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Abstract: Mainland China has become one of the most important markets for international fast-food
chains over the past decade. To study the regional spread of KFC and McDonald’s outlets in
Chinese cities, the correlation of their distributions and degree of market expansion were explored
and compared to analyze both the local and the global spatial autocorrelations. A geographically
weighted Poisson regression model was also used to examine the influence of demographic, economic,
and geographic factors on their spatial distributions. The findings of this comparative study reveal the
site selection criteria at the city level by studying the differences and similarities in outlet distributions
for KFC and McDonald’s. The presented results can guide other chains to enhance business location
planning and formulate regional development policy.

Keywords: fast-food chains; spatial distribution; spatial autocorrelation; geographically weighted
Poisson regression

1. Introduction

Over the past thirty years, retail sales in Mainland China have risen at a steady double-digit
growth rate, far surpassing the country’s GDP growth. The boom in the food industry, including
the rapid growth in fast-food chains, has also fueled domestic economic growth and expanded
employment channels [1,2]. The various favorable factors for investment in China, such as its large
population, remarkable socioeconomic development, huge potential market, and good investment
environment, have attracted many global fast-food chains, among which KFC and McDonald’s are
the most successful in terms of the rate of market expansion. By the end of 2012, the number of KFC
outlets in Mainland China had surpassed 4000, and this number has continued to grow by as many as
500 new ones yearly in the past two years. Meanwhile, McDonald’s has opened more than 1700 outlets
in Mainland China and is planning to open 600 more over the next two years.

The overseas expansion of the food industry necessitates a comprehensive consideration of
many factors such as investment risk, food quality, management strategy, eating habits, and cultural
differences [3], which means site selection is vital for success [4,5]. Studies of the distribution of existing
chain stores show that traffic network [6], proximity and ethnicity [7,8], household income [9–11], and
culinary culture [12] all play important roles in the spatial layout of food outlets. Methodologically,
multiple regression models are typically used to analyze the locational differences of food stores.
Moore et al. [13] used Poisson regression to investigate the relevance of restaurant locations on
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customers’ racial composition and income, pointing out the decisive impact of ethnic composition
and socioeconomic structure on selecting the site of a food store. Powell et al. [14] studied the
relations among the racial, ethnic, and income characteristics of customers and the accessibility of
fast-food restaurants in the United States using multi-factor regression analysis. They concluded that
higher proportions of fast-food restaurants in predominantly black neighborhoods may contribute to
racial differences in obesity rates. By adopting a snowball sampling strategy, Larson et al. [15] also
examined the relevance of the locational disparities of grocery stores and fast-food restaurants in
the United States for low-income earners, ethnic minorities, and the rural communities. Black et al. [16]
used multivariate regression method to estimate the associations between the spatial distribution of
food stores and the urban planning and socio-demographic variables in British Columbia. The results
indicated that neighborhoods with higher household income had decreased access to food stores.

Despite these findings on the implications of the distribution of food stores, the analyses in
previous studies have tended to focus on socioeconomic factors, somewhat overlooking the importance
of spatiality. Technically, spatial autocorrelation examines the relationship between similarities and
distance [17–19]. The phenomenon that near things are more related than distant things is universal.
If the relationship is spatially non-stationary, geographically weighted Poisson regression (GWPR) can
be used to investigate distributions that are not constant across space [20–23]. Further, most previous
studies have focused on food store distribution within a specific city at the neighborhood level, and
few researchers have attempted to investigate the locational differences in the spatial distribution
of food stores (especially different international fast-food chains) at the national level, especially in
Mainland China. As KFC and McDonald’s, two of the most successful international fast-food chains,
compete in all large Chinese cities, it is unclear how they are distributed nationwide and whether there
are differences in their layout characteristics. The spatial autocorrelation and spatial non-stationarity
of their outlet distributions is worth studying to find out their locational differences and similarities
and to understand why they are distributed in this way. These results would benefit the commercial
planning processes of other retail chains.

