106 −10.55 7.90 × 103

1.25 × 105 −12.55 2.10 × 106

9.76 × 106 −3.556 1.37 × 108

8.41 × 108 −4.968 1.52 × 103

1.22 × 104 −6.872

8 1.15 × 105

1.83 × 106 −14.04 4.68 × 105

2.37 × 107 −38.98 2.25 × 105

3.35 × 106 −12.29 7.35 × 103

1.55 × 105 −18.6 2.04 × 106

1.57 × 107 −6.471 1.31 × 108

9.94 × 108 −6.26 1.52 × 103

2.28 × 104 −13.99

9 9.98 × 104

1.81 × 106 −14.81 4.04 × 105

2.93 × 107 −61.7 2.12 × 105

3.72 × 106 −15.54 7.05 × 103

1.69 × 105 −21.96 1.97 × 106

1.65 × 107 −7.062 1.27 × 108

1.49 × 109 −10.36 1.49 × 103

2.83 × 104 −17.68

10 9.58 × 104

3.61 × 106 −35.19 3.22 × 105

3.52 × 107 −86.04 1.91 × 105

8.97 × 106 −41.38 7.00 × 103

1.76 × 105 −23.92 1.96 × 106

1.85 × 107 −8.409 1.17 × 108

2.09 × 109 −15.43 1.49 × 103

6.11 × 104 −40.06

11 8.65 × 104

1.49 × 107 −154.7 2.69 × 105

3.67 × 107 −112.9 1.83 × 105

1.02 × 107 −52.67 6.87 × 103

2.36 × 105 −32.75 1.86 × 106

4.86 × 107 −23.75 9.98 × 107

3.73 × 109 −30.95 1.48 × 103

8.39 × 104 −55.5

12 7.78 × 104

1.54 × 107 −177.3 1.58 × 105

2.44 × 107 −89.63 1.79 × 105

1.32 × 107 −71.26 6.77 × 103

3.24 × 105 −46.1 1.83 × 106

5.16 × 107 −26.83 7.11 × 107

5.64 × 109 −55.48 1.48 × 103

1.04 × 105 −68.82

13 8.40 × 103

7.91 × 106 −100.8 1.32 × 105

2.75 × 107 −173.6 7.98 × 104

2.19 × 107 −121.3 6.40 × 103

3.96 × 105 −57.47 1.60 × 106

1.69 × 108 −91.27 7.11 × 107

1.16 × 1010 −162.4 1.38 × 103

1.26 × 105 −84.09
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The second step is to extract the principal component U1 and perform accuracy
analysis. For the seven dependent variables Y, the comprehensive extraction ratios of
principal component U1 for X are 60.8%, 59.2%, 52.9%, 54.2%, 58.0%, 59.5%, and 60.7%
(Table 7).

Table 7. Accuracy analysis of the principal component U1 and X.

X
Principal Component U1

Y1 Y2 Y3 Y4 Y5 Y6 Y7

X1 0.912 0.827 0.615 0.711 0.782 0.840 0.905
X2 0.947 0.880 0.735 0.762 0.860 0.910 0.940
X3 0.000 0.016 0.095 0.009 0.026 0.004 0.000
X4 0.726 0.712 0.689 0.729 0.738 0.763 0.725
X5 0.921 0.883 0.811 0.862 0.883 0.929 0.913
X6 0.205 0.270 0.282 0.234 0.313 0.223 0.207
X7 0.459 0.571 0.698 0.498 0.572 0.517 0.481
X8 0.200 0.278 0.476 0.376 0.302 0.283 0.207
X9 0.492 0.407 0.201 0.315 0.346 0.393 0.486
X10 0.694 0.675 0.640 0.447 0.657 0.672 0.694
X11 0.815 0.728 0.493 0.609 0.671 0.725 0.810
X12 0.844 0.802 0.665 0.732 0.786 0.814 0.834
X13 0.687 0.644 0.475 0.756 0.605 0.661 0.687

Comprehensive result 0.608 0.592 0.529 0.542 0.580 0.595 0.607

Then, analyze the correlation between X and Y by PLSR. The regression coefficients
and the significance of PLSR are shown in Table 8. The standardized regression coefficients
are displayed in Figure 11.

First, we focused on the correlation between the scale of UCN and the development
of STEs:

• The scale of UCN had a positive correlation with the number of enterprises, the
number of insured persons, the amount of registered capital, the number of software
copyrights, and the comprehensive score of enterprises at the 0.01 significance level.
There is no significant correlation between the number of commercial facilities and the
other two dependent indicators.

Second, we compared the differences in the correlation significance between the six
commercial service industries and the development of STEs.

