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Abstract: There is a Chinese proverb which states “Where there are Shaxian Snacks, there are
generally Lanzhou Ramen nearby”. This proverb reflects the characteristics of spatial clustering in
the catering industry. Since the proverbs are rarely elucidated from the geospatial perspective, we
aimed to explore the spatial clustering characteristics of the fast food industry from the perspective
of geographical proximity and mutual attraction. Point-of-interest, OSM road network, population,
and other types of data from the typical fast-food industry in Hangzhou were used as examples.
The spatial pattern of the overall catering industry in Hangzhou was analyzed, while the spatial
distribution of the four types of fast food selected in Hangzhou was identified and evaluated. The
“core-edge” circle structure characteristics of Hangzhou's catering industry were fitted by the inverse
S function. The common location connection between the Western fast-food KFC and McDonald’s
and the Chinese fast-food Lanzhou Ramen and Shaxian Snacks and the spatial aggregation were
elucidated, being supported by correlation analysis. The degree of mutual attraction between the two
was applied to express the spatial correlation. The analysis demonstrated that (1) the distribution
of the catering industry in Hangzhou was northeast-southwest. The center of the catering industry
in Hangzhou was located near the economic center of the main city rather than in the center of
urban geography. (2) The four types of fast food were distributed in densely populated areas and
exhibited an anti-S law, which first increased but then decreased as the distance from the center
increased. Among these, the number of four typical fast foods was the highest within a distance of
4-10 km from the center. (3) It was concluded that 81.6% of KFCs had a McDonald’s nearby within
2500 m, and 68.5% of Shaxian Snacks had a Lanzhou Ramen nearby within 400 m. McDonald’s
attractiveness to KFC was calculated as 0.928448. KFC'’s attractiveness to McDonald’s was 0.908902.
The attractiveness of the Shaxian Snacks to Lanzhou Ramen was 0.826835. The attractiveness of
Lanzhou Ramen to Shaxian Snacks was 0.854509. McDonald’s was found to be dependent on KFC
in the main urban area. Shaxian Snacks were strongly attributed to Lanzhou Ramen in commercial
centers and streets, while Shaxian Snacks were distributed independently in the eastern Xiaoshan and
Yuhang Districts. This study also helped us to optimize the spatial distribution of a typical fast-food
industry, while providing case references and decision-making assistance with respect to the locations
of catering industries.

Keywords: typical fast food; spatial distribution characteristics; point of interest; inverse S-shape
rule; co-location quotient; Hangzhou

1. Introduction

A Chinese proverb states, “Where there are Shaxian Snacks, there are generally
Lanzhou Ramen nearby”, which reflects the characteristics of spatial clustering in the
catering industry. The catering industry represents a promising dimension, in which
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cultural characteristics can be elucidated. Food culture affects people’s supply and con-
sumption behavior during catering, thus forming a special urban social space landscape [1].
By unveiling previously unknown places in a city, such as restaurants, an individual learns
about the local culture [2]. Since ancient times, food has played a vital role in human
life. Of the many catering-related studies, the location attribute of the POl in the catering
industry has attracted considerable attention from scholars. While examining the spatial
distribution patterns, spatial geographic objects or events are abstracted into points, while
point pattern analysis is commonly used to study the spatial distribution patterns of the
points [3-7]. In recent years, the role of internet information technology in contemporary
urban life has become intensified, and network technology has become increasingly im-
portant in the era of big data, thereby emphasizing the role of geospatial space [3]. From
the perspective of spatial planning, the spatial distribution status and changing trends
of commercial facilities were analyzed using the existing data to unveil the underlying
laws and patterns. Based on location information about social networks, we can perceive
the relationship between human activities and urban spaces from multiple perspectives.
Examples include the geotagging and tagging classification of POIs from take-out data [9]
and Twitter data [10]; the relationship between Airbnb locations and urban elements [11];
over-commuting [12]; separation of the workplace and residence [13]; the application of
spatial clustering in spatial partitioning [14]; and the location and colocation associations
of economic activities [15].

