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Abstract: The rapid development of the Chinese economy has stimulated consumer demand and
brought huge opportunities for the retail industry. Previous studies have emphasized the importance
of estimating regional consumption potentiality. However, the determinants of retail sales are yet
to be systematically studied, especially at the micro level. As a result, the realization of sustainable
development goals in the retail industry is restricted. In this paper, we studied the determinants of
retail sales from two aspects—location-based socioeconomic factors and spatial competition between
shops. Using 12,500 retail shops as our sample and by adopting a grid-division strategy, we found
that regional retail sales can be positively impacted by nearby population, road length, and most
non-commercial points of interest (POIs). By contrast, the number of other commercial facilities, such
as catering facilities and shopping malls, and the area of geographic barriers often caused negative
impacts on retail sales. As to the competition effects, we found that the isolation and decentralization
of shops in one area have a marginally positive effect on sales performance within a threshold distance
of 226.19 m for a central grid and a threshold distance of 514.85 m for surrounding grids, respectively.
This study explores the determinants of micro-level retail sales and provides decision makers with
practical and realistic approaches for generating better site selection and marketing strategies, thus
realizing the sustainable development goals of the retail industry.

Keywords: retail sales; socioeconomic determinants; spatial competition; sustainable development
goals

1. Introduction

With the development of the Chinese economy, the social consumption of consumer
goods shows a dramatically increasing trend [1,2]. According to the China Economic
Annual Report of 2021 published by the National Bureau of Statistics on 17 January 2022 [3],
the total sales of consumer goods in the year 2021 reached CNY 44.1 trillion, showing a
12.5% increase compared with the year 2020 and contributing 65.4% to the total economic
growth. The scenario offers huge opportunities for the recovery and development of the
retail industry and stimulates the establishment of new retail shops, whose site selection
and marketing strategies must be more carefully planned after the experience of the mass
shutdown period during 2020 [4–6]. Therefore, studying the determinants of retail shop
sales from a new perspective—the geographical micro level—can be beneficial for the retail
industry in adapting its marketing strategies during the post-epidemic period.

Previous studies have documented the effects of macro-scale determinants on retail
sales. Macro-scale determinants are mostly socioeconomic statistic metrics, such as gross
domestic product (GDP) and population, which are derived from provincial- or national-
scale statistical yearbooks. On the basis of statistical data from the retail industry in Ghana,
Rowena [7] pointed out that three major independent variables, namely, population size,
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per capita income, and income elasticity of demand, are positively correlated with total
consumption demand. Using common statistical data, Joacim [8] found that the rise in
environmental awareness also plays a key role in retail sales by affecting the attitudes
of consumers toward excessive consumption. This finding was consistent with that of
Plavini [9]. Using census data in the US, Jorgensen found that nearly 22% of the American
population will be age 60 and over by 2030 and pointed out that the ratio of the senior pop-
ulation causes different retail trends among states [10]. By observing the sales performance
of stores in the UK during the recession in the 1990s, Mavis found that retail sales volume
was positively correlated with economic prosperity, and that food stores would suffer
more large-scale impacts from the economic fluctuation than non-food stores [11]. The
findings obtained through these statistical data can reveal fundamental rules of economic
development, which can be useful in predicting the national and provincial consumption
potentiality in the next few years [12,13]. However, the application for the findings in mi-
croscale studies presents limitations: (1) The statistical data lack information that describes
the nearby urban configuration of retail shops, which plays a key role in impacting their
sales. The large-scale statistical data pose difficulty for a highly accurate estimation of
business potential at smaller scales. (2) The statistical data cannot reflect the geographic
relationship and competition between retail shops, which is one of the key factors impacting
retail sales.

The micro-scale determinants of consumption potentiality need to be explored, and
the geographic factors need to be considered, to provide practical guidance for the retail
industry. Although previous studies have pointed out that retail sales are geographically
correlated with nearby socioeconomic factors, the mechanism is unclear [14,15]. Exploring
the location-based socioeconomic determinants of retail consumption is an urgent matter
to provide guidance for governments worldwide to formulate consumption stimulus
measures and to help their retailers achieve quick recovery during the post-pandemic era.

Recent studies have realized the importance of micro-level socioeconomic factors and
spatial proximity between retail shops and have proposed several models to describe the
potential interaction between these factors and regional consumption. Martin [16] pro-
posed the spatial interaction model to describe the consumer appeal of a business district,
which was thought to be positively correlated with population size around the district, but
negatively correlated with the distance between consumers and the district. On this basis,
Convers [17] proposed the breaking-point model to determine the threshold value of dis-
tance for the retail attraction between two commercial centers. Besides demographic data, a
variety of datasets were adopted for measuring the micro-level attraction of retail facilities.
Using Sina Weibo check-in data—a type of location-based social media data—Jiang [18]
and Wang [19] proposed a retail competition model to quantitatively measure the competi-
tiveness of each shop by considering the distance and number of check-in records located
in nearby regions. On the basis of transportation data, Cohen and Applebaum [20] proved
that retail sales can be influenced by car driving time, as well as store area. Using the Visible
Infrared Imaging Radiometer Suite nighttime light data, Wang [21] proposed a human-
activity model to describe population mobility in different commercial regions and then
predicted consumption potentiality by conducting geographically weighted regression.
However, the above attempts were mainly conducted through black-box methods, which
means the economic relationship between these geographic factors and retail sales has yet
been systematically proven.

The determinants of local consumption at the micro scale have been an unsolved but
urgent issue in both marketing and geographical science. Hence, this study aims to explore
the relationship between a variety of location-based factors, including socioeconomic
factors and spatial proximity factors, and regional consumption, with a research object
to provide universal guidance for the retail industry. To achieve this goal, we designed a
novel experiment using actual sales data and locations of retail shops in Qiannan, China.
First, the socioeconomic indexes, including POIs, population data, and road networks,
along with a total of 12,500 retail sales data, were extracted and formed into a grid scale by
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using a grid-division processing strategy. Second, we designed a competition model and
calculated two location-based competition indexes, including number-based competition
index and distance-based competition index, according to the spatial proximity between
shops. Third, all the socioeconomic variables and spatial competition metrics were included
in an ordinary least squares (OLS) regression model. The results showed that regional
retail sales can be positively impacted by nearby population, road length, and most non-
commercial POIs. We also found that the isolation and decentralization of shops in one area
has a marginally positive effect on sales performance within a threshold distance of 226.19 m
for a central grid and a threshold distance of 514.85 m for surrounding grids, respectively.