• The number and the comprehensive score of catering restaurants have a significant
positive correlation with the number of enterprises, the number of insured persons,
the amount of registered capital, the number of software copyrights, the average salary,
and the comprehensive score of enterprises. The consumption of catering per person
only has a positive correlation with the number of insured persons of enterprises and
has no significant correlation with other indicators of corporate development. That
means, compared with the grade of restaurants, the number and the satisfaction of
catering restaurants have a more significant relevance with corporate development.

• The number of hotels and the average number of guest rooms have a significant
positive correlation with the number of enterprises, the number of insured persons,
the amount of registered capital, the number of software copyrights, the average salary,
and the comprehensive score of enterprises. The comprehensive score of hotels has a
positive correlation with the number, the number of insured persons, the amount of
registered capital, the average salary, and the comprehensive score of enterprises. The
average star-rating of hotels only has a significant positive correlation with the number
of insured persons and the number of software copyrights. That means, compared
with the grade of hotels, the number, scale, and satisfaction have a more significant
relevance with corporate development.



Land 2022, 11, 2086 21 of 28

• The number of retail stores only has a significant positive correlation with the compre-
hensive score of enterprises and has no significant correlation with other indicators of
corporate development. The floor space of commercial complexes has a significant
positive correlation with the number of enterprises, the amount of registered capital,
and the comprehensive score of enterprises.

• The number of resident service stores has a significant positive correlation with the
number of enterprises, the number of insured persons, the number of software copy-
rights, and the comprehensive score of enterprises. The number of culture, sports,
and entertainment stores has a significant positive correlation with the number of
enterprises, the number of insured persons, the amount of registered capital, the
number of software copyrights, the average salary, and the comprehensive score of
enterprises. The number of finance and insurance business halls has a significant
positive correlation with the number of enterprises, the number of insured persons,
the amount of registered capital, and the comprehensive score of enterprises.

Third, we compared the degree of the correlation between the 13 independent vari-
ables and the development of STEs by comparing the standardized regression coefficient.
For each dependent variable Y, we selected the four independent variables with the highest
standardized coefficients from the significantly correlated independent variables X, and
observed which commercial service industries they belong to. In summary, the cater-
ing; hotel; and culture, sports, and entertainment industries correlated the most with
STE development.

• The four most correlated independent variables with the number of enterprises (Y1)
are the number of catering restaurants (X2), the comprehensive score of catering
restaurants (X4), the number of hotels (X5), and the number of culture, sports, and
entertainment stores (X12).

• The four most correlated independent variables with the number of insured persons
(Y2) are the comprehensive score of catering restaurants (X4); the average number of
guest rooms (X7); the number of culture, sports, and entertainment stores (X12); and
the number of finance and insurance business hall (X13).

• The four most correlated independent variables with the registered capital of enter-
prises (Y3) are the comprehensive score of catering restaurants (X4), the number of
hotels (X5), the average number of guest rooms (X7), and the comprehensive score of
hotels (X8).

• The four most correlated independent variables with the number of software copy-
rights (Y5) are the comprehensive score of catering restaurants (X4), the number of
hotels (X5), the average star-rating of hotels (X6), and the average number of guest
rooms (X7).

• The four most correlated independent variables with the average salary of employees
(Y6) are the comprehensive score of catering restaurants (X4), the number of hotels
(X5), the comprehensive score of hotels (X8), and the number of culture, sports, and
entertainment stores (X12).

• The four most correlated independent variables with the comprehensive score of
STEs (Y7) are the number of catering restaurants (X2), the comprehensive score of
catering restaurants (X4), the number of hotels (X5), and the average number of guest
rooms (X7).

In addition, we have also found that none of the 13 independent indicators have
a significant correlation with the number of intellectual properties of enterprises (Y4),
and the R-squared value of Y4 is 0.216, which is relatively low compared with other
dependent variables.
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Table 8. Regression coefficients 1 and p-value 2 of PLSR.

