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Abstract

:

Nighttime light (NTL) is a critical indicator of urban vitality and development. Using NTL as a representation of urban vitality and development, the study explores how different fresh-made beverage shops, namely boba and coffee shops, proxy various facets of urban vitality and development in four megacities in China. Existing studies mostly discuss urban vitality as a broad concept and seldom investigate the diverse urban vitality and development represented by different indicators. This study selects Beijing, Shanghai, Guangzhou, and Shenzhen as case study regions and explores (1) their urban vitality pattern represented by NTL. (2) the heterogeneous spatial distribution of boba and coffee shops; (3) how boba and coffee shops represent urban vitality differently; and (4) how boba and coffee shops portray the economy and population growth aspect of urban development differently. We acquired NTL data from remote sensing images to measure urban vitality and development. Cross-sectionally, the majority of urban vitality and development represented by NTL concentrates in urban centers. The distribution of coffee shops assimilates the spatial pattern of urban vitality represented by NTL while boba shops have a greater spatial extent in metropolitan fringes. Longitudinally, from 2012 to 2020, the global and local bivariate Moran’s I analysis between NTL and beverage shops shows that the coffee shops capture urban vitality and development better than boba shops in Beijing, while the pattern is reversed in Guangzhou and Shenzhen. Examining the evolving spatial dynamics between beverage shops’ growth and urban development using bivariate Moran’s I and Getis–Ord Gi/Mann–Kendall emerging hot spot analysis, we found that the locations with the most intense economic growth have seen the most spatial expansion of coffee shops. In contrast, those with the fastest population growth have seen the greatest spatial development of boba businesses. These results indicate that coffee shops represent the economic aspect of urban vitality while boba shops emphasize the population growth aspects. By examining the dynamic spatio–temporal relationship between small beverage shops and urban vitality and development represented by NTL data, this study broadens the usage of remote sensing data in urban studies and expands on previous research and offers insights for urban planners and geographers to reference when choosing indicators of urban vitality and growth.
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1. Introduction


1.1. What Is Urban Vitality?


Urban vitality reflects a city’s competitiveness and attractiveness [1,2,3,4,5,6]. Intuitively, urban vitality refers to large numbers of active people at different times of the day and night; thus, it is directly related to places where activities happen [7,8]. Jane Jacobs defined urban vitality for the first time in 1961 as the production of diverse urban life constituted by human activity and life place [2]. Human activity, an indispensable element of urban vitality, generally refers to the spatio–temporal concentration of human flows [6]. Place is another important element of urban vitality that induces lively social and economic activities, because activities eventually gather in places [2]. In essence, human activity and place are the two major components of understanding urban vitality [9,10].



Urban vitality is the original power and energy of urban development [1,8,11,12,13,14,15]. A vibrant city is a desirable goal for urban planning because it drives urban development by attracting highly skilled talent, stimulating urban innovation, increasing resident happiness, and promoting social sustainability [16]. In contrast, the absence of urban vitality results in a slew of urban issues, including stagnant economic development, waste of land resources, urban decay, deteriorating public safety, and a lack of community cohesion, as well as the potential for ghost towns and cities [17,18,19].



Although it is widely acknowledged that urban vitality is the driving force of urban development, the growth of cities has numerous facets. In other words, urban vitality also has various facets, which are related to different aspects of urban development. Economic and population growth are two of the most notable aspects of urban development in the Chinese urbanization context. China’s economy and population have grown tremendously since the country’s economic and political reforms in 1978, making it one of the nations with the highest rates of urbanization in the world [20,21,22]. The increasing number of people moving into urban areas has driven massive urbanization and economic expansion, which has further enabled the government to upgrade urban infrastructure and encourage urban development [21,23]. Therefore, this study focuses on the economic and population aspects of urban vitality and development.




1.2. Using NTL and Other Data to Measure Urban Vitality


Although there is no broadly accepted consensus on the measurement of urban vitality, nighttime light (NTL) data is one of the most used and evident representations of urban vitality, as it objectively captures human settlements’ spatial distribution from satellites and highly assimilates socio-economic activities over space and time [6,24,25,26,27,28]. Urban social and economic activities often happen in the densely populated bright area of the cities, while few activities happen in sparsely populated dark areas [29,30]. As for NTL’s relationship with urban development, research have demonstrated that NTL has a direct relationship with urban development, particularly in terms of urban expansion, economic productivity, population density, and energy consumption. [31,32,33,34,35,36]. For example, Xie and Weng (2017) used time series DMSP/OLS NTL to detect spatiotemporally urban changes [37]. Lan et al. (2020) measured urban vitality with NPP-VIIRS NTL and discovered the beneficial effect of population growth on urban vitality [38].