The contributions of this work are as follows. In the theoretical aspect, first, we pro-
posed a comprehensive framework to systematically study the determinants of retail sales
at the micro level from two aspects—location-based socioeconomic factors and spatial
competition between shops—which might expend the previous macro level research per-
spective. Second, we proposed new approaches to measure spatial competition between
shops based on the ratio and distance-based distributions of shops, which are able to better
reflect the competitive ability in each grid when compared to considering the number of
retail shops; therefore, the methodology proposed can be utilized by future researchers.
Third, we found that although the spatial decentralization of the shops’ location may con-
tribute to regional sales, this does not mean that the farther away the shops are, the better.
The distances of the shops in the area and the surrounding areas of the shops have inverted
U-shaped effects on regional sales, and we obtained the thresholds of the positive effects. In
the practical aspect, the methodology and empirical results of the location effect presented
can be instructive for marketing practitioners and urban planners to make better site selec-
tion decisions by taking advantage of spatial socioeconomic and shop data to realize the
sustainable economic benefits of offline consumption industry in smart city construction.

The remainder of this paper is organized as follows: Section 2 describes the study area
and dataset used in this study. Sections 3 and 4 show the methods and experimental results,
respectively. Section 5 discusses the robustness check of our results and the limitations of
the current work. Section 6 concludes the paper.

2. Materials
2.1. Study Area

Qiannan Buyei and Miao Autonomous Prefecture (Qiannan), located in the south
central area of Guizhou Province in China and near the province’s capital city Guiyang
(Figure 1a), is set as the study area. Qiannan belongs to the slope zone from Guizhou
Plateau to Guangxi Hills; hence, its terrain is higher in the west and lower in the east,
with the maximum height difference reaching 1719 m (Figure 1c). The mean elevation of
Qiannan is 997 m, which is lower than the province’s average elevation of 1107 m [22].
The low-lying terrain, along with its subtropical monsoon climate, causes the complex
and varied land surface that is characterized by peak forests, peak clusters, trough valleys,
depressions, and water holes. Qiannan shows a typical subtropical humid monsoon climate,
with an annual average temperature ranging from −19.6 ◦C to 13.6 ◦C and the annual
precipitation reaching 1200 mm. These characteristics make Qiannan one of the areas with
the highest precipitation. With a total area of 26,200 km2, Qiannan includes 12 county-
level administrative units (two county-level cities, nine counties, and one autonomous
county), as shown in Figure 1b. According to the seventh census of China, Qiannan
has approximately 3.49 million long-term residents as of November 2021, and the ethnic
minority population accounts for about 59% of the total population (Figure 1d).
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Figure 1. (a) Location of Qiannan in China. (b) Administrative division of Qiannan. (c) Topography
of Qiannan. (d) Population distribution of Qiannan.

The special geographical location and culture largely influence the economy structure
of Qiannan, which is relies heavily on its primary industry. According to the statistical data,
the share of primary industry in Qiannan reached 15.97% in 2020, which was far larger
than the average level of the whole country (7.7%). Benefitting from the “One Belt and
One Road” program in China, the social economy of Qiannan has undergone prominent
development, with the total GDP reaching USD 23.35 billion in 2019 and a yearly growth of
7.9% [23]. However, its per capital GDP (USD 7300) is just 64% of the average level of the
whole country, and it even shows a decreasing trend in 2020, due to its population growth
rate being larger than its GDP growth. That makes Qiannan different from the environment
of large developed cities and enlarges the significance of studying its regional retail sales.

According to the National Bureau of Statistics, the total retail sales of consumer goods
in 2019 reached USD 4.56 billion, up to 3.3% over the previous year. The retail sales of
urban areas reached USD 4.30 billion, with an annual increase of 3.2%; the retail sales of
rural areas reached USD 0.26 billion, with an annual increase of 4.4%. The consumption
pattern shows that the income of the catering service was 0.87 USD billion, with an annual
increase of 11.5%, and the income of consumer goods was USD 36.7 billion, with an annual
increase of 1.5%. The rapidly developing economy has attracted many foreign investments.
In 2019, the total foreign investments reached USD 9.4 million, which increased by 103%
from the previous year. The increase of investments requires better understanding of the
consumption potentiality to conduct appropriate business strategies and to realize the
sustainable development goals of developing cities.
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2.2. Data
2.2.1. Retail Shops Data

The data on retail shops include the monthly sales data of 12,500 retail shops located
in Qiannan from January 2015 to December 2016, along with the spatial location (longi-
tude and latitude) information of each shop. These retail shops cover the main types of
commercial facilities that sell FMCG to consumers, including grocery stores, convenience
stores, supermarkets, and shopping centers. A large supermarket or shopping center where
several stores are found is counted as one retail shop in the dataset, with its sales equaling
the total sales of these stores.

2.2.2. Points of Interest (POIs)

The data on POIs are one of the most important types of information for the urban
environment and describe the spatial distribution of different kinds of facilities around
the retail shops [24]. To determine if the consumption potentiality suffers an influence
from nearby facilities, we used the POI data of Qiannan. These data were derived from
the Baidu Map, which was one of the largest map service platforms in 2015. The POI
data include spatial location, functional type, and a series of descriptive information
(e.g., owner, occupied area, and telephone number) of 521,790 facilities. According to
the classification standards of the Baidu Map, POI data derived from the map can be
classified into 21 categories through their different functional types [25]: catering, hotel,
shopping mall, life service, beauty service, tourist attraction, entertainment, gym, education,
culture and media, medical care, automobile service, transportation, financial service, real
estate, companies, government institution, inlet and outlet, natural feature, landmark, and
door address.

