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Abstract: The digitization of consumption, led by information and communications technology (ICT),
has reshaped the urban commercial spatial structure (UCSS) of restaurants and retailers. However,
the impacts of ICT on UCSS and location selection remain unclear. In this study, based on on-demand
food delivery data and real-time traffic data, we used two types of machine learning algorithms,
random forest regression (RFR) and the density-based spatial clustering of applications with noise
(DBSCAN), to study the spatial distribution patterns, driving factors, and new geographical location
phenomena of ‘brick-and-click’ (B&C) stores in Xinjiekou’s central business district (CBD) in Nanjing,
China. The results show that the UCSS in the CBD is being decentralized, but the degree of influence is
related to the business type. Additionally, the scale of demand and the distance from core commercial
nodes greatly affect the scales of B&C stores. Moreover, the agglomeration of high-sales B&C stores
seems to indicate a micro-location advantage, characterized by the concentration of delivery riders,
which is usually located in the commercial hinterland with dense traffic. This makes stores situated
in traditionally advantageous locations more attractive for online sales. Thus, ICT enhances the
Matthew effect in business competition. These findings deepen our understanding of urban digital
planning management and business systems.

Keywords: ICT; restaurant; retail; micro-location; on-demand food delivery

1. Introduction

The digital transformation of consumption services has caused a profound change in
people’s consumption behavior [1–3]. In 2021, the proportion of the online consumption
of various consumer goods in China continued to rise, making it the largest e-commerce
market worldwide, accounting for 11.87% of the total value of the global market [4]. Digital
consumption scenarios, such as takeaway delivery, online shopping, and ride-hailing, have
created a new paradigm of urban life. E-commerce systems, such as on-demand food
delivery (ODFD) platforms, enable a high degree of integration and effective matching of
supply and demand information in addition to solving the problem of “last-mile” delivery.
Therefore, on the one hand, the separation of consumer payment and commercial space
enables the logic behind commercial space layout to break through traditional geographical
constraints [5]. On the other hand, the resulting temporal and spatial compression effects
induce new commercial competition on a wider spatial scale.

As the central nodes in the urban commercial spatial structure (UCSS), central business
districts (CBDs) have witnessed a change toward a flexible layout of businesses, which
simultaneously imposes new spatial constraints. This reflects the adaptation of the urban
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space to the new needs of people to “consume anywhere, anytime” [6–8]. To meet “just-
in-time delivery” needs, technological capital has triggered a shift toward additional
logistics node functions in commercial spaces, leading to an expansion in the service
scope of commercial spaces [9,10]. Therefore, the principle of establishing retail and
restaurant spaces is no longer limited to a search for the ‘agglomeration’ and ‘location’
effects. Instead, the importance of the location with the best scale and efficiency that can be
achieved within the geographical proximity is highlighted under the “just-in-time delivery”
metaphor [11]. In other words, the readjustment of the socio-spatial organization, guided
by the new infrastructure, has led to a more complex logic behind the spatial layout for
urban commerce [12].

Deciding upon the locations of retail and catering commercial facilities is always a
complex and important task, especially nowadays, when ODFD is popular [13,14]. Due to
the widespread use of ODFD, the retail and catering industries are facing competition not
only from offline competitors but also from online ones. As the pressure of competition
increases, ODFD has given rise to new forms of business: shops that combine offline and
online business or even “ghost shops” that provide services only through ODFD [11].
Shops with this new business format have larger spatial service ranges, a larger number
of potential customers, and more varied channels of profitability, due to the flexibility of
ordering, than physical stores that do not operate an online presence [1,15]. Moreover,
such shops are highly dependent on online traffic and, therefore, tend to be able to have
low dependence on location in order to save on spatial, rental, and labor costs [16,17]. In
view of the high cost of opening and relocating retail and catering commercial facilities, the
reasonable selection of store locations is crucial to improving profitability and reducing
cost pressure especially for stores that provide ODFD services.

At present, research on store distribution, based on data such as socioeconomic and
built environment characteristics, is not new, but there are generally few studies on ODFD
stores [16,17]. Existing relevant research shows that ODFD catering stores are less depen-
dent on traditional locations, prompting the urban commercial spatial structure to become
decentralized [7,18,19]. Since the penetration of ODFD into urban commerce is spatially
heterogeneous, previous research has mainly focused on how ODFD affects the distribution
of the catering industry in macro-cities as well as residents’ eating habits, changes in the
logistical environment, and changes in shopping methods [20–23]. Little is known about
how urban spaces are affected by ODFD, especially CBDs, where commercial density is
extremely high and takeaway services are extremely frequent. To be more precise, relevant
research has identified a trend in the decentralization of ODFD stores at the urban scale, but
it is not clear to what micro-location the stores will move. Compared with other urban areas,
urban central areas with extremely frequent takeout services have an absolute advantage
in the distribution of stores, labor, technology, and other resources. As a result, these areas
often have the highest penetration rate and are most effected by ODFD platforms, which is
valuable to other urban areas. On the other hand, combined with the actual store location
process, although previous research is of great value for store selection in urban areas, it has
limited significance for site evaluation at the level of a single space [24], and it is impossible
to predict the operating conditions after micro-location selection. In these cases, combined
with online sales data, there is a lack of research comparing the distribution differences
between purely physical stores and ODFD stores in micro-spatial locations. In addition,
most studies have also ignored the current situation that ODFD has become widely present
in retail industries, such as supermarkets and pharmacies, in recent years. Therefore, it is
also necessary to investigate the status of the retail industry.

In this study, we define retail stores as supermarkets, pharmacies, vegetable shops,
flower shops, and other stores facing the street. Restaurants are defined as commercial
spaces that mainly provide food and beverages. In addition, we will use the abbreviations
B&C for stores providing both dine-in and timely delivery services and B&M for stores
that do not offer immediate delivery services [25]. In this context, the current study aims to
analyze the spatial distribution and sales data of restaurants and retailers on the ODFD
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platform in Xinjiekou’s CBD in Nanjing, China, to decipher the new UCSS and geographical
phenomena of commerce. Specifically, we aim to answer the following questions: (1) What
are the characteristics of the distribution of urban commercial space, including retail stores
and restaurants, under the influence of ICT? (2) What are the key factors that contribute
to these spatial distribution characteristics? (3) Is there a discernible correlation between
location differences and the store’s online sales? If so, which micro-location might be more
favorable to B&C establishments?