The correlation between industries and their spatial distribution can be explored as
well. In this light, some scholars have studied the spatial relationship between industries
based on spatial statistical analysis using the location information of manufacturing units
and automobile sale outlets extracted from POls, thereby shedding the light on their
integration, correlation, and coordination [16]. The different spatial patterns between local
and non-local restaurants were analyzed and discussed from global and local perspectives
using hotspot detectors and G-statistical models. Subsequently, the spatial correlations
between food culture preferences, climate, and the socio-economy were quantified [17].
Qiu et al. used correlation analysis, the input-output model, spatial autocorrelation model,
coefficient of variation, and geographic connection rate to conduct an empirical study on the
industrial correlation and spatial distribution of the interactions between producer services
and manufacturing [18]. An improved spatial co-location pattern mining method was further
proposed. The method included a network constraint neighborhood and the addition of
a distance decay function to discover spatial dependencies between network phenomena,
namely, the urban facilities [19]. The overall characteristics of the spatial correlation and
local spatial correlation patterns of the two types of building facilities were further examined
using the collaborative location quotient method [20]. Li et al. utilized multi-source data,
including taxi and bike-sharing trajectories, user reviews, and cultural facility POIs [21]. On
this basis, the correlation between built-up environmental factors and the multidimensional
urban vitality of streets was quantified through multiple regression models [21].

The agglomeration morphological characteristics of cities and urban functional areas
were previously analyzed. To this end, some scholars have previously examined the di-
rectionality and agglomeration of restaurants using the standard deviation ellipse method
and nearest neighbor index analysis [22]. By using hotspot analysis, weighted superposi-
tion analysis [23], location entropy [24], and the local Getis — Ord G} index [25,26], other
researchers analyzed the hotspots of commercial activities and hot blocks [27]. In this way,
the agglomeration characteristics and multi-center identification of urban areas were eluci-
dated. A spatial co-location model was also applied to explore the symbiotic characteristics
of the industry [28]. A transportation network model was constructed, and the density
of facilities distributed in a square was quantified to study its functions [29]. The grid
was applied to split the kernel density and to quantify the division and identification of
urban functional areas [30]. Using origin-destination streams to reflect human activities, a
flow-based position measure I-index was proposed to quantify the irreplaceability of the
locations of urban functional areas with strong mixing [31]. Spatial co-occurrence patterns
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are learned through explicit random walking in POI networks, and manifold learning algo-
rithms are used to capture classification semantics to estimate the proportional distribution
of functional types in urban areas [32]. The development of an adaptive method to detect
regional co-positioning patterns of network constraints can deepen our understanding
of the spatial organization of urban functions [33]. To quantify the urban land density, a
quantitative method using the inverse S-function to analyze the urban circle structure and
growth pattern was previously established [34].

In terms of the evolutionary characteristics of time and space, some scholars have
mined the multidimensional composition types and temporal evolution characteristics of
catering clusters based on DBSCAN [35,36] and word cloud analyses. Sequence snapshots
were constructed from POl and GPS data and integrated using the Jensen-Shannon distance
and hierarchical clustering. As a result, an improved weighted k-kernel decomposition
method was introduced to analyze the spatiotemporal variation characteristics of spatial
interaction networks [37]. Moreover, the dynamic urban function structure over different
timescales has been analyzed using a random forest model to determine the temporal
changes in different urban function ratios through studying the relationship between the
POI and Tencent location request (TLR) data [38]. Multi-source datasets such as Baidu
heat map data, POI data, and floor area and land use data, as well as geographic and time-
weighted regression (GTWR) models have all been utilized to reveal the spatiotemporal
relationship between built environments and urban vitality [39,40].

The aforementioned scholars have conducted in-depth research on the spatial distribu-
tion characteristics of POI data from multiple perspectives, methods, and scales. However,
to date, there have been few studies on the spatial distribution characteristics of the fast-
food industry from the perspectives of geographical proximity and mutual attraction. The
full text begins with a Chinese proverb, which is “Where there are Shaxian Snacks, there are
generally Lanzhou Ramen nearby”. In addition, in this study, two categories of Western and
Chinese fast foods were used as examples to conduct the research. The main contribution
of this study is that it reveals the spatial clustering patterns of the typical fast-food industry,
including KFC, McDonald’s, Lanzhou Ramen, and Shaxian Snacks. First, we analyzed the
direction of the overall distribution of the catering industry in Hangzhou and explored
the spatial pattern of the overall catering industry in Hangzhou using the hotspot analysis
method. Secondly, a combination of population data and road network data were used to
identify and verify the spatial distribution of the four types of fast food. The “core-edge”
circle structure characteristics of four typical fast-food industries in Hangzhou are revealed
based on the inverse S-fitting function. The inverse S function provides an understanding
of the structure and spatial pattern of the city. Finally, the spatial clustering and the degree
of mutual attraction of two categories, the Western and Chinese fast food, were explored
using the bivariate Moran’s I index, geographic connection rate, distance to the nearest hub
(points), and collaborative location quotient analysis. This study also helps us to optimize
the spatial distribution of a typical fast-food industry, while providing case references and
decision-making assistance with respect to the locations of catering industries.