2. Study Area and Data Sources

2.1. Study Area

The study area of the present research is restricted to Mainland China only, excluding Hong Kong,
Macao, and Taiwan. At the level of prefecture administrative unit, it consists of 337 administrative
units at the prefecture level and above. Most KFC and McDonald’s outlets in Mainland China are
located in cities. Based on its degree of economic development, Mainland China is traditionally divided
into three large regions, namely eastern, central, and western (Figure 1). The eastern region consists of
developed coastal provinces, which possess superior natural conditions, convenient transportation
links, and remarkable socioeconomic achievement. The central region includes less developed
landlocked provinces with large populations and rich natural resources. This is China’s economic
hinterland and an important market. The remaining remote undeveloped provinces comprise the
western region, which is characterized by harsh natural conditions, high rates of poverty, and narrow
markets. In particular, the socioeconomic resources are highly concentrated in the provincial capitals
in this region.

2.2. Data Sources

The data in this study mainly consist of two types: geographic spatial data and socioeconomic
data. The former include the maps of all administrative units in the study area (taken from the National
Fundamental Geographic Information System) with the specific locations of KFC and McDonald’s
outlets in 2011. The locations of these outlets were collected from the websites of the two fast-food
chains and the specifics of the outlets in Mainland China’s major cities were obtained from the
corresponding e-maps on the Internet. The latter include the number of permanent residents in the
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major cities, per capita GDP, and per capita disposable income of urban residents in 2011, which were
collected from the China Statistical Yearbook (2012).

Figure 1. General distribution maps of (a) KFC and (b) McDonald’s outlets.

3. Spatial Distribution

3.1. General Distribution

The distribution of McDonald’s and KFC outlets decreases from eastern to western China, with
a noticeable gap in between, as shown in Figure 1. Approximately 74.1% of KFC outlets (2894) are
located in the 12 eastern coastal provinces of Mainland China. Similarly, 80% of McDonald’s outlets
(1376) are in these 12 eastern coastal provinces. Large numbers of outlets are concentrated in the
Pearl River Delta (centered on Guangzhou), Yangtze River Delta (centered on Shanghai), and Bohai
Economic Rim (centered on Beijing). The proportion of KFC and McDonald’s outlets in central China
is 17.8% (684) and 14% (236), respectively. Very few outlets are in the western region (KFC 8.1%,
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314 outlets; and McDonald’s 6%, 100 outlets). Indeed, McDonald’s has almost no outlets in cities below
the level of provincial capital in western China.

As the provincial capital is usually the political and cultural center of a province, the number of
KFC outlets in capitals relative to that in ordinary cities reflects the degree of outlet clustering. Table 1
shows the number and percentage of KFC and McDonald’s outlets in the capitals of the three regions.
Approximately 71% of KFC outlets in the western region are in capitals compared with 51.6% in
central China. Furthermore, while the eastern provinces boast the largest number of KFC outlets, the
proportion in capitals is only about 25.8%, far below the average level.

Table 1. The total number and percentage of KFC and McDonald’s outlets in provincial capitals in the
three regions.

KFC
Region

McDonald’s
Region

Eastern Central Western Total Eastern Central Western Total

No. in capitals 550 353 200 1103 No. in capitals 350 145 62 557
Total No. 2135 684 282 3101 Total No. 958 236 75 1269

Percentage (%) 25.76 51.61 70.92 35.57 Percentage (%) 36.53 61.44 82.67 43.89

Note: The four municipalities directly under the central government (i.e., Beijing, Shanghai, Tianjin, and
Chongqing) are unrelated to this analysis and are thus not included in Table 1.

With regard to the spatial distribution of outlets for both chains, similarities and differences can
be found. In both cases, outlets tend to be concentrated in provincial capitals, while the proportion of
outlets in capitals decreases from the west to the east. However, KFC puts more efforts into exploring
markets outside capitals, including prefecture-level and county-level cities; its concentration of outlets
in capitals is about 10% lower than that of McDonald’s in each region.