The remainder of this paper is structured as follows: In the next section, relevant
studies in the extant literature are reviewed and discussed. Section 3 provides an overview
of the study location and research design. In Section 4, we delve into the distribution
characteristics of commercial spaces and the attributes affecting online sale efficiency due
to locational differences. Section 5 presents our discussion. Finally, Section 6 summarizes
the conclusions drawn from this study.

2. Literature Review
2.1. Urban Spatial Structure

The urban spatial structure is defined as the spatial distribution pattern of activities in
a city, reflecting the distribution and composition of the elements in the city [26–28]. Schol-
ars have explored the urban spatial structure extensively in terms of land use, behavioral
activities, and transportation, focusing on summaries of static urban structures [29–33].
However, ICT has reshaped the relationship between capital, space, and people, guiding
the dynamic evolution of the urban spatial structure. On the one hand, new technologies
and capital preferences have contributed to the birth and popularity of digital platforms,
allowing for the recombination of commercial spaces in new geographical locations, ulti-
mately leading to changes in the structure of physical spaces. On the other hand, human
behavioral mechanisms change [18,34–36], as manifested in the replacement of consumer
visits by logistics distribution visits, leading to changes in the structure of human flow
activities. Furthermore, the COVID-19 pandemic accelerated this trend [37,38]. With the
improvement of digital infrastructure and the maturity of new business models, the compo-
sition of commercial space dominated by restaurants and retail is becoming more important
in affecting the urban economic system. Nevertheless, there is limited quantitative analysis
of the UCSS. Therefore, filling this gap in the extant literature is necessary to improve urban
digital management and achieve sustainable development.

In recent years, some studies have pointed out that the impact of ICT on commercial
space in different regions is heterogeneous [39]. More specifically, the impact of ICT varies
across regions with distinct business functions and developmental levels. However, the
research objects in the existing literature focus on the urban scale, ignoring the possible
differential changes in CBDs with highly mature businesses at the medium and micro-scales.
It is worth noting that these studies were unable to capture the dynamic impact on UCSS
due to the limitations of traditional datasets. Therefore, employing new datasets that are
composed of a large number of stores integrated on the ODFD platform can help overcome
this limitation.

2.2. Multiple Dimensions of Locations Evaluations and Decision-Making Processes

A suitable location ensures the profitability and long-term viability for a commercial
facility. This provides an important basis for predicting its commercial potential, especially
catering and retail facilities. The general process of location selection for commercial facili-
ties includes two aspects: macro-location selection and micro-location determination [40,41].
In order to determine the best location for commercial facilities, scholars measure the de-
gree of relative advantage of a location—that is, the potential spatial benefit or economic
value—based on theoretical frameworks from different perspectives. Central place theory
and spatial interaction theory are based on the assumption of rational consumers and sum-
marize the hierarchical advantages in the macro-urban spatial structure [42,43]. They tend
to believe that commercial nodes that are close to more consumers have greater competitive
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advantages. In contrast, the principle of minimal differentiation proposes a neighborhood
location model from a micro-perspective, pointing out that appropriate agglomeration is an
important strategy to promote business success. To be more precise, agglomeration enables
stores that offer different products to sell complementary products, increase consumer’
shopping frequency per unit time, and attract more consumers at the same time, thereby
minimizing store operation risks [38,44]. In addition, urban studies scholars have proposed
the concept of space syntax based on the topological structure of urban space, emphasizing
the correlation between location accessibility and business success [40,41,45]. Therefore,
some scholars have summarized three location factors for business success: agglomeration,
centrality and connectivity [44].

While existing theories have contributed to our understanding of dominant locations,
they may not provide guidance for selecting micro-locations. The proliferation of computer
technology has led to the emergence of extensive data types [46]. Business scholars and
corporate entities have responded by developing more comprehensive site selection mod-
els that integrate more data types to assess and predict the business potential of specific
locations [47–49]. Currently, there are three primary categories of research methods related
to this topic. The first type of approach is a comprehensive analysis that takes into account
demand and competition. This type of research often measures demand by analyzing the
population structure in small-scale areas, and it considers competitive factors, such as com-
petition density, competition scale, etc. [41,50]. Finally, the location is selected based on rent
and other information [51,52]. The second category of methods focuses on store operational
performance. The most direct method is to consider the long-term dynamic study of store
opening, closing, and relocation in a specific area, which effectively reveals the difference
in benefits of different locations for store survival [53]. Similarly, it is common for business
analytics to combine sales dynamics data and review data with store location information,
aiding in the identification of location factors that influence performance [54,55]. The third
category of methods focuses on analyzing foot traffic at micro-locations. It is unanimously
agreed that customer flow is considered to be the most direct factor affecting the success of
a store [24,56]. Foot traffic represents the attractiveness of a location and is also positively
correlated with more shopping behaviors and payments [57]. However, due to technical
limitations, most studies are unable to accurately measure passenger flow directly. Instead,
they use proxy variables like accessibility, walking environment quality, and land use
attributes to predict passenger flow [40].

Some studies have indicated that ODFD reduces the reliance of B&C’s establishments
on foot traffic and traditional advantageous locations. However, existing research focuses
on the analysis of the advantageous locations of B&Ms and rarely involves B&Cs. There-
fore, it is necessary to examine the differences between the preferred locations of B&Cs
and traditional advantaged locations to improve the mechanistic understanding of B&Cs
location selection at the micro-scale.