Y1
Number of
Enterprises

Y2
Number of

Insured
Persons

Y3
Registered
Capital of

Enterprises

Y4
Number of
Intellectual
Properties

Y5
Number of
Software

Copyrights

Y6
Average
Salary of

Employees

Y7
Comprehensive

Score

Con. −1392.765 −755.667 −358.997 52.975 5.085 −1505.27 1.811
X1 Total Number of Commercial Facilities 0.04 ** 0.029 ** 0.01 ** 0.001 0.017 ** 0.152 0.001 **
X2 Number of Catering Restaurants 0.081 ** 0.056 ** 0.03 * 0.001 0.039 * 0.338 * 0.002 **
X3 Consumption of Catering per Person 1.039 7.317 * 5.72 0.1 3.897 11.913 0.091
X4 Comprehensive Score of Catering Restaurants 148.746 ** 126.755 ** 74.326 * 5.153 102.349 ** 873.306 ** 4.854 **
X5 Number of Hotels 1.661 ** 1.236 ** 0.837 * 0.05 0.927 * 7.871 * 0.046 **
X6 Average Star-Rating of Hotel 22.276 33.204 * 20.728 1.171 34.261 * 127.577 0.557
X7 Average Number of Guest Rooms 8.579 ** 12.057 ** 7.955 * 0.293 7.043 ** 45.835 * 0.331 **
X8 Comprehensive Score of Hotels 53.799 ** 61.865 ** 69.596 * 5.394 44.529 426.133 ** 1.387 *
X9 Number of Retail Stores 0.092 0.063 −0.024 0.001 0.008 0.15 0.003 *

X10 Floor Space of Commercial Complex 4.615 ** 2.635 1.754 * −0.162 1.616 15.583 0.126 **
X11 Number of Resident Service Stores 0.214 ** 0.167 ** 0.031 0.004 0.078 * 0.745 0.007 **
X12 Number of Culture, Sports, and Entertainment Stores 0.628 ** 0.557 ** 0.267 * 0.02 0.352 ** 2.853 * 0.017 **
X13 Number of Finance and Insurance Business Halls 1.112 ** 1.102 ** 0.324 ** 0.101 0.548 5.373 0.037 **

R-Squared 0.882 0.532 0.534 0.216 0.389 0.445 0.627
1 Regression coefficient represents the influence of independent variable X on dependent variable Y. The larger the regression coefficient, the greater the influence of X on Y. A positive
regression coefficient indicates that Y increases as X increases, while a negative regression coefficient indicates that Y decreases as X increases. 2 p-value is the probability of obtaining a
result at least as extreme as the one that was actually observed or a more extreme result, given that the null hypothesis is true. The smaller the p-value is, the more significant the result
will be (** significant at p = 0.01; * significant at p = 0.05).
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Figure 11. Standardized regression coefficients (The gray bar charts indicate that independent variables and dependent variables are not significantly correlated).
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6. Key Findings

This study focused on the correlation between UCNs and STEs, including verifying
the spatial correlation of location and site selection, and comparing the differences in
the correlation between six commercial service industries and the development of STEs.
Essentially, facing the problems of converting the land use from industrial to commercial
and the mismatch between commercial resources and the consumer demands in innovation
districts, this study aimed to explore how to plan the UCNs and the STE clusters to be
more conducive to the development of innovation districts. The Hangzhou West High-Tech
Corridor, which represents the latest development trend in China’s innovation districts,
was selected as a typical study case. First, a spatial correlation test and spatial statistics
were performed to verify the relevance of site selection between UCNs and STEs. Second,
based on POI data, Internet assessment data, and corporate business information data,
13 indicators reflecting six major commercial service industries and 7 indicators reflecting
corporate development were selected. Then, partial least squares regression was performed
to analyze the correlation between UCNs and the development of STEs. The main findings
of this study can be expressed as follows:

1. There was a significant correlation related to the spatial distribution between UCNs
and STEs. Almost all L–H areas were within 500 m of the H–H areas. The UCN areas,
and the 500 m buffer zone surrounding them, covered 94.86% of STEs and 96.18% of
the STE employees. The service sector STEs tended to be located closer to UCNs than
the manufacturing STEs. The distance from small-scale STEs to UCNs was shorter
than that of large-scale STEs.

2. UCNs may promote the development of surrounding STEs. The scale of UCN had a
significant positive correlation on the agglomeration, scale, and comprehensive devel-
opment level of STEs. Improving the number and upgrading the comprehensive score
of restaurants and hotels may promote the agglomeration, development scale, salary,
and comprehensive development level of STEs. The scales of the resident service in-
dustry; culture, sports, and entertainment industry; and finance and insurance indus-
try all contributed to a certain extent to different aspects of corporate development.

3. There were differences in the degree of mutual influences between the six commercial
service industries and the development of surrounding STEs. Catering and hotel
industries were the two most correlated industries for corporate development. The
scale and satisfaction of catering and hotel industries might be conducive to the
development of STEs. The culture, sports, and entertainment industry also made a
relatively high contribution to STE development, while the number of retail stores
had almost no significant correlation with the development of STEs.

4. The commercial complex may be one of the physical forms that were conducive to
the development of surrounding STEs. The floor space of the commercial complex
had a significant positive correlation on the agglomeration, scale, and comprehensive
development level of STEs. It can be inferred that the highly developed Internet
economy has already digested much of consumer demand. Only when massive
retail stores gather into commercial complexes will they promote the development of
surrounding STEs.