Besides NTL, researchers have also measured urban vitality by examining people’s activity and mobility using data from location-based services [39,40], transportation card [41], and social media [42] to measure urban vitality. Or by focusing on urban form and built environments—i.e., where the activities happen—to measure urban vitality. It is overwhelmingly agreed upon that urban form and the built environment are significant factors determining urban vitality, because activities eventually take place in places [12]. Jacobs (1961,1993), Sung and Lee (2015) and Jin et al. (2017) used data on number of city facilities or points of interest (POI) to measure urban vitality [2,9,43]. For example, Yue et al. (2016) used POI data from 15 categories and found a positive association between mixed-type POI and neighborhood vibrancy [44]. Yang et al. (2021) measured the quantity and variety of human activities by calculating restaurant density, entertainment density, shopping density, and service density using POI data [45].




1.3. Small Catering Businesses and Urban Vitality


Small catering businesses, including bars and cafés, can be employed as a place-based POI indicator for urban vitality, since they are hubs of urban economic and public social lives and demonstrate the appeal of cities [46]. Although a small catering business may not represent all aspects of urban vitality, as an integral part of urban life and location attractiveness, scholars use it as a proxy for urban vitality primarily for two reasons [10,47] First, small catering enterprises rely on a steady stream of customers to be successful, so they must be in locations with a high level of urban activity [6,48,49]. Second, the survival of small catering businesses can provide the real-time status of urban vitality, as their turnover rate is high [10].



Among all small catering business, the coffee shop, particularly in the context of western countries, is a critical indicator of urban vitality as it can be seen as the third location of urban life after the workplace and the home, offering individuals areas in which to socialize, develop connections, and exchange ideas [8,50,51]. In the 18th century, coffee shops in downtown London became crucial gathering places where people could discuss news, politics, and scientific advancements, debate ideas, and socialize [52,53,54]. Later, scholars considered coffee shops to be critical components of vibrant places in creative cities [55,56]. In addition, an increasing number of office workers and freelancers prefer coffee shops as co-working spaces [50,57]. The prevalence of coffee shops is now widely acknowledged by academics, particularly those in western countries, to be a predictor of urban vitality and to also be related to urban development and creativity. Researchers have uncovered evidence that coffee shops are directly related to urban vitality and urban innovation, even in the Chinese context. In China’s Greater Bay Area, Chen et al. (2022) discovered that an increase in coffee shops was related to increased urban innovation [1].




1.4. Research Gap of Boba Shops, Urban Vitality, and Urban Development


While coffee has a long history that can be traced back to the 18th century [58], boba tea, alternatively known as bubble tea, milk tea, or tapioca milk tea, has a much shorter history. It became popular in Asia in the 1990s and became well known globally around the 2000s [59]. The global bubble tea industry is rapidly expanding. Assuming a 7.2% annual growth rate, the market had a value of USD 2.20 billion in 2019 and is projected to reach USD 3.39 billion by 2027 [60]. Chinese people prefer tea to coffee because of their long-standing tea culture, with 14 mg of 16 mg caffeine per day being consumed from tea [61,62]. Boba, a tea-based drink, is particularly popular among the younger Chinese generation [63,64]. As a result, China’s boba sector is expanding quickly. For instance, the first half of 2021 saw Nayuki’s Tea, a premium boba tea brand in China, earn USD 328.1 million [65]. Another bubble tea business, Mixue Ice Cream & Tea, which caters to lower-end consumers, has more than 10,000 stores domestically and internationally and generates USD one billion in revenue annually [66].



Although boba shops have grown in popularity worldwide, there has been little research examining how they relate to urban growth and vitality. Most studies on boba tea have looked at its connection to customers’ mental health or buying patterns [67,68]. Even though bubble tea shops and coffee shops are comparable, there has been very little research looking at the connection between bubble tea shops and urban vitality or, more specifically, urban development. This study aims to fill this research gap and extends the existing research by comparably looking at the spatial association between coffee, boba shops and urban vitality, and further, their relationship with different aspects of urban development (Figure 1).