2.3. Multifaceted Determinants of the B&Cs Businesses

As an emerging business form that adopts instant delivery services, B&C has received
widespread attention from scholars in various fields. Research has demonstrated that the
Internet has transformed not only how consumers interact with physical stores but also the
operational methods and customer acquisition channels of these stores [43,58]. Notably,
there is an ongoing debate regarding whether the Internet will alter the fundamental
principles of store locations. As a result, many scholars generally use the rules affecting
traditional physical stores to assess the extent of change in B&Cs [16,59]. At present, relevant
discussions mainly focus on the urban built environment, socio-economic characteristics
and marketing mix [49,60–62]. In terms of business research, most studies start with
an exploration of supply and demand, demonstrating the significance of factors such as
demographic structure, educational background, cultural background, and income level
on online consumption [55,63]. Simultaneously, several studies have shown that business
models, product types, and marketing methods significantly impose significant constraints
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on B&C establishments’ location selection and sales capabilities [64,65]. Therefore, more
and more scholars believe that there is a close correlation between business form and store
location and sales.

In addition to the business field, urban research scholars have conducted in-depth
research with urbanization and accessibility as the two main research starting points. At
the heart of the debate between the efficiency hypothesis and the technology diffusion
hypothesis, urbanization plays a pivotal role in determining residents’ ease and frequency
of online shopping, as well as influencing potential operational strategies for commercial
facilities [66]. Recent research suggests that the actual scenario is actually more complicated,
and the two are not inherently contradictory [35,38,67]. On the other hand, accessibility
calculation based on multiple transportation modes focuses on examining the results
of changes in location dependence of B&Cs [14,25]. In addition, factors such as rent,
business district location, distance from commercial centers and public infrastructure, road
network density and building type have varying degrees of interpretability for B&C store
locations, confirming its trend of moving to non-core locations [17,58,68]. Recent research
has highlighted that the heterogeneous distribution of distribution labor may directly affect
the efficiency of online business completion, consequently affecting the online sales and
viability of B&Cs [69]. However, due to a lack of relevant data and a lack of attention to the
potential correlation between store sales dynamics and delivery labor, some studies have
not explored this further.

Although existing studies have extensively studied the factors that may affect B&Cs,
they only focus on the impact on the distribution of B&C restaurants within macro-regions,
which limits their ability to identify the evolution of different types of business trends at
the meso-micro scale, such as real-time retail. Therefore, comprehending the nuances of
how these factors influence store location and sales dynamics, and utilizing this knowledge,
could be a key factor in achieving success in online competition.

3. Materials and Methods
3.1. Study Area

Nanjing is an influential provincial capital city in China’s southeastern coastal region
and one of the core cities in the three economic spheres. In 2021, Nanjing’s total retail sales
of consumer goods reached RMB 789.94 billion, and the per capita retail sales of consumer
goods reached RMB 84,800, ranking first in China [70]. In the same period, Nanjing’s online
retail sales reached 650.1 billion yuan [71]. Furthermore, Nanjing’s takeaway business,
one of the main online consumption scenarios, ranked 10th in mainland China with over
100 million takeaway orders in 2019 [72].

Xinjiekou’s CBD in Nanjing (Figure 1) was chosen as the location for the this study,
as detailed in Section 3.3.1. This selection is based on Xinjiekou’s status as the most
densely populated and commercially active area in Nanjing, which has functioned as a
comprehensive urban center for business and commerce for over a century. Moreover,
according to the 2035 Nanjing Master Plan, Xinjiekou’s CBD is slated to remain the city’s
central hub and play an crucial role in core functions [73].

3.2. Data

The data used in this study consist of primarily five categories:

(1) The building vector data of Xinjiekou’s CBD were sourced from the open source
database of the Chinese Academy of Sciences (https://www.resdc.cn/, accessed on
10 March 2022). The dataset includes building ground outlines and building heights.

(2) The acquisition of point of interest (POI) data for physical stores was a two-step
process. Initially, Python programming was used to extract data in batches from the
open platform of Gaode Map (https://lbs.amap.com/, accessed on 29 March 2022).
Subsequently, data calibration was performed through field research. The attributes
of the acquired data included store name, latitude, and longitude.

https://www.resdc.cn/
https://lbs.amap.com/


ISPRS Int. J. Geo-Inf. 2024, 13, 44 6 of 24

(3) The ODFD platform store data were crawled through Python on 29 March 2022.
The data were obtained from two ODFD platforms: Meituan Waimai and Ele.me.
The reasons for choosing Meituan Waimai and Ele.me were as follows: 1⃝ In 2021,
these two platforms were the largest takeaway platforms in China, jointly holding
a market share exceeding 90% [72,74,75]. They encompassed a vast majority of the
stores offering takeaway services; 2⃝ Chinese takeaway services are highly dependent
on third-party platforms to create orders and deliver goods [17]. The collected data
attributes included name, latitude and longitude, monthly sales, and store type. In
addition, we established links between the ODFD store data and POI data using name
and coordinates, which was followed by manual calibration to ensure the accuracy of
the data.

(4) Traffic data were obtained through Baidu’s open map platform, (https://lbsyun.baidu.
com/, accessed on 27 March 2022), which could be divided into static and dynamic
data [76]. Static data encompassed the latitude, longitude, and names of subway
stations and bus stations. Dynamic data included pedestrian traffic data. It was time
consuming to obtain point-to-point traffic data in batches through the pedestrian path-
planning API service. Compared with traditional methods of obtaining traffic data,
the traffic data provided by map service providers are more real-time representative
and more accurate. The specific reasons for utilizing pedestrian traffic data in this
study were as follows: 1⃝ The research area was within walking distance; 2⃝ The
central area experienced high foot traffic, with most people walking; 3⃝ After testing,
the walking speed was 1.25 m/s, and there was minimal variation in pedestrian traffic
accessibility between working and non-working days, making it relatively stable.

(5) The data on residential communities, offices, and stores were collected on 20 March
2022. We collected the data mainly using Python via Anjuke (https://nanjing.anjuke.
com/, accessed on 15 March 2022) and Lianjia (https://nj.lianjia.com/, accessed on
20 March 2022), including data on name, latitude and longitude, house price, and rent.

3.3. Research Design

This study evaluates the impact of ODFD on the location of restaurants and retail
industries within the CBD. This study focuses on the central area of the city because this
is the area with the highest commercial density and the most active takeout services in
the city. In addition, at the medium and micro-scale, the CBD is a comprehensive urban
functional area, showing a different B&C store spatial pattern from the macro-scale.