The remainder of this paper is structured as follows: Section 2 introduces the research
data preprocessing and methodology. Section 3 presents the results, which are discussed
with conclusions in Section 4. The paper concludes with a summary of the results and
implications for future research. This study also helps us to optimize the spatial distribu-
tion of a typical fast-food industry, while providing case references and decision-making
assistance respect to the locations of catering industries.

2. Materials and Methods
2.1. Data

The city of Hangzhou is located in East China, downstream of the Qiantang River, in
the north of Zhejiang Province, the economic, cultural, scientific, and educational center
of Zhejiang Province, and is one of the central cities of the Yangtze River Delta. The total
area of the city is 16,853.57 square kilometers, stretching between 29°11'-30°34’ N and
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118°20'-120°37" E. We selected Hangzhou City in Zhejiang Province as the study area,
which includes ten municipal districts, two counties, and one county-level city (Figure 1).
To this end, the screening of the entire catering industry (referred to as food) and KFC,
Lanzhou Ramen, McDonald'’s, and Shaxian Snacks was performed (Table 1). The data are
from the first geographical conditions census of Hangzhou in 2018 and the Amap POI data
of Hangzhou in 2021. There are 155193 POI data points derived from the Gaode maps. We
selected the population data of China for 2020 from WorldPop and the road network data
of Hangzhou from OpenStreetMap.
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Figure 1. Study area.

Table 1. District of the study area and the number of POIs in the catering industry.

Number of POI
Area Total Area -
(km?) KFC Lanzhou McDonald’s Shaxian Food
Ramen Snacks

Binjiang District 7222 24 83 20 130 8915
Chun’an County 4417.48 6 18 0 44 3234
Fuyang District 1821.03 30 95 6 196 10,568
Gongshu District 69.25 10 48 16 106 8533
Jiande City 2314.19 10 59 5 58 4844
Jianggan District 200 66 224 36 136 23,574
Lin’an District 3118.77 18 73 2 90 7972

Shangcheng District 26.06 32 76 24 46 4431
Tonglu County 1829.59 12 95 4 78 6976
Xihu district 309.41 56 164 20 240 14,316
Xiacheng District 29.33 32 96 26 40 7334
Xiaoshan District 1417.83 54 220 14 626 24,748
Yuhang District 1228.41 52 220 32 506 29,748

total 16,853.57 402 1471 206 2296 155,193
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2.2. Methodology and Analysis Flowcharts

The directional research fundamentally adopts the standard deviation ellipse method
to evaluate whether the distribution of the studied elements is narrow and long. A standard
deviation ellipse was quantified to reflect the spatial characteristics of the geographical
elements, including central, discrete, and directional trends [41] in this study.

2.2.1. Hotspot Analysis

Hotspot analysis calculates the Getis — Ord G statistic for each feature in the dataset.
The resultant z-scores and p-values show where features with either high or low values
cluster spatially. The calculation formula from [41] is formalized as:

g wijxj — X Y Wi

Gr = )

1 2
5\/ e (o)

n—1

where x; is the attribute value for feature j, w; ; is the spatial weight between features i and
j, and n is the total number of features. The G statistic is the z-score. If the z-score of the
element is high and the p-value is small, this indicates spatial clustering with a high value.
If the z-score of an element is low and negative and the p-value is small, this means that
the spatial clustering is low. The higher (or lower) the z-score is, the greater the degree of
clustering is. If the z-score is close to zero, there is no significant spatial clustering.

2.2.2. Spatial Clustering and Mutual Attraction Analysis
(1) Bivariate Moran’s I method.

The bivariate Moran’s I can measure the connection between two types of industries
in different space units and supports the expression of the spatial heterogeneity of the

connection strength, thereby intuitively reflecting the spatial correlation pattern of the two
industries. The calculation formula is provided by [16]:

. n Y X wii((xi — %) (yi — )
Li L wij \/Zz‘(xi - Y)z\/ﬂj (v;—7)°

where x; is the x attribute value of the adjacent study area i, and y; is the attribute value y of
the adjacent area j. X and ¥ are the average values of every attribute x and y in the sample,
and w; is the spatial connection weight matrix between spatial unit i and spatial unit j.

@)

(2) Geographical Proximity Analysis

The geographic connection rate reflects the geographical distribution of the two eco-
nomic factors and the differences in spatial structure through similarity differences. The
calculation formula from [18] is shown below:

1 ,
L:100—512|Si—Pi| (i=1,2,...,n) (3)

where L is the geographic connection rate, 7 is the number of neighborhood units, and S;
and P; are the percentages of each economic factor in each neighborhood unit. The L value
was defined as follows: 0 < L < 25,26 <L <50,51 <L <75,and 76 < L < 100, indicating
that the two types of elements were highly inconsistent, relatively inconsistent, relatively
consistent, or highly consistent, respectively.