3.2. Correlation in Major Cities

The study compared the numbers of KFC and McDonald’s outlets in major cities (provincial
capitals and four municipalities). As shown in Figure 2, the regional overlap between KFC and
McDonald’s outlets is clear. Beijing, Shanghai, and Guangzhou stand out in the plot as having the
largest numbers of outlets. R2 is 0.8774, indicating that cities that have many outlets of one chain
also have many outlets of the other. The Spearman’s rho correlation coefficient also reaches 0.907 [24].
Specifically, compared with KFC, the number of McDonald’s outlets in Guangzhou is far above the
average level, whereas the number of McDonald’s outlets in Shanghai, Hangzhou, and Harbin is not
commensurate with the number of KFC outlets.

Figure 2. The comparative plot of KFC and McDonald’s outlets in Mainland China’s major cities.
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3.3. Market Expansion

The analysis of market expansion is based on urban grading, which usually grades cities
as megacities, extra-large cities, large cities, medium-sized cities, and small cities based on their
population size in China. We thus divided the 337 cities above the prefecture level into five tiers, and
each tier had a different political status, economic strength, urban scale, and regional attractiveness.
The numbers of cities in each tier from top to bottom are 5, 14, 21, 107, and 190, respectively.

The total numbers and average numbers per city of KFC and McDonald’s outlets in each tier of
cities are shown in Table 2. The declining trend in the average number of both chains’ outlets in each
tier indicates that the degree of the market expansion of their outlets is positively related to urban size.
This positive correlation is particularly clear in the case of McDonald’s. In Figure 3, the outlet number at
each level of city is divided into several ranges on the x-axis and then the number of cities with outlet
numbers included in each range is counted on the y-axis to make the frequency distribution histogram.

Table 2. The number of KFC and McDonald’s outlets in cities.

KFC
Tier

McDonald’s
Tier

1st 2nd 3rd 4th 5th 1st 2nd 3rd 4th 5th

Total No. 1050 845 654 957 514 Total No. 709 378 288 260 77
Average No. per city 210 60.4 31.1 8.9 1.8 Average No. per city 141.8 27 13.7 2.4 0.4

Figure 3. Frequency distributions of KFC and McDonald’s outlets at the urban grading level for the
(a) 1st-tier cities; (b) the2nd-tier cities; (c) the 3rd-tier cities; (d) the 4th-tier cities; and (e) the 5th-tier cities.

Figure 3 shows that KFC covers most cities above the 4th-tier level and 70% of 5th-tier cities.
As shown in Figure 3a,b, the number of cities in each range has a relatively small difference, indicating
full market expansion by KFC in 1st- and 2nd-tier cities. Inordinately high values, however, appear
in Figure 3c,d, showing the great potential for KFC expand to 3rd- and 4th-tier cities despite its
widespread coverage there already. This finding accords with the remarkable recent expansion of
KFC outlets in 3rd- and 4th-tier cities. By contrast, 5th-tier cities show relatively weak socioeconomic
development and consequently they are less capable of attracting investment by international fast-food
chains. KFC is known for innovation and adventure in its market expansion strategy (i.e., franchising)
in Mainland China, especially in medium-sized and small cities. Further, by grasping the important
role of diet culture in China, KFC has applied various localization strategies, such as changing products
to adapt to the taste preferences of Chinese consumers, to claim a market-leading position.
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The market expansion of McDonald’s lags far behind that of KFC in China. The distribution of
McDonald’s outlets covers most 3rd-tier cities and above. However, at the lower level (accounting
for 88% of the cities in Mainland China), its market expansion decreases from three quarters (4th-tier)
to one quarter (5th-tier) of cities. Figure 3d,e show most cities with 0 or a few outlets, indicating that
its market expansion is still in an infancy stage in low-tier cities. In line with its downsizing globally,
McDonald’s has shifted its emphasis to 1st- and 2nd-tier cities, thereby broadening the gap between
these markets and those in 3rd- to 5th-tier cities. In summary, the different priorities towards market
expansion by KFC and McDonald’s have led to their different strategies in this regard.