Our main research ideas are as follows. Firstly, by testing the distribution status
of B&C and B&M shops in urban centers, we distinguish the extent to which the retail
and catering industries are affected by ODFD. Secondly, we explore the general spatial
distribution mechanism of B&C shops using regression modelling to test whether there is a
correlation between online sales and B&C shop distribution. Finally, in conjunction with
previous location assessment methods, three 20-min isochronous circles are established to
cover the entire CBD, centered on each of the three core commercial nodes (CCNs), to verify
the potential connectivity between traditional micro-advantageous locations and B&C shop
locations and online sales as well as identify micro-locations that may be conducive to
online business.

3.3.1. Definition of the Central Business District

The scope of Xinjiekou’s CBD was defined using the public service facility index
method [77]. This method takes into account the development characteristics of China’s
urban central districts and is grounded on two key principles: (i) public service institutions
are the functional essence of CBDs; (ii) the degree of spatial aggregation of public service
facilities serves as a comprehensive measure for identifying the scope of the CBD. Hu and
Yang proposed a methodology to define the spatial extent of CBDs based on the values of
the Public Service Facility Height Index (PSFHI) and the Public Service Facility Intensity

https://lbsyun.baidu.com/
https://lbsyun.baidu.com/
https://nanjing.anjuke.com/
https://nanjing.anjuke.com/
https://nj.lianjia.com/
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Index (PSFII), which were calculated using Formulas (1a) and (1b), respectively. The specific
for defining the scope are illustrated in Figure 2.

PSFHI =
Sa

Sb
× 100% (1a)

PSFII =
Sa

Sc
× 100% (1b)

where Sa is the building surface of the public services on the surveyed site, Sb is the site
area of the surveyed site, and Sc is the total floor area of the surveyed site.
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3.3.2. Spatial Statistical Analysis

This study mainly uses spatial analysis tools based on the ArcGIS Pro software to
describe the spatial distribution patterns of two types of B&C stores (i.e., restaurant and
retail) in the central area of Xinjiekou. In addition, to measure the level of penetration of
the ODFD platform into B&M stores, we use a Platform Penetration Index (PPI) to describe
it. The details are as follows:

To avoid deviations in evaluating the size of B&C stores due to differences in the
number of stores in the spatial unit, we use the proportion of the number of B&C stores in
all stores as a representation. The index only reflects the quantitative relationship between
the two.

P =
Na

Nb
× 100%, (1)

where P represents the PPI; Na and Nb are the numbers of B&C and B&M stores, respectively.

(1) Kernel density estimation (KDE)

KDE is employed to calculate and generate a spatial analysis map that visualizes the
distribution pattern and relative concentration of the dataset based on the spatial location
of a given elemental dataset. After several attempts, we set a search radius of 500 m to
identify the density distribution characteristics of businesses and the location of CCN. The
specific definition is as follows. Firstly, we use kernel density analysis method to identify
several regions with relatively high commercial density by inputting POI data. Secondly,
the geographic coordinates of the locations of the highest commercial density in these
regions are calculated, and finally, the geographic coordinates and the surrounding areas
are identified as the core commercial nodes.

(2) Average nearest neighbor (AVN)

AVN is a geographical indicator used to quantify the degree of spatial dispersion of
a point dataset. It is calculated as the ratio of the average nearest neighbor distance of
an element dataset to the average distance in a hypothetical random distribution. The
elements are considered clustered when the ratio is >1 and dispersed when it is <1.

(3) Optimized hot spot analysis (OHSA)

OHSA is a method for identifying local spatial autocorrelation phenomena for ana-
lyzing the distribution trend of spatial elements. Depending on whether each observation
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has a significant spatial association with its neighbors, the algorithm generates a spatial
analysis with hot and cold spots representing clusters of high and low values, respectively.
Specifically, we use the 200 m × 200 m grid as the basic geographic unit to identify hot
spots for the number of B&Cs and PPI.

3.3.3. Random Forest Regression Model

RFR model is a machine learning algorithm based on decision trees. It employs
multiple tree classifiers for classification and prediction. In regression problems, random
forests can effectively measure the relative importance of drivers and generate reliable
analytical results [78]. For example, the RFR model was used to study the importance
of each driver affecting urban land expansion [79]. In the present study, we built this
algorithm using MATLAB and ranked the importance of the drivers affecting the spatial
distribution of B&Cs.

In selecting explanatory variables, we used the number of B&Cs as the dependent
variable. Drawing from the literature review, we identified several categories of explanatory
variables (demand scale, diversity of demand, economic costs, traffic costs, and online sales
volume) from online business perspective, as shown in Table 1 [13,14,17]. The primary
reasons for choosing specific explanatory variables were as follows. (1) Population size is
the main factor that directly affects the operation of B&Cs. In CBDs, community residents
and white-collar workers are the main customers for takeaway consumption. However,
data on the population size and the number of white-collar workers were difficult to obtain.
Therefore, we used data on the number of residential communities and office buildings
to represent the size of demand. (2) High-income population groups and different types
of population groups tend to have diverse demands, triggering more stores to gather.
However, owing to the unavailability of per capita income data and difficulty of quantifying
group types, we chose two indicators, house price and office building rent, to reflect the
diversity of demand indirectly. For different types of population groups, we quantified
them through the calculation of information entropy based on POI types. (3) In terms of
economic costs, store rent is one of the main economic costs of store expenditures, which
directly affects the location of stores. (4) The convenience of transportation reflects the
accessibility of stores and indirectly verifies the location strategy of different types of stores.
We chose to reflect it through three indicators: the walking time to the nearest commercial
node, the distance to the nearest commercial node, and the number of traffic stations.
(5) The number of online sales represents the performance of the takeaway service, the
activity level, and the concentration of delivery labor per unit of time.

Before employing the RFR model, we divided the original dataset into a training set
and a validation set. To enhance the fitting accuracy and stability, the relative shares were
set to 70% and 30%, respectively. The number of relevant parameters (i.e., leaf and tree)
were set to 3 and 500, respectively.