Given the origin and destination layers, the distance to the nearest hub (point) algo-
rithm computes the distance between the origin features and their closest destinations.
The distance calculations were based on feature centers [42]. The resulting layer contains
origin feature center points with an additional field, reflecting the identifier of the nearest
destination feature and the distance to it.
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(38) Collaborative Location Quotient analysis.

The collaborative location quotient was used to quantify the spatial correlation mode
between the two types of point factors and is divided into the local collaborative location
quotient (LCLQ) and global collaborative location quotient (GCLQ). The LCLQs calcu-
lated from point A; in the category of interest A to the neighboring category B [41] were
determined by:

Nai-p
LCLQpi B = 4
QAl*)B NB/(N—l) ( )
where N3 is the total number of categories B in the study area and N is the total number of
points in the study area. N4;_,p is the weighted average of the number of category B points
in the neighborhood of each category A point (A;). The GCLQ equation from [41] was used:

Na_g/Na

GCLQA%B = NB/(N - 1)

©)
where N is the total number of features, N4 is the number of features in category A, and Np
is the number of features of category B. Permutation was applied to calculate the p-value for
each of the input features of interest. In this way, the statistical significance of the observed
co-location quotient values was determined, where a p-value of <0.05 was considered a
statistically significant value hereafter.

The flowchart of the analysis is shown in Figure 2. This study is based on the POI
data of Hangzhou City in 2021, and OSM road network data and population data were
used as the auxiliary data. The data were preprocessed by format conversion, coordinate
transformation, data cleaning, projection conversion, and topology error correction. Sec-
tion 3.1 analyzes the spatial distribution trends and clustering of the restaurant industry in
Hangzhou. Section 3.2 analyzes the spatial distribution pattern of the four types of typical
fast-food industries in Hangzhou. Section 3.3 explores the spatial correlation, geographic
association, and inter-spatial dependence of KFC and McDonald’s and Lanzhou Ramen
and Shaxian Snacks in Hangzhou.

1.Basic data

[ POI data ] [ Basic data of Hangzhou ]

OpenStreetMap WorldPop 2020
Road network data population data

}

2.Data pre-processing

conversion

[ Data format

Coordinate = Projection Topology errors
I Data cleansing X i )
transformation transformation and corrections

|

3.2 Spatial Distribution Characteristics 3.3 The spatial clustering and mutual attraction of Typical
of Typical Fast Food in Hangzhou Fast Food in Hangzhou
3.1 Distribution of the overall
catering industry in Hangzhou The spatial ‘Western fast-food: Bivariate Moran’s I .
distribution of four KFC and McDonald’s [ Method ] —’[ Satslsonelation ]

Spatial Distribution
Trends and Clustering

types of fast food

—_—_—

Inverse S-type regular
curve fitting

Chinese fast-food: Geographic
l‘“"‘hc'"_‘ Ramen and Connection Rate =
Shaxian Snack T Geographical

Proximity Analysis

Distance to Nearest
Hub (point)

[ Collaborative Location

# e — Mutual Attraction
Quotient Analysis ] [ b

four types of fast food

Figure 2. Analysis flowcharts.

3. Results
3.1. Distribution of the Overall Catering Industry in Hangzhou
3.1.1. Spatial Distribution of the Overall Catering Industry

We used the standard deviation ellipse method based on the standard deviation el-
lipses for Hangzhou City and each administrative division in 2021, as shown in Figure 3.
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The overall spatial pattern exhibited an ellipse direction of the standard deviation of the
catering industry in Hangzhou, which was roughly the same as that of the administra-
tive divisions, showing a northeast-southwest direction. The catering industry center of
Hangzhou is not in the geographic center of the city but is located near the main urban
area of the economic center. The standard deviation ellipses of the catering industry in
other administrative divisions were nearly distributed in the direction of their respective
administrative regions.

N

A

POI distribution of catering industry in Hangzhou
:] Standard deviation ellipse in hangzhou

I:] Standard deviation ellipse of districts and counties in Hangzhou
0o 10 20 40 60 80

[ == KM |:| Boundary of Hangzhou

Figure 3. Standard deviation ellipse of Hangzhou city and its districts.