2.2.3. Road Networks

Spatial accessibility is thought to have impacts on human activities [26]. Therefore,
road networks, which were derived from OpenStreetMap data (OSM, www.openstreetmap.
org, accessed on 25 July 2016) in July 2016, were used in this study. OSM is the largest
volunteer geographic information online platform providing publicly accessible global
spatial data and allowing millions of volunteer map editors to make updates on the
data. Many studies have proven that OSM street network coverage is complete in cities
worldwide [27,28].

2.2.4. Population

Population data are a direct reflection of human distribution, which is an important
factor in determining local economy [29]. Therefore, the population distribution informa-
tion around each retail shop may affect its sales performance. To examine their potential
relationship, we used WorldPop dataset in 2016, which provides micro-level population
distribution information at high resolution (100 m × 100 m). The WorldPop project was
initiated in 2013 with the aim to provide high-resolution and freely available population
distribution data through the combination of a range of open geospatial datasets for the
whole of Central and South America, Africa, and Asia [30].

2.2.5. Geographic Barriers

Owing to the complex terrain in Guizhou Province, geographic barriers, including
small hills and bodies of water, are widely distributed in cities of Guizhou. In this study, we
considered the potential impacts of these geographic barriers and derived their distribution
information from the 2017 Finer Resolution Observation and Monitoring Global Land Cover
dataset, which provides detailed land classification information in 10 m resolution [31].

www.openstreetmap.org
www.openstreetmap.org


ISPRS Int. J. Geo-Inf. 2022, 11, 302 6 of 25

3. Methods
3.1. Flowchart

Figure 2 describes the flowchart of the method, which includes three main steps: (1) Data
preparation and preprocessing. In this step, the population data of Guiyang City were
extracted from the WordPop dataset; POI data of each category were extracted separately
from the POI dataset; road data for Guiyang City were obtained; location data and sales data
for retail shops with “stable” sales performance were obtained; the georeferencing of the
above dataset was unified as WGS-84. (2) Grid-based index construction. In this step, a grid
transformation strategy was conducted to organize all the variables into a grid level, and a
location-based competition index was built according to the spatial relationship of these shops.
(3) Correlation analysis through OLS regression. In this step, all the socioeconomic variables
and spatial competition metrics were set as the input variables, and grid-level sales was set as
the output variable. Through the regression, the impacts of these variables on consumption
potentiality can be determined and explained.
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3.2. Construction of Socioeconomic Indexes
3.2.1. Grid-Division Processing of Retail Shops

To capture the stable consumption potentiality of Guiyang Region for the execution
of long-term business strategies, we excluded “temporary” retail shops with less than
12 months of sales data during the 24-month period:

Ti ≥ 12, (1)

where i denotes the selected shops and Ti denotes the number of months when shop i has
effective sales (larger than 0). A total of 12,500 retail shops were finally selected as our main
study objects. For these selected retail shops, we adopted their monthly average sales to
represent the regular sales performance:

MSi =
si(t)

Ti
, (2)

where si(t) denotes the sales of shop i in month t; MSi denotes the average sales of shop i in
months with effective sales. Figure 3 shows the spatial distribution of these selected retail
shops. We choose two sample regions, A and B, located in Guiding County and Duyun
County, respectively, to show the details of shop distribution. An aggregation trend of
retail shops can be found in the center of the two counties.

Figure 3. Distribution of retail shops and grids containing retail shops. A and B denote two sample
regions Guiding County and Duyun County, respectively.

Previous work has demonstrated that the consumption potentiality of retail shops
can be highly influenced by human activities within a walkable distance (e.g., 500 m in
Guizhou). Moreover, previous works have proposed a grid-division strategy to aggregate
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the retail shops’ sales performance and human activities. We also adopt this strategy in this
study and form our data into a grid level. Figure 3 shows the distribution of grids, where
the grids without retail sales were removed. We aggregate the retail sales into each grid:

Gsalesp =
i=n

∑
i=1

salesp
i , (3)

where p denotes the pth grid; n denotes the number of shops located in grid p; salesp
i

denotes the average sales of shop i, which is in grid p; and GMSp denotes the grid-level
retail sales in grid p.

3.2.2. Grid-Division Processing of POI Data

In our original dataset, the POI data can be divided into 21 categories according to
their functional types. In the study area, the data volume of several kinds of POIs data
can be small and distributed far from retail shops. For these POIs, their impacts on retail
shops’ sales performance can be limited. Our previous work has demonstrated that the
consumption potentiality of retail shops can be highly influenced by nearby facilities within
approximately 500 m [19,32]. Therefore, we chose 500 m (spheroid-based distance) as a
threshold to find POIs that are located far from retail shops. We calculated the distance of
each POI to its nearest retail shop and grouped the information according to their types.
Table 1 shows the results.

Table 1. Nine POI categories within grids containing retail shops.

Categories of POIs Description Number of Records (within Grids)

Catering Restaurants, cake and dessert shops, coffee shops, tea
houses, bars, and others 13,698

Shopping mall Shopping centers, department stores, supermarkets,
convenience stores, and others 9551

Education

Colleges and universities, middle schools, primary
schools, kindergartens, adult education centers,

special education schools, scientific research
institutions, training institutions, libraries, and others

4552

Life service

Laundries, graphic express printing shops, photo
studios, real estate agencies, public utilities, household

services, funeral services, lottery sales points, pet
services, newsstands, and others

9375

Medical care
General hospitals, specialized hospitals, clinics,
pharmacies, physical examination institutions,

sanatoriums, first-aid centers, and others
5343

Financial
service

Banks, ATMs, credit cooperatives, investment and
financing institutions, pawnshops, and others 12,561

Government institution

Central organizations, administrative units, public
security and law enforcement institutions,

foreign-related institutions, political parties and
organizations, welfare institutions, political education

institutions, social organizations, and others

8090

Residential Residential areas, dormitories, internal buildings,
office buildings, and others 13,392

POIs, which can be divided into 15 types, can be found within 500 m of retail shops.
However, the number of 6 kinds of POIs is quite small, ranging from 20 to 109, which is far
smaller than the number of POIs. Considering these shops cannot cause much impact on
most retail shops, we eliminated these POIs from our dataset. Finally, we chose 9 kinds of
POIs, with a total number of 76,562, as the candidate variables, which were further adopted.
Table 1 shows the retail types of the 9 POI categories.
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The selected POIs were summarized into a grid level through spatial matching
with grids:

GPOIm
c = ∑i=n

i=1 im
c , (4)

where c denotes the category of POIs; m denotes the mth grid; im
c denotes the ith POI of

category c located in grid m; n denotes the number of POIs of category c located in grid m;
and GPOIm

c denotes the total number of POIs of category c located in grid m.