Compared with previous researches, the contribution of this study is mainly in guiding
how to rationalize the planning of UCNs in innovation districts. First, several previous stud-
ies believed that commercial service facilities (including cafés, restaurants, entertainment
facilities, shopping malls, etc.) are conducive to the development of innovation districts
by improving the quality of life [31,33], attracting and retaining knowledge workers, en-
hancing regional competitiveness [11], and creating places for knowledge spillover [38].
The current study validated these arguments and further examined the differences in the
correlation of six commercial service industries from the perspective of STE performance.
On this basis, suggestions for the spatial planning of UCNs and STE clusters, and the
rational allocation of commercial resources in innovation districts were proposed.
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Moreover, previous researches suggested that creating a “high quality” living envi-
ronment is conducive to attract and retain talents in innovation districts [30,32,38], but few
literatures have specifically explained the standard of “high quality”. From the perspective
of UCNs, the “high quality” seems irrelevant to the price factor. In this study, the two indi-
cators representing the prices of catering and hotel industries, namely, the consumption of
catering per person, and the average star-rating of hotels, were not significantly correlated
with the development of STEs. This indicates that although knowledge workers are gener-
ally characterized by high-income attributes, it does not mean they prefer more expensive
commercial services. Instead, the number and the comprehensive score of commercial
facilities are positively correlated with the development of STEs. Therefore, “richness” and
the “satisfaction” may be the criteria for evaluating a “high quality” UCN.

Therefore, this study put forward the following suggestions for future urban planning
and design in new urban innovative districts:

First, the urban planning and design of innovation districts should consider allocating
sufficient commercial land at an appropriate distance from the STE clusters. Referring to
the Hangzhou West High-Tech Corridor, we believe that about 500 m accessible to UCNs
from STE clusters is reasonable. We suggest that small-scale STEs could be located within
the UCN areas, while large-scale STEs may be distributed within 500 m from the UCNs,
which is a distance that not only provides easy access to commercial services, but also
reserves enough space for their own development.

Second, in terms of commercial resource allocation, priority can be properly granted
to the quantity and quality of catering and hotel industries in urban innovation districts.
The catering industry can guarantee the rapid and abundant supply of food for the STE
employees. The hotel industry may cooperate with STEs to provide enhanced services. In
addition, the space utilized by the culture, sports, and entertainment industry should be
fully reserved because it is also relied on by businesses and has a relatively high degree
of correlation with corporate development. This is inextricably related to high-income
people’s consumer demand for cultural life, health care, and recreation.

Finally, the commercial complexes could be one of the space carriers for UCNs in
innovation districts. In the context of the widespread popularity of online shopping, the
commercial complex may be one of the good forms of physical commercial space. Since
online shopping has become the first choice of consumption for young people, shopping
itself is no longer the main function of physical commerce. Instead, spiritual demands that
can force people to go out of their houses, such as social and entertainment consumption,
will become the future of offline formats. Therefore, a commercial complex that integrates
catering, retail, entertainment, and other forms of commercial services can effectively attract
crowds. This study also verified that commercial complexes may promote the development
of surrounding STEs. Thus, different scales of commercial complexes should be rationally
arranged in urban innovation districts to promote the healthy development of the real
economy and improve urban functions and spatial quality.

This study investigated the correlation between UCNs and the development of STEs
in innovation districts, adopting the Hangzhou West High-Tech Corridor—which is not
a “planned project” as it has experienced constant dynamic planning adjustments—as
a special study case. The randomness, spontaneity, and complexity of urban elements
inside the Corridor are the result of a combination of market-driven and planning-driven
processes. In this study, we consider the correlation of UCNs and the development of
STEs as a symbiotic rather than a causal relationship. In addition to UCNs, a reasonable
job–housing relationship [18] and abundant open spaces and ecological resources [44]
are also necessary urban elements for innovation districts. These urban elements do not
independently influence the development of innovation districts. Essentially, an integrated
urban morphology consisting of various urban elements is the foundation of the sustainable
development trend of urban innovation districts.

There are some limitations in this study in terms of indicator selection and sampling
data. First, this study referred to national standards and previous studies when selecting
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the indicators of UCNs and STEs. Only some of the available indicators were selected,
which may influence the research results. Meanwhile, as some corporate economic data
was confidential, corporate development data did not cover all STEs, which will lead to a
small bias of sample data.

Future research will discuss how different types of UCNs effect the development
of industrial parks and urbanization from the perspective of urban design and space–
time evolution. Furthermore, dynamic big data such as cellular signaling data and traffic
congestion data should supplement indicators such as travel range and traffic accessibility,
which will help to explore the type and proportion of mixed land use between urban
commercial and industrial functions. This will provide references for the urban planning of
new urban districts and the functional repair of single-function urban built areas.
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