The catering industry in Hangzhou formed a pattern of immense aggregation and
multi-center development in terms of its spatial distribution. Overall, the main city area’s
catering service center exhibited a relatively distinct scale advantage and a contiguous
distribution. The development of the catering service facilities outside the main urban area
was relatively slow, and the catering service centers were small and scattered.

3.1.2. Clustering Analysis of the Overall Catering Industry

The distribution of the conspicuous hotspots in the catering industry in the main
urban area was relatively clustered over a large area. Of the hotspots, the food distribution
in Shangcheng District, Xiacheng District, Gongshu District, Binjiang District, and Xihu
District was the densest, while these areas were surrounded by adjacent blocks with a high
network density, specifically the gathering areas of high-density catering industry blocks
from a statistical perspective. In 2021, the z-score of the hotspot analysis of the catering
industry in Hangzhou was relatively uniform, thus indicating that the spatial distribution
of the catering industry in Hangzhou was relatively uniform as well (Figure 4).

3.2. Spatial Distribution Characteristics of Typical Fast Food in Hangzhou
3.2.1. The Spatial Distribution of Four Kinds of Typical Fast Food

The WorldPop population data were further combined with the POI and OSM road
network data to identify and evaluate the spatial distribution of the four types of fast food
(Figure 5). As the four types of food were distributed in the main city area, we focused
on the main city and found that the four types of food were distributed in the densely
populated areas. Furthermore, KFC and McDonald’s exhibited spatial clustering patterns,
most of which were located in downtown areas, whereas Lanzhou Ramen and Shaxian
Snacks were widely distributed.
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Hot spot analysis of catering
industry in 2021
Z Score
m Cold Spot
Secondary Cold Spot
Not Significant
Sub-Hot Spot
= Hot Spot

036 12 18 24 ) Boundaries of Hangzhou

—— KM

Figure 4. Analysis of hotspots.

o KFC * McDonald's
‘The railway The railway
The road Theroad
Boundaries of Hangzhou Boundaries of Hangzhou

Population of Hangzhou Population of Hangzhou
1 1

oo ; . ¥ + Shaxian Snacks
22 rﬂ'ﬂy - P R A The railway
e ¢ The road
Boundaries of Hangzhou ¢ % Boundaries of Hangzhou
Pop\ll.lahm.\ of Hangzhou p o " " Population of Hangzhou
1

(d)

Figure 5. Distribution of four kinds of food (KFC (a), McDonald’s (b), Lanzhou Ramen (c), Shaxian
Snacks (d)).
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In total, 402 KFCs were found to be located in Hangzhou during the study period.
Their locations were scattered, primarily in the main urban areas, where business activities
are intensive and there are tourist attractions and nearby universities. The degree of spatial
aggregation of the districts and counties outside the main city area was very low, while
the layout was sparse. They were opened only near large shopping centers, highway
service areas, high-speed railways, and railway stations. There were 206 McDonald’s,
and the aggregates were more dispersed. High values were identified only within the
main urban area, and they were clustered only near major shopping malls, supermarkets,
and universities.

There were 1471 Lanzhou Ramen in Hangzhou. The scope of aggregation expanded
in the main city. The number of Lanzhou Ramen in the Jianggan and Yuhang Districts was
large, and the highest values were concentrated in the Gongshu and Xiacheng Districts.
They were mainly distributed in stores near roads, universities, scenic spots, and high-speed
railway stations, and the spatial distribution was scattered. In addition to the main city,
higher values were discerned among schools, supermarkets, hotels, and railway stations.
There were 2296 Shaxian Snacks in Hangzhou, and their spatial aggregation was more
diffuse and dispersed than that of Lanzhou Ramen. They were distributed next to roads.

3.2.2. The “Core-Edge” Circle Structure Characteristics of Four Types of Fast Food

Hangzhou is a non-equilibrium, multi-center city. According to the “one main three
deputy”, the center position was determined. The buffer was established at 2 km intervals,
and the number and density of the four types of food POIs in each buffer were quantified
(Figure 6). In 2021, the number of POIs for the four types of food first increased but then
decreased from the center to the edge, and then gradually decreased. Of these, the number
of the four types of food was the largest and ranged within 4-10 km.

There were more KFCs than McDonald’s from an abundance perspective, while
Shaxian Snacks were significantly more abundant than Lanzhou Ramen, with distinct
difference between them at 14-16 km and 24 km. The POI density first increased and then
decreased with the increasing distance from the city center. The density near the city center
was higher, while a certain density was maintained at the edge of the city. The density of
Shaxian Snacks was the largest at around 6 km, and the density of the other three types
reached a peak at around 8 km. The density fluctuation range of Shaxian Snacks was low
and uniform, while the density fluctuation of McDonald’s was the strongest and uneven.