3.2.3. Grid-Division Processing of Other Indexes

To obtain the grid-level population distribution information, the WorldPop 2015
dataset and WorldPop 2016 dataset at 100 m × 100 m resolution were resampled into
500 m × 500 m resolution. These datasets were then matched with the grids created in the
above sections. Then, we calculated the average population data of each grid:

Gpopm =
WorldPopm

2015 + WorldPopm
2016

2
, (5)

where WorldPopm
2015 denotes the population of the mth grid derived from the resampled

WorldPop 2015 data set; WorldPopm
2016 denotes the population of the mth grid derived

from the resampled WorldPop-2016 dataset; and Gpopm denotes the average grid-level
population in the mth grid.

We performed the spatial matching of road data derived from the OSM dataset with
grids and clipped the road data using the boundary of grids. Then, all the road parts
located in each grid were summarized:

Groadm = ∑i=n
i=o roadm

i , (6)

where i denotes the ith part of the road located in the mth grid; roadm
i denotes the length

of road i, which is totally located in grid m; and GRoadm denotes the total length of roads
located in grid m.

We summarized the total area of geographic barriers in each grid:

Gbarrierm = ∑i=n
i=o barrier, (7)

where i denotes the ith part of geographic barriers located in the mth grid; barrierm
i denotes

the area of barrier i, which is totally located in grid m; and Gbarrierm denotes the total area
of geographic barriers located in grid m.

3.3. Construction of Competition Indexes

Besides socioeconomic factors, the spatial distribution of retail shops will cast impacts
on consumption potentiality. According to previous research, the sales performance of
retail shops in a region can suffer impacts from retail shops located in nearby regions. By
adopting a grid-based method, Ouyang [33] pointed out that competition exists between
retail shops in a grid and other retail shops distributed in nearby grids, and the competition
is negatively correlated with the distance of these retail shops from the central grid.

To prove the idea proposed in previous studies, we proposed several indexes based
on the number and spatial proximity of these shops. We built two types of indexes: (1) a
grid-based shop ratio (2) a grid-based shop proximity.

3.3.1. Number-Based Shop Ratio Index

Considering that the number of retail shops is highly correlated with socioeconomic
factors in each grid and cannot reflect the competition ability in each grid, we did not adopt
the shop numbers directly. Instead, we built an index according to the number of retail
shops distributed in each grid and nearby grids to examine if the retail shops in nearby
grids will cause an impact on the consumption potentiality of the center grid.
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First, we calculated the number of retail shops in the center grid. Second, we calculated
the number of retail shops distributed in eight nearby grids, as shown in Figure 4, and then
we summed up these values. Finally, the number-based competition index was represented
by the ratio of center-grid retail shops to nearby-grid retail shops:

Gshop_ratiom =
Gnumberm

Gnumberm + ∑
j=8
j=1 Gnumberm(j)

, (8)

where Gnumberm denotes the total number of retail shops located in the mth grid; m(j)
denotes one of the eight grids near grid m; and Gshop_ratiom denotes the number-based
competition index in the mth grid. This index provides information on how important the
retail shops are in each region.
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3.3.2. Distance-Based Shop Proximity Index

Besides the number of retail shops, previous research documented that the spatial
proximity of nearby retail shops, which can be measured by distance, can cause impacts
on the sales performance of shops in the center grid. In the research of [19], the distance
between retail shops was found to be positively correlated with the competition. Specifically,
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the closer these shops are to the central grid, the lower the sales performance of shops near
the central grid, due to strong competition. However, this thought has not been discussed
thoroughly, especially when socioeconomic factors are controlled.

Therefore, we designed a distance-based index to measure the spatial proximity of
retail shops in nearby grids to the central grid. Unlike the method proposed in previous
studies, which calculated the distance between two retail shops, we built our index ac-
cording to the distance between each retail shop and the central point of the study grid.
This approach cannot only reduce the calculation complexity, but also better describe the
situation when only one retail shop is present.

The central point of each grid was first determined. Then, the average distance from
the central point to retail shops located in the grid and in eight nearby grids was calculated,
which is formulated as:

Gdistance_centralm =
∑i=n

i=0 dm
i

nm , (9)

where dm
i denotes the distance of the central point to shop i, which is in grid m; nm denotes

the total number of retail shops in grid m; GCm
distance500 denotes the average distance from

the central point to all the shops located in grid m. Similarly, we calculated the average
distance from the central point to shops located in eight nearby grids:

Gdistance_nearbym =
∑ ∑i=n

i=0 dm(j)
o

∑
j=8
j=1 nm(j)

, (10)

where dm(j)
i denotes the distance of the central point to shop i, which is in one of the nearby

grids m(j); nm(j) denotes the total number of retail shops in grid m(j); and Gdistance_nearbym

denotes the average distance from the central point to retail shops located in eight nearby grids.

3.4. Baseline Regression

The OLS regression model was adopted to analyze the relationship between two kinds
of determinants, including socioeconomic factors and competition index, and grid-level
sales performance. The OLS model has been widely used in socioeconomic studies, includ-
ing the assessment of GDP growth [34], CO2 emission [35], electricity consumption [36],
and COVID-19 vaccination rates [37]. It should be mentioned that some spatial regression
models, such as geographically weighted regression (GWR) and conditional autoregressive
models (CAM), have been widely used to model the spatial correlation and neighborhood
effects in geographic studies and were proven to be more accurate than OLS in the esti-
mation or prediction of tasks [38]. However, we hope to explore more general rules in
the distribution of retail sales and to find out how retail sales react when some spatial
factors change. Therefore, we believe that OLS is more suitable in this study than spatial
regression models.