4. Spatial Autocorrelation Analysis

Spatial autocorrelation aims to detect the degree of correlation between a certain property value
or a geographic phenomenon and the corresponding property value or geographic phenomenon of its
adjacent locational position on the surface of a geographic area. It can be divided into global spatial
autocorrelation and local spatial autocorrelation based on the range of analysis.

Global spatial autocorrelation estimates the spatial distribution of a property value or geographic
phenomenon in the overall study area to check whether it is clustering in space. One of the statistics
used to evaluate global spatial autocorrelation is Moran’s I index, which measures the correlation of
property values in neighboring spatial locations. Local indicators of spatial association (LISA) evaluate
the correlation between a property value in a local spatial unit and the corresponding property value
in the adjacent area. LISA can be measured by using the local Moran’s I [25]. This can provide more
detailed insights into the location of spatial dependence [26]. In addition, a Moran scatter diagram is
depicted to visualize the local instability of the property values in the study area. The Moran scatter
diagram illustrates the spatial lag factors through a two-dimensional picture and detects the four
spatial correlation types in local spatial distribution: high–high (HH), low–high (LH), high–low (HL),
and low–low (LL).

4.1. Global Spatial Autocorrelation Analysis

The study used KFC outlets per capita (per million people in this case) to measure the Moran’s
I index of global spatial autocorrelation, which is 0.3530. The p value is 0.001, indicating significant
global spatial autocorrelation within confidence. Similarly, exploratory spatial data analysis and
global spatial autocorrelation were applied to per capita McDonald’s outlets to obtain a Moran’s I of
0.2385 with a p value of 0.001. Each density of the chains’ distribution in different cities thus shows
significant positive spatial autocorrelation, which indicates that the spatial distribution does not have
a stochastic condition, but rather tends to be adjacent to cities with a higher distribution or lower
distribution density.

4.2. Local Spatial Autocorrelation Analysis

The shortcoming of global spatial autocorrelation is that it often overlooks unusual local conditions
or small-scale local instability. Therefore, local spatial autocorrelation is needed to analyze the
distribution density of KFC and McDonald’s outlets to reveal their local characteristics (e.g., spatial
dependency and heterogeneity). Again, a Moran scatter diagram can be used to evaluate spatial
instability within a local range by turning two-dimensional variables into a visualized form. With the
normalized average density of the distributions of KFC and McDonald’s outlets as abscissa and spatial
lag factors as ordinate, Figure 4 constructs the Moran scatter diagrams for the per capita number of
KFC and McDonald’s outlets over the 337 cities in Mainland China.

Figure 4a shows that 256 of the 337 cities are in quadrant 1 (type HH) and quadrant 3 (type LL),
indicating that the spatial distribution of KFC does not have stochastic or discrete manner, but rather
shows significant positive spatial correlation in the geographic space. This result is consistent with
that of the global spatial autocorrelation analysis. The numerous and dense points in quadrant 3
imply that: (i) more cities have a low per capita of KFC outlets compared with a high per capita; and
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(ii) the low values are closer. The small number of large cities means that the points in quadrant 1
are few and scattered with obvious outliers indicating the disparity of high density values between
cities. The distribution of points in quadrants 2 and 4 shows the difference between the cities and their
surrounding cities. In quadrant 2 (type LH), 50 atypical cities have a low per capita number of KFC
outlets but a high per capita number in their surrounding cities. Moreover, the 31 cities in quadrant 4
(type HL) are unusual in that they have a high per capita number of KFC outlets but a low per capita
number in their surrounding cities.