The fitting function was plotted according to the POI density in Figure 6c. As seen,
the distribution of the POI density followed an inverse S-shaped law with the city center
moving outward. The fitting function was formalized as:

[1 + (ch)Hﬁl + (g)H}

where y is the POI density and x is the distance from the city center. Py, K,, K;, H,, and H;
are the fitting parameters, and Py, is the maximum value of the POI density. K, K; are the
distances between the fastest point of the POI density increase or decrease, respectively,
while H, and H; are the slope coefficients of the curve controlling the POI density equation,
respectively. The function of the equation is to assign the parameter values that are
generally similar to the trend of the target curve to the parameters and stop when the
iteration converges or exceeds the maximum number of iterations. The fitting parameters
are summarized in Table 2.

The fitting results for the number of Lanzhou Ramen and Shaxian Snacks were the best,
with R? > 0.9. The fitting curve demonstrated that the density of the KFC POI uniformly
changed over the range of 10 km. The densities of McDonald’s, Lanzhou Ramen, and
Shaxian Snacks significantly increased in the range of 8 km. Then, they gradually decreased
with increasing distance from the center, while the edge retained a certain density.

y= (6)
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Figure 6. Line chart (a) and density scatter diagram (b) of POIs of the four types of food. The inverse
S-function fitting curve of the POI density of the four kinds of food (c).

Table 2. Parameters of the fitted POI density functions of the four kinds of food.

Py, K, k; H, H; R?
KFC 30.50502 8.31157 13.42412 0.10449 4.6426 0.79191
McDonald’s 50.95868 13.9226 10.8151 0.62391 5.22435 0.8401
Lanzhou Ramen 41.56137 7.6926 10.73029 1.17192 3.82797 0.95093
Shaxian Snacks 17.47867 2.38217 13.41645 1.88095 2.98541 0.93035

Compared with McDonald’s, the density of KFC was more uniform as the distance
increased. The density of McDonald’s was higher than that of KFC, in the range of 10 km,
while the density of KFC was larger, and the number of McDonald'’s significantly decreased
outside the range of 10 km. Compared with Lanzhou Ramen, the number of Shaxian Snacks
exhibited weaker variability with the increasing distance. The density of Lanzhou Ramen
was higher than that of Shaxian Snacks within 12 km, and the density of Shaxian Snacks
was significantly higher than that of Lanzhou Ramen outside 12 km.

3.3. The Spatial Clustering and Mutual Attraction of Typical Fast Food in Hangzhou
3.3.1. Bivariate Moran’s I Method

At the block scale, the degrees of local correlation between the two industries were
similar. Namely, the high—high correlation between KFC and McDonald’s was mainly
discerned in the Xihu and Xiaoshan Districts, while no low-low correlation blocks were
identified. The high-high correlation between McDonald’s and KFC was mainly distributed
in the Hangzhou, Binjiang, Shangcheng, central Xihu, western Jianggan, and northwest
Xiaoshan Districts, while there were no high—low correlation blocks.
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The high-high Lanzhou Ramen and Shaxian Snacks correlations were mainly distributed
in the central part of Yuhang, northwest Xihu, and the central part of Xiaoshan District. Low—
low correlations were mainly distributed in the west Lin’an District and northwest Chun’an
County. Shaxian Snacks and Lanzhou Ramen had a high correlation distribution in central
the Yuhang, West Xihu, and central Binjiang Districts. Low—low areas were in Fengshui
Town, the southern Lin’an District, and eastern Xiaoshan District (Figure 7).

feDonald’s

McDonald's

KFC, M.cD.onald’s McDonald’s , KFC

— Nf)t 51gmﬁcan; (170) Not significant (183)
High — High (22) M High - High (18)
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P I Low - Low (1)

ow-Hig (12) I Low-High (14)
High — Low (12) High — Low (0)
(a) (b)

Shaxian Snack
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7 5 <3 -1 1 3 5

Lanzhou Ramen
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»
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(c) (d)

Figure 7. The binary Moran index and bivariate LISA clustering map of KFC (a) and McDonald’s
and (b) Lanzhou Ramen (c) and Shaxian Snacks (d).