In this study, the input variables of OLS include competition indexes and socioeco-
nomic factors. The output variable of the OLS model is the grid-level sales performance of
each grid. The analysis of the OLS model is performed through the following steps: (1) The
calculation of output variable—grid-based retail sales—which is derived from the sales of
retail shops located within each grid. (2) The calculation of control variables, including grid-
based POIs, grid-based population, and grid-based road length. These variables are the
normally used socioeconomic variables, and they can be derived through spatial statistics.
(3) The calculation of interest variables, including a ratio-based competition index and two
distance-based competition indexes, describes the spatial proximity of retail shops within
the grids. (4) The correlation analysis of input variables and output variables through OLS.
We use a simplified baseline regression to explain how we design the OLS model:

Gsales = β1Gsocioeconomics + β2Gcompetitions + Y (11)
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where GSD denotes the grid-based socioeconomic indexes, including grid-based POIs (GPOIs),
grid-based population (Gpop), and grid-based road length (Groad). Gcompetitions denotes
the grid-based competition indexes, including ratio-based competition index (Gshop_ratio)
and distance-based competition indexes (Gdistance_central and Gdistance_nearby). β denotes
the coefficients, and Y denotes the constant term.

4. Results
4.1. Grid-Based Shop Number and Sales Performance
4.1.1. Spatial Distribution of Retail Shops within Grids

Figure 5 shows the distribution of retail shops, in which three grid colors are used to
distinguish the number of shops within each grid. The number of shops ranges from 1
to 120. Red grids (more than five retail shops) are mainly distributed in the northwestern
counties of Qiannan, including Longli County, Guiding County, and Changshun County.
This result indicates that retail shops in these regions are more likely to be concentrated
together than those in southeastern counties like Shandu County, Dushan County, and Libo
County. Two sample regions, A and B, in Guiding County and Duyun County, respectively,
are selected to show the details of the shop distribution. Most red grids show a concentrated
pattern in the city center, whereas yellow grids and orange grids (a small number of shops)
are dispersed far from the city center.
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4.1.2. Distribution of Grid-Level Total Retail Sales

As to the grid-level retail sales, which range from 0 − 5.1 × 107 yuan and are repre-
sented in different colors in Figure 6a, the grids with high retail sales are also concentrated
in the northwestern counties of Qiannan, including Longli County, Guiding County, and
Changshun County. The pattern shows that these retail concentrating regions can normally
attract high marketing sales, like sample regions A and B.
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We use a curve to find out the relationship between grid-level retail sales and the
number of grids, which shows a normal distribution pattern in Figure 6b. The results
show that the retail sales for most grids are distributed from 1.5 × 105 − 4.5 × 105 yuan per
month, which reflects the consumption level of most regions in Qiannan County. A few
grids with high retail sales, larger than 6.0 × 105 yuan per month, are mainly distributed in
the city center of the northwestern counties.

4.2. Grid-Based Socioeconomic Determinants
4.2.1. Distribution of Grid-Level Population Data

Figure 7 shows the distribution of the grid-level population, ranging from 6 to 13,505.
Grids with high values, specifically larger than 5000, are mainly distributed in the northern
and northwestern counties, including Wengan County, Longli County, Guiding County,
Huishui County, and Changshun County.

4.2.2. Grid-Based POI Distribution

Figure 8a–h shows the distribution of grid-level POI data and the area of barriers. As
shown in Figure 8a, the number of residential facilities ranges from 0–167, where most high
value grids are concentrated in the northern and northwestern counties. This pattern is
similar with that of the distribution of retail sales. The number of catering facilities ranges
from 0–164, with high-value grids concentrated in Duyun County and Dushan County
(Figure 8b). Shopping malls (Figure 8g) and financial facilities (Figure 8h) show a similar
pattern. The number of life service shops ranges from 0–68; the number of education
facilities ranges from 0–25; and the number of medical facilities ranges from 0–25. These
three kinds of POIs show a similar pattern, with high-value grids concentrated in Duyun
County, Longli County, and Guiding County. The number of government institutions
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ranges from 0–19, and they are dispersedly distributed in most regions. The area of barriers,
which ranges from 0–0.23, shows a similar pattern.

，

Figure 7. Distribution of grid-level population data.
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4.3. Grid-Based Competition Index
4.3.1. Ratio-Based Competition Index

Figure 9a shows the distribution of the ratio-based competition index, ranging from
0–1. High-value grids with indexes larger than 0.3 are dispersedly distributed across the
whole Qiannan City. However, the value of grids in the city center of retail concentrating
counties, such as Guiding County, Longli County, and Huishui County, is small (<0.1).
The enlarged views of sample regions A and B reveal the pattern. We further present
the relationship between the ratio-based competition index and the number of grids in a
formula, as shown in Figure 9b. The results show that the value of most grids is distributed
between 0.1–0.5 and 0.9–1, whereas only a few grids are located in sections 0.6–0.9. The
results potentially reveal a distribution pattern for the retail industry in Qiannan: most
retail shops are either concentrated together, or are totally isolated from one another.

Figure 9. (a) Distribution of the ratio-based competition index. (b) Relationship curve of the ratio-
based competition index and the number of shops in the grid scale.

4.3.2. Distance-Based Shop Proximity Index

Figures 10 and 11 show the distance-based shop proximity indexes, including Gdistance_
central and Gdistance_nearby, respectively. Gdistance_central, which denotes the average
distance from the grid center to retail shops within each grid, ranges from 3–347 m, with
high-value grids concentrated in the city center of the northern and northwestern counties, like
region A and region B. In Figure 10b, we present the relationship between Gdistance_central
and the number of grids by using a formula. The grid number shows a decreasing pattern,
with Gdistance_central between 0–35 m and larger than 315 m, and an increasing pattern,
with Gdistance_central between 35–315 m.



ISPRS Int. J. Geo-Inf. 2022, 11, 302 16 of 25

Figure 10. (a) Distribution of the central grid distance-based competition index. (b) Relationship
curve of the central grid distance-based competition index and the number of shops in the grid scale.
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As for Gdistance_nearby, which ranges between 0–900 m, grids with high values
are dispersed across Qiannan City (Figure 11a). Slightly different from the pattern of



ISPRS Int. J. Geo-Inf. 2022, 11, 302 17 of 25

Gdistance_central, the grid values of Gdistance_nearby in the city center of the northwest-
ern counties are mostly distributed in the middle range (400–600 m), resulting from the
concentrated pattern of retail sales in the whole region. Figure 11b shows the relation-
ship between Gdistance_nearby and grid number, which reflects an increasing pattern,
with Gdistance_nearby between 465–900 m, and a decreasing trend, with Gdistance_nearby
between 700–900 m.