Figure 4. Moran scatter diagrams of (a) KFC and (b) McDonald’s outlets.

There are 250 points in quadrants 1 and 3 of Figure 4b, indicating significant global spatial
correlation in the geospatial distribution of McDonald’s outlets. Compared with KFC, quadrant
1 in the Moran scatter diagram for McDonald’s has fewer, more scattered points; on the contrary,
quadrant 3 has more points with a higher density. The scattering of points in the HH zone confirms
that the difference in McDonald’s outlets per capita between cities is as considerate as the per capita is
high in these cities. The greater number of points in quadrant 3 implies that the market expansion of
McDonald’s in Mainland China lags behind that of KFC. In addition, the imbalanced distribution of
points in quadrants 2 (59 points) and 4 (28 points) shows a higher number of outliers, indicating the
regional disparity caused by McDonald’s insufficient market expansion.

However, while these scatter diagrams display local spatial differences, they provide no index
to indicate their significance levels. The measurement of LISA can thus reveal further distribution
differences between KFC and McDonald’s. Figure 5 shows the combination of LISA cluster diagrams
and Moran scatter diagrams to highlight their differences in spatial distribution.

Significant clustering can be found in the KFC distribution of 139 cities and their neighboring
cities at the 5% significance level. Figure 5a shows that fewer cities are characterized with significant
HH clustering and these are mainly distributed in the Bohai Economic Rim, Yangtze River Delta, Pearl
River Delta, and coastal area in the east of Fujian province. Although Beijing has a high per capita
number of KFC outlets, it shows no significant HH clustering because the surrounding cities have a low
per capita number. Cities with HL clustering are located mainly in the capitals and well-developed
cities in central and western China. Only nine cities have significant HL clustering and these are
located in western China. Cities with LH clustering are mainly distributed in the surrounding areas
of HH clustering, including the northeast and northwest of the Bohai Economic Rim, the west of the
Yangtze River Delta, the west of Fujian, and the northwest of Guangdong. The remaining cities all
display LL clustering, with significant clustering in the west.

Although the number of McDonald’s outlets lags far behind that of KFC outlets in Mainland
China, its market expansion in Beijing, Shanghai, and Guangdong is comparable with that of KFC.
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Given that the per capita numbers of both chains are low in western China, the major difference
lies in the eastern provinces and central China. Figure 5b shows the different clustering types of
McDonald’s outlets. The HH clustering area of McDonald’s covers fewer cities (43) than that of KFC
and this difference is particularly marked in the Bohai Economic Rim and the Yangtze River Delta
areas. Further, the HH clustering of McDonald’s outlets in eastern coastal areas is not as significant
as that of KFC, and some cities here even display HL clustering. By contrast, their adjacent cities in
central China show no significant HL clustering, and LH clustering also appears in the surrounding
areas. More western areas are characterized with the most significant LL clustering.

Figure 5. Local spatial autocorrelation analysis of (a) KFC and (b) McDonald’s outlets.

5. GWPR Analysis

Regression models are typically built when two or more interdependent quantitative correlations
between the independent and dependent variables need to be decided. The geographically weighted
regression (GWR) model is an extension of the ordinary linear regression model and this embeds
the data locations into the regression parameters [20,27,28]. The regression parameters of certain
spatial units used to carry out local regression analysis are no longer arbitrary constants obtained
from global information; rather, they come from the measured data of adjacent data and thus vary by
spatial location. The main advantage of GWR lies in the use of a distance-weighted data sample to
make a point-to-point assessment in the local linear regression analysis. In the case of modeling count
responses, Poisson regression models are popular. As a natural extension of GWR, the geographically
weighted Poisson regression (GWPR) is thus derived theoretically with geographically varying
coefficients using the framework of geographically weighted generalized linear modeling [29].