3.3.4. Traffic Isochronous Analysis

Isochronous analysis is a common method used to quantify traffic accessibility. Pre-
vious studies have highlighted that customer traffic is a consequence of commercial ag-
glomeration. Merchandising is influenced by the density of foot traffic, and the areas
with the highest density of foot traffic are usually the best locations from a traditional
perspective [80]. Therefore, we opted to use the accessibility results obtained from the
isochrone analysis to evaluate the location. In the following steps, we used QGIS to process
the pedestrian dynamic traffic data to generate 20-min isochrones starting at the CCN with
5-min intervals (Figure 3); the lighter the color, the less accessible the area and the worse
the micro-location.
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Table 1. Definition and descriptive analysis of the variables.

Factors Indicators Mean Median SD Max Min Unit Notes

Demand
factors

Demand
scale

Residential
communities 34.74 35 12.16 63 3 / Number

within 500 m

Office
buildings 25.70 25 12.16 53 1 / Number

within 500 m

Diversity
of demand House price 38,111.93 38,481.52 5750.05 54,491 21,324.07 Yuan/square meter

Average
value within

500 m

Population
groups 1.75 1.79 0.35 2.64 0.50 / POI type mix

within 100 m

Office rent 1.76 1.62 0.65 3.4 0.48 Yuan/month/square
meter

Average
value within

500 m

Cost
factors

Economic
costs Store rent 8.48 6.86 9.74 158.33 1.21 Yuan/month/square

meter

Average
value within

100 m

Traffic
costs

Distance to
nearest

commercial
center

639.50 598.83 332.97 1531.34 41.75 meter /

Travel time 962.61 968.5 422.92 1969 48 Second Walking

Railway
stations and

bus stops
10.36 10 2.8 20 2 / Number

within 500 m

Commercial
perfor-
mance

Online sales 504.3 314 646.3 6000 0 / Sales volume
within 500 m
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To evaluate the correlation between B&Cs location and online monthly sales, we
counted the monthly sales in each time cost circle for comparison. Notably, to avoid data
errors caused by platform differences, we only used Meituan data in this part.

3.3.5. Online Sales Efficiency Evaluation

From a competitive business perspective, the difference in online sales between stores
with overlapping spatial service areas provides an accurate indicator of competitive effi-
ciency. To compare the competitive efficiency of stores under micro-location conditions,
we constructed a model as shown in Figure 4 based on the above-mentioned 20-min
isochronous circle. In general, the just-in-time delivery service radius is 5 km [81]. In
this model, Store A is within a 5-min isochronous circle, and Store B is within a 20-min
isochronous circle. Considering the limit distance (approximately 1 km) between A and B,
the overlapping competition area between stores is the smallest at 87% of the service area.
Therefore, it is reasonable to compare the competitive efficiency by volume difference.
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Additionally, we employed the DBSCAN algorithm to identify the heterogeneous distri-
butions of store clusters with similar sales efficiency. DBSCAN is a machine learning clustering
algorithm known for its ability to consider both spatial and attribute data simultaneously,
allowing it to detect spatial clusters of arbitrary shapes while identifying noise points. The
algorithm relies on two key parameters: the neighborhood distance (Eps) and the minimum
number of samples contained in the Eps neighborhood (MinPts). In this study, the algorithm
was implemented using Python. The specific parameters were set as follows. The data
dimensions included geospatial coordinates and sales, MinPts = 5, Eps = 100.

4. Results
4.1. Spatial Distribution Pattern
4.1.1. Density Distribution Characteristics

The UCSS, predominantly comprising restaurants and retailers, exhibited a clear
spatial distribution pattern aligned with the CCN hierarchy (Figure 5). Specifically, the
stores were clustered around three CCNs, namely Xiaosihuan, Zhujiang Road, and Hunan-
Shanxi Road, in a circular pattern. Xiaosihuan was the area with the highest degree of
commercial agglomeration, which was followed by Zhujiang Road and Hunan Road-Shanxi
Road. In contrast, B&Cs basically followed this density distribution pattern.
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4.1.2. Agglomeration Distribution Characteristics

The nearest neighbor analysis (Table 2) reveals that both B&Ms and B&Cs showed a
clustered distribution with a nearest neighbor index (NNI) of <1. However, specifically,
the NNI of both B&M stores was <0.25; thus, their spatial clustering was the most signifi-
cant. In contrast, B&C showed weaker clustering characteristics. In addition, the spatial
agglomeration of B&C restaurants was slightly stronger than that of B&C retail.
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Table 2. Average nearest neighbor distance analysis of take-out providers in Nanjing.

Z Value NNI Value p Value Average Nearest
Distance (Observed) Expected Distribution

Pattern

Restaurant B&M −79.624570 0.228837 0.000000 9.1409 m 39.9449 m Greatly
clustered

B&C −77.350012 0.385906 0.000000 12.8128 m 33.2018 m Fairly
clustered

Retail B&M −80.153045 0.243952 0.000000 9.2596 m 37.9565 m Greatly
clustered

B&C −31.552284 0.476873 0.000000 29.9797 m 62.8673 m Slightly
clustered

In terms of numbers, B&Cs collectively established a prominent a hot spot area
centered on Xiaosihuan and Zhujiang Road (Figure 6). The vicinity of Zhongshanbei Road
and Zhongyang Road, extending to the areas around Yunnan Road and Beijingdong Road,
was characterized as a cold spot, indicating lower B&C activity. Specifically, the spatial
distribution of B&C restaurants was similar to the overall distribution characteristics. In
contrast, B&C retail stores formed a significant hotspot area in and around Xiaosihuan and
Zhujiang Road with Zhujiang Road and Zhongshan Road as the boundary.
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B&Cs overall, B&C restaurants, and B&C retail stores showed PPI values of 49%, 63%
and 23%, respectively. Overall, B&Cs formed a hotspot centered on Zhongshandong Road.
In addition, sporadic cold spots were formed near Zhongshanbei Road and Zhongshan
Road on the northern edge of the central area. Specifically, B&C restaurants had the only
hot spot along Huaihai Road. Moreover, B&C retail stores had a large area of hot spots in
the south of Zhujiang Road and a large area of cold spots in the north of Hunan Road.