3.3.2. Geographical Proximity Analysis of the Four Kinds of Food

Using the “neighborhood unit” as the spatial scale, the geographical connection rate
was calculated to be 99.4714, showing a strong geographical dependence. Thus, the geo-
graphical relationship between the KFC and McDonald’s block scale is very close, indicating
that their spatial layout is consistent. The average distance of KFC from McDonald’s was
643 m, while the maximum was 4260 m and the minimum was 10 m. There were 132 KFCs
whose distance was less than 640 m, and it was concluded that 64.1% of McDonald’s
restaurants had a KFC within 640 m. The average distance of McDonald’s from KFC
was 2500 m, while the maximum was 29,890 m and the minimum was 10 m. There were
328 McDonald’s whose distance was less than 2500 m, and it was concluded that 81.6%
of the KFCs had a McDonald’s within 2500 m. As shown in Figure 8, most of the KFCs
around McDonald’s were under 700 m, and most of the McDonald’s restaurants around
KFCs were under 2500 m.
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Figure 8. KFC distance distribution around McDonald’s (a) and McDonald’s distance distribution
around KFC (b). Distance distribution of Lanzhou Ramen around Shaxian Snacks (c) and Shaxian
Snacks around Lanzhou Ramen (d).

The geographical connection rate of the spatial distribution was 97.127. Therefore, the
geographical relationship at the block scale was relatively close, indicating that the layout
of the Lanzhou Ramen in Hangzhou was highly consistent with that of Shaxian Snacks.
The average distance of Lanzhou Ramen from the Shaxian Snacks was 484 m, while the
maximum was 18,342 m and the minimum was 1 m. There were 1008 Lanzhou Ramen
with a distance of less than 400 m, and it was concluded that 68.5% of Shaxian Snacks had
a Lanzhou Ramen within 400 m. The average distance of Shaxian Snacks from Lanzhou
Ramen was 2162 m, while the maximum was 20,059 m and the minimum was 1 m. There
were 1798 Shaxian Snacks with a distance of less than 2100 m, and it was concluded that
78.3% of Lanzhou Ramen restaurants had a Shaxian Snacks within 2100 m. Figure 8 shows
that most of the Lanzhou Ramen restaurants around Shaxian Snacks were distributed
within an area under 1000 m, and most of the Shaxian Snacks around Lanzhou Ramen were
distributed within an area under 2500 m.

3.3.3. Collaborative Location Quotient Analysis of the Four Kinds of Food

Table 3 shows the GCLQ values for the four food types, whereas the collaborative
location quotient value reflects the common location connection between the two. It was
found that (1) the GCLQ of the four types of food was <1, indicating that the spatial
distribution was relatively independent (p-value < 0.05), and the collaborative location
quotient was statistically significant. (2) McDonald’s attractiveness to KFC was calculated
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to be 0.928448. KFC’s attractiveness to McDonald’s was 0.908902. The attractiveness of
Shaxian Snacks to Lanzhou Ramen was 0.826835. The attractiveness of Lanzhou Ramen to
Shaxian Snacks is 0.854509. The degree of McDonald’s attraction to KFC was greater than
that of KFC’s attraction to McDonald'’s, indicating that McDonald’s tends to be attached to
KEC to some extent. The degree of attraction of Lanzhou Ramen to Shaxian Snacks was
greater than that of Shaxian Snacks to Lanzhou Ramen, indicating that Lanzhou Ramen
tends to be somewhat attached to Shaxian Snacks.

Table 3. GCLQs between the four types of food.

Elements of Interest Adjacent Elements GCLQ p-Value
KFC McDonald’s 0.928448 0.04
McDonald’s KEC 0.908902 0.02
Lanzhou Ramen Shaxian Snacks 0.826835 0.02
Shaxian Snacks Lanzhou Ramen 0.854509 0.02

The local index of the collaborative location quotient was used to elucidate the spatial
pattern of the spatial correlation between KFC and McDonald’s and between Lanzhou
Ramen and Shaxian Snacks. Figure 9 shows the spatial pattern of the attraction intensity
between KFC and McDonald’s and between Lanzhou Ramen and Shaxian Snacks.

McDonald's are attracted

LCLQ
® 0.00-0.66
0.67-1.00
o 101-24
blocks
T 2 Boundary of Hangzhou

KFC are attracted by
McDonald's
LCLQ
® 0.00-0.66
0.67-1.00
o 1.01-130
blocks
T 2 Boundary of Hangzhou

Shaxian Snacks are attracted
by Lanzhou Ramen
LCLQ
*® 0.00-0.66
0.67-1.00
e 101-165

blocks
T 2 Boundary of Hangzhou

Lanzhou Ramen are attracted |®
by Shaxian Snacks 7
LCLQ
© 0.00-0.66
0.67-1.00
° 1.01-218
blocks
T 2 Boundary of Hangzhou

(d)

Figure 9. GCLQs of McDonald’s attracted by KFC (a) and KFC attracted by McDonald’s (b), and
Shaxian Snacks attracted by Lanzhou Ramen (c) and Lanzhou Ramen attracted by Shaxian Snacks (d).