4.4. Regression Results
4.4.1. Correlation Test

Table 2 displays the correlations among the 17 variables in this paper. As the table
shows, all the correlations among the independent variables and dependent variable are
positive and significant, suggesting that these independent variables likely influence grid-
based shop sales.

Table 2. Correlations among the variables.

Variables 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

Gshop_ratio 1

Gdistance_central −0.07 ** 1

Gdistance_nearby −0.68 ** −0.01 1

Gdistance_central_square −0.09 ** 0.65 ** 0.01 1

Gdistance_nearby_square −0.65 ** 0.02 0.66 ** 0.02 1

GPOIs catering −0.05 ** 0.02 0.05 ** −0.01 0.04 ** 1

GPOIS shopping_mall −0.03 0.01 0.04 ** −0.01 0.03 * 0.55 ** 1

GPOIs education −0.06 ** 0.04 * 0.10 ** 0.01 0.08 ** 0.56 ** 0.61 ** 1

GPOIs li f e_service −0.04 * 0.02 0.06 ** −0.01 0.05 ** 0.60 ** 0.51 ** 0.55 ** 1

GPOIs medical_care −0.02 0.03 0.06 ** 0.01 0.04 * 0.60 ** 0.72 ** 0.57 ** 0.77 ** 1

GPOIs f inancial_service −0.02 0.02 0.06 ** −0.01 0.04 * 0.59 ** 0.63 ** 0.65 ** 0.51 ** 0.68 ** 1

GPOIs goverment_institution 0.01 0.05 ** 0.08 ** 0.01 0.04 * 0.46 ** 0.50 ** 0.55 ** 0.51 ** 0.62 ** 0.55 ** 1

GPOIs residential −0.06 ** 0.03 0.08 ** 0.01 0.06 ** 0.79 ** 0.81 ** 0.73 ** 0.83 ** 0.75 ** 0.83 ** 0.66 ** 1

Gpop −0.21 ** 0.06 ** 0.18 ** 0.03 0.18 ** 0.64 ** 0.53 ** 0.60 ** 0.65 ** 0.57 ** 0.64 ** 0.43 ** 0.67 ** 1

Groad −0.16 ** 0.03 0.17 ** 0.01 0.16 ** 0.23 ** 0.15 ** 0.20 ** 0.18 ** 0.19 ** 0.16 ** 0.14 ** 0.23 ** 0.28 ** 1

Gbarrier −0.05 ** 0.05 ** 0.04 * 0.06 ** 0.04 * 0.01 −0.01 0.04 * −0.01 0.01 0.01 0.02 0.01 0.08 ** 0.01 1

Gsales 0.05 ** 0.04 * 0.12 ** 0.05 ** 0.09 ** 0.57 ** 0.69 ** 0.67 ** 0.82 ** 0.70 ** 0.78 ** 0.58 ** 0.81 ** 0.66 * 0.23 ** 0.04 * 1

** p < 0.05, * p < 0.1.

4.4.2. Effects of Socioeconomic Indexes and Shop Ratio on Sales Performance

Table 3 shows the results of multiple linear regression involving the grid-based spatial
competition and socioeconomic determinants and the grid-based shop sales. The results
indicate that the model fits well regarding the relationship between the independent
variables and grid-based shop sales (F(12, 2853) = 796.71, p < 0.01; Adjusted R2 = 0.775).

Table 3 shows that the grid-based shop sales will have moderate growth with popula-
tion increases (βGpop = 587.60, p < 0.01). Road length has a positive effect on shop sales
βGroad = 116378, p < 0.01), which demonstrates that spatial accessibility has a positive
impact on regional consumption potentiality. Table 3 also shows that some POIs in the
grid have significantly positive effects on grid-based shop sales, including the number
of schools, residential communities, governmental agencies, financial services, and life
services. However, the number of medical care facilities, the number of catering facilities,
the location of mountains, and the number of supermarkets in the grid have negative im-
pacts on grid-based shop sales. In particular, the result regarding the location of mountains
indicates that spatial obstacles have a detrimental effect on regional economic benefits,
which supports the findings in previous studies [39].
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Table 3. Regression results of socioeconomic indexes and shop ratio on sales performance.

Independent Variables Gsales

Gshop_ratio 212,434 ***
(79,258)

GPOIs catering −294,889 ***
(21,246)

GPOIS shopping_mall −78,772 ***
(9232)

GPOIs education 295,676 ***
(57,754)

GPOIs li f e_service 1.194 × 106 ***
(66,764)

GPOIs medical_care −635,809 ***
(77,677)

GPOIs f inancial_service 129,524 **
(52,073)

GPOIs goverment_institution 186,858 ***
(26,444)

GPOIs residential 211,753 ***
(10,664)

Gpop 587.6 ***
(54.14)

Groad 116,378 ***
(27,263)

Gbarrier −1.088e × 106 *
(572,269)

Constant 59,686
(51,261)

Observations 2,866
R2 0.770

Adjusted R2 0.775
Standard errors in parentheses. *** p <0.01, ** p < 0.05, * p < 0.1.

As for the competition index, we mainly focus on shop ratio in this section. The results
show that the grid-based shop ratio has a significantly positive impact on grid-based shop
sales (βshop_ratio = 212434.40, p < 0.01). Thus, the fewer shops located near the targeted
grid, the higher the shop sales in the targeted grid. This result supports the cannibalization
effect of stores in adjacent areas, as proposed by Guler [40].

4.4.3. Effects of Distance Metrics on Sales Performance

Competition effects are not only caused by the number of surrounding shops, but also
by their distances to the targeted area. To investigate the spatial clustering in a commercial
region, we considered two distance-based indexes and added them simultaneously into
our regression model. Table 4 shows the results.