The spatial statistical analysis with the Moran’s I index and Moran scatter diagram proved
the significant spatial autocorrelation in the distributions of the two international fast-food chains.
In this section, the GWPR model further explores the driving factors behind the difference in these
distributions. We applied the GWR4 software developed by the GWR4 Development Team and
a global regression model was executed simultaneously for the comparison [29]. An adaptive Gaussian
function was used for kernel type. The Golden Section Search method was chosen to identify the
optimal bandwidth size and the AICc was set as the selection criterion. AICc empirically provides
better results for Poisson regression [29]. The total number of KFC or McDonald’s outlets was set
as the dependent variable in the GWR model, and GDP (G), the per capita disposable income of
urban residents (I), and urban population (P) in each city were the independent variables, since these
are the most typical and important factors when analyzing the distribution of fast-food chains from
a macroscopic perspective.

Table 3 shows the statistical performance of the global regression model and GWPR model for KFC
and McDonald’s outlets. Clearly, the GWPR model performs better. To test the spatial heterogeneity
of each variable, a semiparametric GWPR model was set, in which one variable was global while the
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other two variables were local. For KFC outlets, the G, I, and P variables were set as the global term in
the semiparametric GWPR #1 (s1), semiparametric GWPR #2 (s2), and semiparametric GWPR #3 (s3)
models, respectively. For McDonald’s outlets, the G, I, and P variables were set as the global term in
the semiparametric GWPR #4 (s4), semiparametric GWPR #5 (s5), and semiparametric GWPR #6 (s6)
models, respectively. The GWPR model has the lowest AICc value for both cases, suggesting that it
fits the data the best and there is a spatial non-stationary feature for each variable being examined.
We also calculated the spatial autocorrelation of the residual in the two GWPR models. The Moran’s I is
0.073 and 0.048 (p value is 0.001) for the GWPR models of KFC and McDonald’s, respectively, showing
that little spatial autocorrelation remains.

Table 3. Analysis of deviance in models.

KFC Deviance DOF Deviance/DOF AICc

Global model 1952.49 335.00 5.82 1960.61
GWPR model 1495.30 327.38 4.56 1519.42

S1 model 1919.96 335.25 5.73 1927.56
S2 model 1578.96 327.84 4.82 1599.19
S3 model 1996.93 334.01 5.98 2007.08

McDonald’s Deviance DOF Deviance/DOF AICc

Global model 1584.89 335.00 4.73 1593.01
GWPR model 1099.46 327.59 3.35 1123.13

S4 model 1601.99 334.72 4.79 1610.68
S5 model 1204.22 329.67 3.65 1223.47
S6 model 1569.51 334.72 4.69 1578.15

In GWPR, the local percent deviance explained (local_pdev) measures the local goodness of fit.
The higher the value is, the better the model fits the data. The local_pdev in the KFC GWPR model
ranges from 0.758 to 0.903. The mean value is 0.844. The local_pdev in the McDonald’s GWPR model
ranges from 0.722 to 0.898. The mean value is 0.814. Therefore, the local goodness of fit is generally
good in both GWPR models.

The coefficient of each factor was then calculated in these GWPR models with the minimum, lower
quartile, median, upper quartile, maximum, and mean values. The statistical results of the variables G, I,
and P are shown in Table 4. The coefficient range of G is (´0.2958, 0.6154), of I is (0.2774, 0.6854), and
of P is (´0.1969, 0.6261) in the KFC GWPR model. These three in the McDonald’s GWPR model are
(´0.1028, 1.1300), (0.0346, 0.7359), and (´0.4892, 0.5362), respectively. Hence, the coefficient mean values
of these three variables tend to be positive. The varying coefficients of G and P indicate the possible
existence of both positive and negative correlations in the different areas in the local regression analysis,
while the variable I has all positive values in both the KFC and the McDonald’s GWPR models.