As we can see, the spatial distribution of the mutual attraction intensity between KFC
and McDonald’s was significant. As the distance from the main urban area increased, the
mutual attraction ability of the two gradually decreased. The interdependence between
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them in the main urban area was greater than that outside the main urban area, and
the outside of the main urban area exhibited independent distribution characteristics. In
general, McDonald’s attraction to KFC was stronger than that of KFC to McDonald’s.
McDonald’s, in the main urban area, is dependent on KFC.

The spatial difference in the attraction strength between Lanzhou Ramen and Shaxian
Snacks was distinct. In commercial centers and main streets, Shaxian Snacks were strongly
attracted to Lanzhou Ramen, while in alleys, Lanzhou Ramen was less attracted to Shaxian
Snacks. In the eastern part of Xiaoshan District and the eastern part of Yuhang District,
Shaxian Snacks were independent of the distribution of Lanzhou Ramen.

4. Discussion and Conclusions

The clustering phenomenon and spatial distribution characteristics of the catering
industry stemmed from the dynamic development of the modern urban population. In
this light, the analysis of these spatial structural characteristics can provide data-driven
guidelines for the sustainable development of the city’s catering industry, thus also pro-
moting the harmonious development and coordinated integration of the city and human
beings. POI data were used in this study to analyze the distribution direction of the overall
catering industry in Hangzhou. We combined the WorldPop population data and OSM
road network data to identify and evaluate the spatial distribution of the four types of
fast food. We established an inverse S-function and used the inverse S-function to fit the
“core-edge” circle structure characteristics of the catering industry in Hangzhou and explore
the spatial correlation, geographic association, and inter-spatial dependence of KFC and
McDonald’s, on the one hand, and Lanzhou Ramen and Shaxian Snacks, on the other, in
Hangzhou. We formulated the following conclusions based on the results:

(1) The northeast-to-southwest distribution of the catering industry in Hangzhou
was identified. The center of the catering industry in Hangzhou was near the economic
center of the main city rather than the center of the urban geography. The distribution of
conspicuous hotspots in the catering industry in the main urban area exhibited clustered
patterns over a large area.

(2) Four types of fast foods were distributed in the densely populated areas and
exhibited an inverse S law, with the distance from the center first increasing and then
decreasing. The number of the four typical fast foods was the highest within a distance
of 4-10 km from the center. KFC and McDonald’s were mostly opened in the downtown
area of the main urban area, while the density decreased significantly from the center to
the edge. The distribution of Lanzhou Ramen and Shaxian Snacks was relatively extensive,
and the density distribution from the center to the edge was relatively uniform.

(3) The spatial layouts of KFC, McDonald’s, Lanzhou Ramen, and Shaxian Snacks had
a strong consistency, and the local correlations were similar. It was concluded that 81.6% of
KFC had a McDonald’s within 2500 m, and 68.5% of Shaxian Snacks had a Lanzhou Ramen
within 400 m. From the perspective of distance proximity, in Hangzhou, McDonald’s is
near KFC, and Shaxian Snacks is near Lanzhou Ramen. McDonald’s attractiveness to KFC
was 0.928448. KFC’s attractiveness to McDonald’s was 0.908902. The attractiveness of the
Shaxian Snacks to Lanzhou Ramen was 0.826835. The attractiveness of Lanzhou Ramen
to Shaxian Snacks was 0.854509. McDonald’s was dependent on KFC in the main urban
area. Shaxian Snacks were strongly attracted to Lanzhou Ramen in commercial centers
and streets. Shaxian Snacks were distributed independently in the eastern Xiaoshan and
Yuhang Districts.

For practical applications, it is essential to estimate the spatiotemporal characteristics
of the catering industry using big data and, thus, to elucidate the spatial variation charac-
teristics of the catering industry’s layout. In this way, one can bolster the exchange and
integration of the food culture, thus providing data-driven guidelines for site selection and
urban planning and, ultimately, laying the theoretical foundations of this research field.
However, there are some shortcomings and limitations of this research, such as the use
of high-resolution remote sensing image data to improve the recognition accuracy or to



ISPRS Int. ]. Geo-Inf. 2022, 11, 559 150f 16

build models, and the economic policy and other influencing factors could be analyzed
to establish the catering service in the future. It is also possible to use multiple years of
data for a comparative analysis across time and space. The related research methods can be
further extended using machine learning techniques and game theory. These aspects can
be improved in the future.
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