4.1.3. Relative Importance of Influencing Factors

The RFR analysis showed an R2 of 0.87 for the test set and 0.65 for the validation set
with a low mean average error value. This suggested that the RFR had a relatively good
level of credibility (Figure 7). According to the coefficient of the degree of influence of each
factor on the scale of B&Cs, the demand factor was greater than the cost factor. Specifically,
the number of residential communities in the demand scale, the number of office buildings,
and the distance to the nearest CCN in the traffic cost had a relatively large impact on the
location of B&Cs.

ISPRS Int. J. Geo-Inf. 2024, 13, x FOR PEER REVIEW 15 of 24 
 

 

 
Figure 7. The relative importance of various determinants in the distribution of takeout stores. 

In this regard, we conducted a more detailed analysis. (1) In CBDs, the demand gen-
erated by large urban populations has always been an important factor in facilitating busi-
ness expansion. The instant delivery model stimulated an increase in consumer demand, 
which led to the expansion of B&Cs. However, the impact of the number of residential 
communities was significantly greater than the number of office buildings, suggesting that 
B&Cs were placed closer to the neighborhoods. (2) The prosperity of just-in-time delivery 
services is also closely linked to the income levels of consumers and the diversity of pop-
ulation groups. Interestingly, house prices have a more pronounced impact compared to 
other demographic factors, suggesting B&Cs favor locations in higher-value residential 
areas. (3) While store rent is generally considered crucial for location decisions, it appears 
to have a minimal impact on B&C site selection within CBDs, which is likely due to uni-
formly high rental costs across these areas. (4) Contrary to expectations, traffic costs do 
not deter B&C development. Combining the high contribution of spatial distance to the 
nearest CCN with the low contribution of walking time to the nearest CCN, B&Cs tended 
to be located in non-core locations in commercial areas. Furthermore, in CBDs, where 
good transport infrastructure is generally distributed and travel is predominantly by foot, 
transport costs are not considered one of the most important principles for site selection. 
(5) Although online sales volume has a relatively minor effect on B&C location choices, it 
still positively contributes to their clustering. This suggests that higher online sales will 
indeed drive the agglomeration of some B&Cs. In addition, this may imply that as the 
overall online sales of B&Cs in certain locations increase, more food delivery rider re-
sources will be brought in, thereby improving delivery efficiency and thereby enhancing 
B&Cs’ online competitive strength. In general, in contrast to B&Ms, the principle of loca-
tion selection for B&Cs is more flexible. More importantly, there may be certain positions 
that make online competition more favorable for B&Cs, which requires further investiga-
tion. 

4.2. Characteristics of Online Sales Efficiency under the Location Mechanism 
To further analyze the actual impact of zone on B&C online sales efficiency, we used 

a combination of isochronous circle analysis and the DBSCAN algorithm to identify the 
location characteristics of similar sales clusters for restaurants and retail stores. In addi-
tion, since part of the isochrone circle was beyond the scope of the central area (as shown 
in Figure 3), we chose to supplement this part of the retail and restaurant data to complete 
the study. 

Figure 7. The relative importance of various determinants in the distribution of takeout stores.

In this regard, we conducted a more detailed analysis. (1) In CBDs, the demand gener-
ated by large urban populations has always been an important factor in facilitating business
expansion. The instant delivery model stimulated an increase in consumer demand, which
led to the expansion of B&Cs. However, the impact of the number of residential communi-
ties was significantly greater than the number of office buildings, suggesting that B&Cs
were placed closer to the neighborhoods. (2) The prosperity of just-in-time delivery services
is also closely linked to the income levels of consumers and the diversity of population
groups. Interestingly, house prices have a more pronounced impact compared to other
demographic factors, suggesting B&Cs favor locations in higher-value residential areas.
(3) While store rent is generally considered crucial for location decisions, it appears to have
a minimal impact on B&C site selection within CBDs, which is likely due to uniformly
high rental costs across these areas. (4) Contrary to expectations, traffic costs do not deter
B&C development. Combining the high contribution of spatial distance to the nearest CCN
with the low contribution of walking time to the nearest CCN, B&Cs tended to be located
in non-core locations in commercial areas. Furthermore, in CBDs, where good transport
infrastructure is generally distributed and travel is predominantly by foot, transport costs
are not considered one of the most important principles for site selection. (5) Although
online sales volume has a relatively minor effect on B&C location choices, it still positively
contributes to their clustering. This suggests that higher online sales will indeed drive
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the agglomeration of some B&Cs. In addition, this may imply that as the overall online
sales of B&Cs in certain locations increase, more food delivery rider resources will be
brought in, thereby improving delivery efficiency and thereby enhancing B&Cs’ online
competitive strength. In general, in contrast to B&Ms, the principle of location selection for
B&Cs is more flexible. More importantly, there may be certain positions that make online
competition more favorable for B&Cs, which requires further investigation.

4.2. Characteristics of Online Sales Efficiency under the Location Mechanism

To further analyze the actual impact of zone on B&C online sales efficiency, we used a
combination of isochronous circle analysis and the DBSCAN algorithm to identify the location
characteristics of similar sales clusters for restaurants and retail stores. In addition, since part
of the isochrone circle was beyond the scope of the central area (as shown in Figure 3), we
chose to supplement this part of the retail and restaurant data to complete the study.

4.2.1. Changes in Online Sales Efficiency in Different Locations

By calculating the overall sales and average sales of B&C restaurants and retail stores
within a 20-min walking distance around the three CCNs (Table 3), we observed clear
changes in online sales efficiency. From the perspective of overall monthly sales, both
online retail and restaurants showed a trend of Xiaosihuan > Zhujiang Road > Hunan-
Shanxi Road. However, based on the average sales volume, we identified a trend of
Zhujiang Road < Xiaosihuan < Hunan-Shanxi Road.