2. Materials and Methods


2.1. Study Area


The studied cities include Beijing, Shanghai, Guangzhou, and Shenzhen, playing important roles as China’s financial, political, innovation, and trade centers, respectively (Figure 2). According to the national bureau of statistics, these are the top four cities in China with the highest regional GDP in 2021 [69]. Beijing and Shanghai are two economic development centers, as the capital city and the frontier of foreign trade since the 1900s, while Guangzhou and Shenzhen are two development engines that have newly evolved since the reform and opening in 1979. Specifically, Beijing is known for its long history, prominent political and cultural position, and its integrated industrial structure, which includes the production of electronics, machinery, chemicals, light industry, textiles, and cars [70]. Shanghai is considered a global financial, trade, economic, and shipping hub with an increasing number of highly educated and skilled people [71]. Both Guangzhou and Shenzhen are located in Guangdong province and the Guangdong–Hong Kong–Macao Greater Bay Area—the largest urban agglomeration in China, previously known as the Pearl River Delta. The urbanization in Shenzhen and Guangzhou is largely driven by foreign investment, thus attracting migrant workers from around the nation. Guangzhou is the largest city and the political, economic, and cultural hub of Guangdong Province [72]. Shenzhen was once famous for its manufacturing industry, and was known as the world’s factory, whereas it is now gradually transforming into the innovation center of China.




2.2. Study Data


2.2.1. Longitudinal Nighttime Light Data 2012–2020


Nocturnal remote sensing captures visible-near-infrared electromagnetic wave information emitted from the earth’s surface under cloud-free conditions. The majority of this information is emitted by human activities, primarily human nighttime lights. In addition, it also includes sources such as oil and gas flaring, offshore fishing vessels, forest fires, and volcanic eruptions. Compared to conventional remote sensing satellite images, nighttime light remote sensing images more directly reflect human activities. There are many sensors that have the capability to detect the light brightness at night, including the OLS sensor on board the U.S. military meteorological satellite DMSP, the VIIRS sensor on board the Suomi NPP satellite, and the Luojia-01 satellite launched by Wuhan University in China, etc. Compared with the DMSP/OLS data, NPP/VIIRS has largely solved the problem of light saturation and increased spatial resolution. However, the parameters of DMSP/OLS and NPP/VIIRS are different in time periods, satellite sensors, and spatial resolution, and thus not comparable with each other across time [73]. Therefore, this study uses monthly average transformed NPP/VIIRS NTL data that were originally captured by the Suomi National Polar Partnership (SNPP) satellite flown by NASA and NOAA (https://ngdc.noaa.gov/eog/viirs/download_ut_mos.html, accessed on 1 August 2022), and integrates with DMSP/OLS data to obtain consistent and comparable long time-series NTL dataset, which is a common practice in existing research [74,75,76,77]. The detailed correction process in this study is as follows. First, we performed continuity correction and logarithmic transformation on the DMSP/OLS annual product and the NPP/VIIRS monthly synthetic product, respectively. Second, we conducted oversaturation correction on DMSP/OLS and NPP/VIIRS data using NDVI data. At last, we further corrected desaturated NPP/VIIRS nighttime light data to be consistent with desaturated DMSP/OLS nighttime light data. The resolution of the used NTL data is about 1 km × 1 km, which is consistent with kilometer spatial grid resolution.




2.2.2. Longitudinal POI Data (2012–2022)


As publicly accessible geographical information data, the spatial distribution and temporal evolution trend of POI can not only reflect the heterogeneity among different areas of a city but can also indicate the development status of a certain urban function. There are two kinds of POI data: basic framework POI, and business application POI. Basic framework POI is the objective composition of real urban space, such as the name and location of shops and restaurants in the real world, while business application POI is the virtual elements generated on the basis of the needs of application scenarios, such as Uber’s recommended pickup and drop-off locations. As we are interested in real-world urban vitality and development, we used the basic framework POI data of boba and coffee shops in our analysis.



For this study, we acquired the longitudinal POI data (2012–2022) for boba tea shops and coffee shops in Beijing, Shanghai, Guangzhou, and Shenzhen via Amap API (https://lbs.amap.com/, accessed on 1 August 2022). According to the POI category code of Amap, we defined coffee shops using POIs under the coffee house subtype (type code: 050500, 050501, 050502, 050503, and 050504) and boba tea shops using POIs under the cold drink shop subtype (type code: 050600). To ensure the data quality, we carried out rigorous data cleaning process on POI data (Table 1) and captured POIs of boba and coffee shops in Beijing, Shanghai, Guangzhou, and Shenzhen from 2012 to 2022 (Table 2).