Based on the coefficients of G, I and P in the GWPR models, Figure 6 shows the local correlations
between the distribution of outlets and three variables marked with the t-statistical significance. (i) G
shows a significant positive correlation in the northeast and a significant negative correlation in the
Sichuan Basin in the KFC GWPR model in Figure 6a. Because the rate of urbanization is high and
household income gap between cities is low in the northeast, economic size becomes a positive factor
driving fast-food chains to open new outlets. One significant difference in distributions between
Figure 6a,b is that the southeast area also shows a high value in the McDonald’s GWPR model, which
is consistent with the fact that economic development in the Pearl River Delta has quickly grown
with the number of McDonald’s outlets; (ii) The coefficients of I decrease from the west to the east (all
with positive correlations). Western areas show the largest values, where household income plays
an influential role in deciding outlet number by representing consumption capacity. In central China,
income is more important to KFC’s decision than to McDonald’s decision, as shown in Figure 6c,d;
(iii) P shows a slight impact on deciding outlet location as the mean value is close to zero. However, the
positive high values in the Sichuan Basin suggest that the urban population in these areas is a major
driving force for fast-food chains opening new markets.
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Table 4. Statistics for varying the (local) coefficients.

KFC Minimum Lower Quartile Median Upper Quartile Maximum Mean

Intercept 1.3799 1.6153 1.8158 1.9031 2.0241 1.7602
GDP ´0.2958 0.0359 0.2486 0.3322 0.6154 0.1996

Income 0.2774 0.5203 0.5630 0.6114 0.6854 0.5445
Population ´0.1969 ´0.0653 0.0374 0.2793 0.6261 0.1109

McDonald’s Minimum Lower Quartile Median Upper Quartile Maximum Mean

Intercept 0.3151 0.6027 0.7431 0.8705 1.0536 0.7317
GDP ´0.1028 0.2135 0.3110 0.4460 1.1300 0.3844

Income 0.0346 0.4233 0.5706 0.6537 0.7359 0.5091
Population ´0.4892 ´0.1305 0.0324 0.1459 0.5362 0.0174

Figure 6. Regression coefficients of G in (a) KFC and (b) McDonald’s GWPR models; Regression
coefficients of I in (c) KFC and (d) McDonald’s GWPR models; Regression coefficients of P in (e) KFC
and (f) McDonald’s GWPR models.
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6. Conclusions

By taking KFC and McDonald’s as case examples, the paper analyzes the spatial distributions of
two international fast-food chains in Mainland China. The spatial distributions of the outlets of both
KFC and McDonald’s are generally uneven, decreasing from the eastern to the western regions and
expanding from 1st- to 5th-tier cities. Both distributions also display significant clustering. The local
Moran scatter plot and LISA analysis indicate that significant HH clustering is distributed in eastern
coastal areas for both. LL clustering mostly occurs in the west.

Nonetheless, the distributions of KFC and McDonald’s outlets do differ in some respects.
Compared with KFC outlets, McDonald’s outlets are more concentrated in capital cities and they
expand more slowly, especially in 3rd- to 5th-tier cities. Further, the LISA analysis indicates that
McDonald’s HH clustering includes fewer cities in the eastern region, while LL clustering covers larger
areas in central and western China. The relations among the driving factors (i.e., urban population,
GDP, and household income) and number of outlets are explored through the construction of the
GWPR model. The regression coefficients of the different factors show that the influence on the
distributions of KFC and McDonald’s outlets varies at the city level.

The target customers and markets between KFC and McDonald’s overlap since both companies tend
to open more outlets in cities with large populations, high household incomes and developed economies.
Meanwhile, KFC focuses on developing new markets and McDonald’s on attracting urban youth in large
cities. The outlet layouts of the two companies are therefore not the same. The results of the comparative
analysis could thus help explain the major driving forces behind the market expansion and site selection
criteria of the two companies. Because KFC and McDonald’s are role models from the perspective of
business management and location choice of new outlets for other young, ambitious fast-food chains
in China, the analysis results can contribute to guide these other chains to enhance business location
planning and formulate regional development policy based on their own specific target customers.
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