Table 3. Sales statistics within a 20-min walk of the three CCNs.

Sales

Retail Restaurant

Average Sum Average Sum

Xiaosihuan 131 50,199 586 578,462
Zhujiang Road 146 45,979 510 399,405
Hunan-Shanxi

Road 212 21,028 844 255,106

Box plots can directly convey information about the symmetry and distributional
characteristics of the data, especially when comparing samples (Figure 8). Varying degrees
of fluctuation were observed in monthly restaurant and retail sales around the different
CCNs. In terms of differences in store types, restaurant sales fluctuated more than retail
sales in terms of all levels of isochronous circles except for B&Cs around Xiaosihuan, where
monthly sales fluctuated slightly. Meanwhile, Pearl River Road and Hunan Shanxi Road
showed large fluctuations within the 5–20 min isochronous circle. The 5–15 min and 5–
10 min isochronous circle areas represented the highest sales of restaurants and retail stores,
respectively. In addition, since the 0–5 min walking range was the core area of CCN, the
sales levels of the two types of stores were relatively low, and the fluctuations were also
extremely small.
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4.2.2. Cluster Distribution of Stores with Similar Sales Dynamics

The clustering results show that B&C restaurants and retail stores with similar monthly
sales show similar spatial aggregation patterns (Figure 9). For B&C restaurants, the high-
sales clusters (monthly sales > 2000) in Xiaosihuan were numerous, relatively concentrated
in their locations, and spread across all time zones. In contrast, the number and scale
of high-sales store clusters around Zhujiang Road have been significantly reduced. The
high-sales store clusters maintained a certain proximity in space, and the locations were
distributed within 5–10 min. Additionally, the smallest number of high-sales clusters
around Hunan-Shanxi Road were relatively dispersed and distributed within a 5–15 min
walk. Furthermore, overall, the online sales efficiency in core locations (0–5 min walk range)
was relatively low.
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Regarding B&C retail stores, the monthly sales within a 20-min walk from Xiaosihuan,
Zhujiang Road, and Hunan-Shanxi Road were consistent with peaks not surpassing 51 and
lows at 7. High-sales stores frequently appeared as isolated points, which were scattered
throughout. By observing the location of the clusters, we found that the relatively high-sales
clusters of B&C retail stores were mostly distributed within a 10–15-min walk, and they
were always spatially adjacent to the relatively high-sales clusters of B&C restaurants. In
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addition, the number and size of stable sales clusters decreased with the decrease in the
CCN level, whereas the average sales efficiency of clusters increased.

5. Discussion
5.1. Impact of ICT on Urban Commercial Space Structure

Digital platforms are widely recognized as significant drivers of changes in the spatial
structure of cities. Our research demonstrates how ICTs contribute to the decentralization
of both restaurants and retailers, marking a new phenomenon driven by the optimization of
computer algorithms and the concentration of delivery personnel led by the new business
model of the internet. Our findings align with prior research by relevant scholars [82].
However, it is important to note that the decentralized model manifests differently for
restaurants and retailers. Catering businesses typically embrace digital platforms, resulting
in a more homogeneous and networked spatial distribution. This is primarily due to
the perishability and high-frequency consumption characteristics of food that require the
delivery time to be shortened as much as possible, which is reflected in the store being close
to residential areas and office buildings. It is noteworthy that the business form represented
by the ghost kitchen does not have high space requirements and relies more on digital
platforms, which is also an example of this phenomenon. In contrast, retail platformization
faces clear limitations, with spatial distribution predominantly confined to CCNs and
their surrounding areas. The reasons are twofold: first, retail goods are generally easy to
store and do not have the perishability restrictions of catering food; second, most retail
stores, except for convenience stores and supermarkets, rely on physical consumer visits
and are typically situated in business districts. These physical spaces often feature social
elements like experiential aspects and social attributes, which impede the full virtualization
of this type of consumer behavior. Therefore, to some extent, this constrains the platform
model for both. Existing research mainly examines the geographical shifts, consumer group
preferences and geographical consumption patterns within the catering industry [15,66].
Our research delves into different business types encompassed by instant consumption. By
comparing the changes in the spatial distribution patterns between these two businesses
types, we contribute to the existing body of knowledge on alterations in the hierarchical
structure of the urban business system under the influence of platformization.

Although we have highlighted that different business types lead to heterogeneous
spatial structural changes, our research questions remain to explore the general mechanisms
influencing the geographical distribution of B&Cs. Unlike traditional businesses, B&Cs
exhibit distinct a certain geographical pattern. The results from RFR indicated that the
distance to the nearest CCN and the number of surrounding residential communities
are prominent factors influencing the distribution of B&Cs. to engage in competitive
strategy. Specifically, the proximity to the nearest CCN has the greatest impact on the
location selection of B&Cs, indicating that B&Cs are moving to non-core locations to engage
in competitive strategy by avoiding congested commercial centers. Simultaneously, the
vicinity of residential communities becomes a preferred relocation choice. In addition,
although the positive correlation between online sales and B&Cs is weak, it is still an
important clue to analyze micro-positions with comparative advantages. In CBDs, the
relocation of shops caused by digital platforms has created an opportunity to change
inactive space in buildings [25], creating a vibrant urban space and commercial system.

5.2. Dynamic Characteristics of B&C Sales in Different Locations

In this study, we employed the DBSCAN clustering algorithm to analyze the spatial
location and sales data of online stores. We assessed relative location attributes using
pedestrian traffic isochrone analysis, which helped us identify clusters of stores that exhibit
similar sales trends. This methodology allows us to evaluate the sales efficiency of B&Cs in
various locational contexts, thereby enriching our understanding of their location strategies
in the competitive business landscape. Unlike previous studies that focused on location
selection based on accessibility and characteristics of the built environment, our approach
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enables a more precise assessment of the relationship between a store’s micro-location
decisions and its actual performance [83].