The decentralization of the shops in one area has a marginally positive effect on
grid-based shop sales (βdistance_central = 393.7, p < 0.1), and the decentralization of the
shops in surrounding areas has a significantly positive effect on the dependent variable
(βdistance_nearby = 697.5, p < 0.01). These findings indicate that the lower the clustering of
the shops in the targeted area or its surrounding area is, the higher the financial benefits
of the shops in this area. Table 4 demonstrates that grid-based shop distribution isolation
(shop ratio) has a positive effect on shop sales in one area (βshop_ratio = 639, 059, p < 0.01).

As shown in Table 4, the influences of population, road network, and POIs on shop
sales are relatively stable compared with the results shown in Table 3. The results again
demonstrated the reliability of our findings obtained in Section 4.1.1; hence, we will not
dwell on them in this section.
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Table 4. Regression results of the effects of distance metrics on sales performance.

Independent Variables Gsales

Gshop_ratio 639,059 ***
(106,440)

Gdistance_central 393.7 *
(231.2)

Gdistance_nearby 697.5 ***
(118.2)

GPOIs catering −291,086 ***
(21,130)

GPOIS shopping_mall −76,985 ***
(9182)

GPOIs education 284,822 ***
(57,439)

GPOIs li f e_service 1.199 × 106 ***
(66,372)

GPOIs medical_care −636,877 ***
(77,215)

GPOIs f inancial_service 118,349 **
(51,799)

GPOIs goverment_institution 171,506 ***
(26,414)

GPOIs residential 212,878 ***
(10,602)

Gpop 581.5 ***
(53.86)

Groad 102,751 ***
(27,196)

Gbarrier −1.146 × 106 **
(569,553)

Constant −530,525 ***
(116,988)

Observations 2,866
R-squared 0.773

Adjusted R2 0.775
Standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

4.4.4. Effects of Squared Distance Metrics on Sales Performance

In the last section, the findings indicate that the spatial decentralization of the shops’
location may contribute to the sales in this area. However, in relation to other shops, is
the greater the distance the better? To answer this question, we added the squared mean
distances of the shops in this area, and its surrounding areas, from their location to the
central point of the grid to our regression. Table 5 shows the results.

Table 5 shows that the squared mean distances of the shops in the area (βsquared_distance_central
= −9.732, p < 0.01) and the surrounding areas (βsquared_distance_nearby = −2.403, p < 0.01) are
negatively correlated with regional sales, indicating that the influence of spatial proximity to the
regional shop sales follows an inverted U-shaped relationship. The findings indicate thresholds
for the mean distances of intra-regional shops and surrounding shops. By conducting the
extreme value calculation method [41], we obtained the thresholds of 226.19 m and 514.85 m.
Our findings have enriched the previous findings about the positive effect of distance [40].

The patterns of the influences of the other variables to regional consumption are con-
sistent with the findings in Sections 4.4.1 and 4.4.2, which also demonstrate the robustness
of our previous findings.
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Table 5. Regression results of squared distance metrics on sales performance.

Independent Variables Gsales

Gshop_ratio 637,728 ***
(106,032)

Gdistance_central 4402 ***
(860.5)

Gdistance_nearby 2471 ***
(355.4)

Gdistance_central_square −9.732 ***
(2.072)

Gdistance_nearby_square −2.403 ***
(0.458)

GPOIs catering −286,930 ***
(21,015)

GPOIS shopping_mall −74,710 ***
(9132)

GPOIs education 267,521 ***
(57,152)

GPOIs li f e_service 1.197 × 106 ***
(65,961)

GPOIs medical_care −635,996 ***
(76,751)

GPOIs f inancial_service 111,026 **
(51,500)

GPOIs goverment_institution 148,113 ***
(26,535)

GPOIs residential 213,269 ***
(10,542)

Gpop 579.5 ***
(53.68)

Groad 94,855 ***
(27,061)

Gbarrier −1.031 × 106 *
(566,433)

Constant −881,882 ***
(130,679)

Observations 2866
R2 0.776

Adjusted R2 0.775
Standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

5. Discussion
5.1. Robustness Check

Besides grid-level total consumption potentiality, per capita retail sales is important
for retail trade [42,43]. Therefore, we represented the total consumption sales with per
capita sales, which is calculated by:

Gsales_per_capitalp =
Gsalesp

populationp , (12)

where Gsales_per_capitap denotes per capita sales in the pth grid. The new regression
results are compared with the regression results of Gsales. Table 6 presents the results.
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Table 6. Robustness check using per capita sales.

(1) (2)

Independent Variables Gsales Gsales_per_Capita

Gshop_ratio 637,728 *** 8,968 ***
(106,032) (569.0)

Gdistance_central 4,402 *** 25.47 ***
(860.5) (4.678)

Gdistance_nearby 2471 *** 16.27 ***
(355.4) (1.935)

Gdistance_central_square −9.732 *** −0.0552 ***
(2.072) (0.0113)

Gdistance_nearby_square −2.403 *** −0.0140 ***
(0.458) (0.00249)

GPOIs catering −286,930 *** −213.3 *
(21,015) (109.7)

GPOIs shopping_mall −74,710 *** −91.80 *
(9,132) (49.48)

GPOIs education 267,521 *** 513.9 *
(57,152) (305.2)

GPOIs li f e_service 1.197 × 106 *** −1142 ***
(65,961) (354.0)

GPOIs medical_care −635,996 *** 1510 ***
(76,751) (418.0)

GPOIs f inancial_service 111,026 ** 741.0 ***
(51,500) (278.5)

GPOIs goverment_institution 148,113 *** 1300 ***
(26,535) (144.5)

GPOIs residential 213,269 *** −94.30
(10,542) (57.39)

Gpop 579.5 ***
(53.68)

Groad 94,855 *** 113.7
(27,061) (146.1)

Gbarrier −1.031 × 106 * −3835
(566,433) (3067)

Constant −881,882 *** −5869 ***
(130,679) (708.6)

Observations 2866 2866
R2 0.776 0.168

Adjusted R2 0.775 0.163
Standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

The comparison of column 1 and column 2 in Table 6 shows a high similarity between
the two regression results in the competition indexes. Column 2 shows that the shop ratio
is positively correlated with per capita sales (βGshop_ratio = 8968, p < 0.01), indicating that
the fewer the shops located near the targeted grid, the higher the per capita sales in the
targeted grid. The phenomenon may imply that the isolation of retail shops may stimulate
consumers’ willingness to spend more in other places. The decentralization of the shops in
each grid is positively correlated with per capita sales, as well as the decentralization of the
shops in surrounding grids. The squared distances of shops are negatively correlated with
per capita sales. The above findings are similar with that of total sales in Table 5.