Isochronous analysis results indicate that at the central area level, overall sales for
retail and restaurants are higher near dominant Central Commercial Nodes (CCNs), yet
the average sales per store tend to be lower. This can be attributed to the aggregation of
diverse and high-quality business resources around CCNs, which is in line with business
location theory. Typically, platform users in and around CBDs have a spending preference
for higher-quality commercial resources. However, intense homogeneous competition near
CCNs leads to diminishing economic returns from clustering as the number of competitors
increases. At the micro-location level, the 5–15 min and 5–10 min walking time ranges
(relatively dominant micro-locations) starting from the CCN are the most active areas
for restaurant and retail online sales, respectively. Additionally, different spatial location
preferences are determined by the business model of each store. Stores situated in favorable
locations usually have good capital chains, strong competitive merchandise, and high brand
recognition, which are important factors contributing to commercial success. Nevertheless,
it should be noted that the key to the success of online sales lies in digital marketing [63,66],
that is, the substitution of digital traffic for pedestrian traffic. However, the current high cost
of digital marketing puts stores which are located in in-between space at disadvantaged
locations. On the contrary, stores in high-traffic areas have the opportunity to enhance
their online presence and attract more digital traffic by influencing consumer behavior and
perceptions [79,82].

In addition, the clustering results highlighted that B&C, encompassing both retail
outlets and restaurants, tend to form clusters characterized by both spatial proximity and
sales performance similarities. Notably, the clusters with the highest sales for both retail
and restaurant sectors are geographically close or even overlap, which are predominantly
situated within 5–15 min isochrone zones. Instant delivery usually adopts the working
mode of centralized order taking and decentralized delivery [84]. Areas with high and
stable order volumes will attract more delivery riders, which is determined by the timeliness
required for just-in-time delivery. Shortening the waiting time for delivery is crucial for
takeout services due to the perishable nature of food and because of fierce competition
among similar stores. Consequently, stores located in areas with relatively high online sales
can enhance their order delivery efficiency, thereby improving the advantages of online
competition and forming favorable conditions for micro-location. From the perspective
of spatial location, these micro-locations are often adjacent to or partially coincident with
traditional advantageous locations, representing a novel insight. Therefore, our research
has verified the conjecture of previous research on delivery rider resources and online
competitive advantages [69], and it discovered the existence of micro-locations that are
conducive to online competition.

5.3. Limitations and Future Research Directions

This study is subject to several limitations as follows. Firstly, due to technical difficul-
ties, we were unable to obtain accurate monthly sales data above 1000, which might have
led to a possible bias in the results of the analysis. Additionally, regarding the determination
of the micro-dominant location, we used the walking time as the measurement method,
which may not be the most accurate method for identifying the best location. Furthermore,
the narrow spatial scale of our case study, coupled with individual variances within the
dataset, may restrict the broader applicability of our findings. Most of the current relevant
research is based on cross-sectional data at a single time. Research based on long-term series
data can well demonstrate the dynamic process of ICT affecting urban commercial space.
Moreover, long-term tracking research can profoundly reveal new commercial location
principles in the Internet era and shape new understandings of urban space and technology.
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6. Conclusions

Exploring the UCSS in the Internet age has always been an important topic in eco-
nomic geography and business research, which is of key significance to the fields of urban
planning, business location selection, and transportation. The integration of real-time
traffic data and Origin–Destination Flow Data (ODFD), which encapsulates both spatial–
temporal granularity and economic attributes, presents a unique opportunity to unveil
novel geographic dimensions of digital urban consumption.

Taking Xinjiekou’s CBD in Nanjing, China as a case study, this study explored the
trends and driving factors of UCSS of restaurants and retailers evolution at the micro-scale.
In addition, we analyzed the micro-location preferences of B&C restaurants and retail stores
from the perspective of business competition. Finally, we employed sales data to verify
the correlation between location and online sales efficiency and possible micro-advantage
locations. The main conclusions are as follows:

(1) The UCSS of restaurants and retailers in CBDs is decentralized. Specifically, the
restaurant space is more homogeneous, while the trend toward the decentralization
of retail space is limited to the core commercial hinterland. This is related to the
respective commercial attributes of both. In addition, B&Cs establishments tend to be
more dispersed around the CCN, highlighting a clear path dependency phenomenon
in the evolution of online businesses.

(2) Demand scale and traffic costs greatly influence on the location of B&Cs. In short,
in the commercial hinterland where surrounding residential communities and office
buildings gather, the number of B&Cs will increase significantly. And economic costs
have less impact than demand scale and transportation costs, suggesting that B&Cs
are relatively less dependent on advantageous locations. In addition, there is a weak
positive correlation between online sales and B&Cs aggregation.

(3) The phenomenon in which high-sales B&Cs tend to cluster seems to suggests more
delivery riders are allocated to these areas, forming a new micro-location advantage.
Another phenomenon is that the CCN hinterland, with its own strong competitiveness
in retail stores and restaurants, and its location around the concentration of delivery
riders is ultimately the party that benefits the most from the platform.

This study contributes to our comprehension of the new phenomenon of micro-
locational advantage and the new characteristic of UCSS for restaurants and retailers
in CBDs by analyzing the geography of urban businesses under the influence of ICT. Ide-
ally, ICT breaks down information barriers and smooths out location differences, which
is conducive to the sharing of high-quality commercial resources and the establishment a
new geographical phenomenon of consumption. Paradoxically, however, the ICT-induced
commercial platforming seems to lead to a zero-sum game, amplifying the Matthew effect
in business competition. Judging from the results, the biggest beneficiaries are the stores in
commercial centers and their hinterlands. In light of these findings, we believe that the gov-
ernment should incorporate digital traffic into urban planning and management, establish
corresponding rules or regulations, and prevent digital platforms from overly intervening
in business by controlling digital traffic, so as to ensure the health and prosperity of the
urban business environment. In fact, this study shows that ICT leads to more complex
UCSS and economic geography phenomena, offering a fresh perspective on urban spatial
planning and business management. In addition, the new business geography revealed
by ODFD data can overcome the common problem of the oversimplified description of
store locations in economic geography research [85]. In summary, this research applies new
data generated by digital platforms to urban analysis to reveal business spatial distribution
and identify economic dynamics, thus providing new insights into the urban business
landscape and urban digital management planning.
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