Regarding socioeconomic factors, the number of catering facilities and shopping malls
is negatively correlated with per capita sales. Moreover, the number of education facilities,
financial services, and government institutions is positively correlated with per capita
sales, which is similar to the relationship with total retail sales. However, the number
of life-service facilities is negatively correlated with per capita sales, and the number of
medical care centers is positively correlated with per capita sales, unlike the relationship



ISPRS Int. J. Geo-Inf. 2022, 11, 302 22 of 25

with total sales. Grid-based road length and share of barriers are not significantly correlated
with per capita sales.

5.2. Multicollinearity Check

We performed a multicollinearity check based on the variance inflation factor (VIF)
of these variables. Multicollinearity is thought to exist among variables with VIF values
larger than 10 [44]. Table 7 shows the VIF of variables adopted in this study.

Table 7. VIFs of the independent variables.

Independent Variables VIF Lasso Regression (Gsales)

Gshop_ratio 2.021 6.262 × 105

Gdistance_central 4.309 3.929 × 103

Gdistance_nearby 7.865 2.256 × 103

Gdistance_central_square 4.079 −8.629
Gdistance_nearby_square 6.481 −2.129

GPOIs catering 3.463 −2.827 × 105

GPOIS shopping_mall 4.287 −7.306 × 105

GPOIs education 2.382 2.690 × 104

GPOIs li f e_service 7.051 1.196 × 106

GPOIs medical_care 4.159 −6.185 × 105

GPOIs f inancial_service 7.369 1.080 × 105

GPOIs goverment_institution 2.009 1.512 × 105

GPOIs residential 12.421 2.105 × 105

Gpop 2.501 5.780 × 102

Groad 1.127 9.521 × 104

Gbarrier 1.022 −1.018 × 106

Observations 2866
R2 0.301

The results indicate that multicollinearity does not exist among our interest vari-
ables (Gshop_ratio, Gdistance_central, Gdistance_nearby, Gdistance_central_square, and Gdis-
tance_nearby_square) and other control variables, since their VIF values are all smaller than
10. There is just one exception of our control variable—GPOIs residential—in which the VIF
is 12.402; this result is consistent with the correlations among GPOIs residential and other
POIs, as shown in Table 2. We determined to use lasso regression, which is commonly
used to deal with multicollinearity problems [45], to find out whether GPOIs residential
will affect our results. Table 6. shows the results of lasso regression, where we can see that
our variables of interest, Gshop_ratio, Gdistance_central, and Gdistance_nearby, are positively
correlated with Gsales. Meanwhile, Gdistance_central_square and Gdistance_nearby_square
are negatively correlated with Gsales. The results indicate that the correlativity between
our interest variables and grid-based retail sales does not suffer any influence from the
multicollinearity of GPOIs residential.

5.3. Limitations and Future Work

The current study has several limitations that need to be addressed in future studies.
First, store attributes, such as floor space, number of employees, and customer service

quality, were not considered in this study. These characteristics may play an important
role in regional consumption potentiality [46], but we were not able to use them in the
regression due to lacking data. In future studies, shop-related information needs to be
collected and included in the regression.

Second, information on human activities was not adopted in the current study. Re-
gional consumption is not only correlated with a stable urban environment, but is also
highly impacted by changeable human activities near the region. The location information
for consumers can be difficult to obtain, considering the concerns for privacy protection.
However, the emergence of location-based social media data, which have been used in
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consumption prediction, may provide a potential solution for this issue. In future studies,
social media data can be utilized to reflect the consumption preferences and mobility of con-
sumers and to provide supplementary information for human activities. This information
will also support in-depth research on dynamic sales changes.

Third, the impacts of the spatial proximity of retail shops on regional sales performance
need to be further studied using a better method of building competition indexes. Although
we built two indexes and successfully found that the spatial distribution of retail shops has
great impacts on retail shops, the mechanism is unclear. Moreover, overlaps exist between
the two indexes. Future studies, therefore, may devote their efforts to creating a new index
that can combine these two aspects and better describe the spatial proximity of retail shops.
The new index can help determine why the impact follows an inverted U-shape, which is
an interesting and important phenomenon to be explored.

6. Conclusions

The development of the Chinese economy has brought a huge opportunity for the
retail industry [47]. Under the new circumstances, retail managers should understand the
relationship between the urban environment and regional consumption potentiality to
achieve sustainable development goals. This study adopted a statistical model to explore
the relationship between spatial proximity of retail shops and regional retail sales through
a study of 12,500 retail shops in Qiannan, China. Several conclusions can be drawn.

(1) Several socioeconomic factors are important in determining regional consumption
potentiality. Regional population, road length, and the number of POIs (i.e., education
facilities, life services, financial services, government institutions, and residential
facilities) are significantly and positively correlated with consumption potentiality. By
contrast, the area of geographic barriers and the number of three kinds of POIs (i.e.,
catering facilities, shopping malls, and medical-care institutions) are significantly and
negatively correlated with consumption potentiality.

(2) The spatial proximity of retail shops will cause competition, which will cause impacts
on regional consumption. Grid-based shop distribution isolation (shop ratio) has a
significantly positive effect on shop sales in one area. The decentralization of the
shops in one area has a marginally positive effect on grid-based shop sales, and the
decentralization of the shops in surrounding areas has a significantly positive effect
on the dependent variable.

(3) The influence of spatial proximity to the regional shop sales follows an inverted
U-shape. The findings indicate thresholds for the mean distances of intra-regional
shops and surrounding shops, which are 226.19 m and 514.85 m, respectively.

Our study deepens our understanding on the relationship between location-based
socioeconomic factors and micro-level retail sales, which may provide reliable information
and practical guidance for the sustainable development of the retail industry.
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