2.2.3. Longitudinal Kilometer Spatial Grid GDP and Population Data 2010–2020


Although GDP and population distribution data are important basic indicators for the analysis of social and economic development and regional planning, both take administrative divisions as the basic spatial boundary, which makes it impossible to use them to carry out spatial statistics and calculations. Therefore, in order to spatialize the GDP and population distribution data, we uniformly used the GDP and population data in the kilometer spatial grid from the Resource and Environment Science and Data Center, which was processed and provided by the Institute of Geographic Sciences and Natural Resources Research, Chinese Academy of Sciences [78,79]. According to the unified standard, the study area was divided into several 1 km × 1 km pixels, and each pixel was assigned an identifier and an attribute value. The identifier value identifies the spatial data of the pixel, and the attribute value identifies the thematic attribute value of the grid, intuitively and accurately reflecting the spatial distribution of the thematic data in the region. Kilometer grid data distribution processing is a relatively advanced and mature GIS data distribution technology at present. It can convert the data taking administrative divisions as units into kilometer grid units, avoiding data distribution bias caused by administrative division. Spatial grid data per square kilometer of GDP (2010, 2014 and 2019) and population (2010–2020) is calculated based on county-level GDP and population data in the corresponding year. It is weighted and interpolated to kilometer grid using land use data, nighttime light brightness, residential density, and other factors that connect to human activity intensity [80,81,82]. The validation result of the kilometer spatial grid dataset shows that the relative error is between 6–17% for the spatialized GDP data [81] and 4.5–13.6% for spatialized population data [82]. The spatial grid GDP and population data has been widely used in contemporary geographical research [83,84,85]. For example, Kang et al. used spatial grid GDP to represent social factors and analyzed its association with vegetation change in Mongolia [85]. Table 3 shows a description and the source of all analyzed data.





2.3. Study Method


2.3.1. Kernel Density Analysis


Kernel density analysis simulates the distribution of points and line sets in space by calculating the distribution density of different points and line sets in geographic space, so as to objectively reflect the agglomeration form of different elements in space. We used kernel density analysis to visualize the spatial clusters of boba and coffee shops in the four sampled cities (Equation (1)):


   p i  =  1  n π  R 2    ×   ∑   j = 1  n   k j      1 −    D  i j  2     R 2       2     



(1)




where    p i    is the kernel density value of the spatial position,    D  i j     is the distance between the spatial point  i  and the study object  j ,  n  is the distance less than or equal to the spatial position to    D  i j    ,    k j    is the spatial weight, and  R  is the search radius. The geometric meaning of kernel density analysis is that the density value is the highest in each core, and the increase in spatial distance will lead to the decrease in density until the kernel density value is 0. In addition, a different search radius will lead to different results of kernel density analysis.



We used the default research radius computed for the dataset based on the spatial variant of Silverman’s rule of thumb [86] (Equation (2)):


  R = 0.9 × min  S D ,  D m  ×   1  ln 2     ×  n  − 0.2    



(2)




where  n  is the count of input points,    D m    is the median of the distance from the mean center, and   S D   is the standard distance.




2.3.2. Bivariate Moran’s I Analysis


Figure 3 shows the workflow of bivariate Moran’s I used in the study. We first transformed the nightlight raster to points with values and created four 1 km × 1 km fishnets that overlap with the four city boundaries. We chose to set 1 km fishnets, considering that, on the one hand, the resolution of the used NTL, GDP and population data is 1000 m, while on the other hand basing the choice on the size of an ordinary neighborhood unit of approximately 160 acres, defined by [87], which is about 800 m × 800 m square. Second, for each year, we spatially joined the count of boba shop POI, count of coffee shop POI, mean value of the nightlight point, and mean value of GDP to each unit of the fishnet and obtained four resulting polygons for cities with the information above embedded in each 1 km × 1 km fishnet unit. We then moved the analysis platform to GEODA to determine the global and local bivariate Moran’s I estimate for spatial correlation analysis. All the spatial data are projected into the projected coordinate system of WGS 1984 UTM Zone 50 N.



Bivariate Moran’s I has a similar working mechanism to univariate Moran’s I spatial autocorrelation. Instead of analyzing the spatial relationships between variables of interest and their surrounding variables of interest, bivariate Moran’s examines the spatial relationship between independent variables and their surrounding outcome variables. To define spatial weights, we used the Queen’s case method and assigned all the fishnet units that connect with the analyzed fishnet unit either by edge or corners as 1. The bivariate global Moran’s I coefficient is calculated using Equation (3) [88]:


   I  G B   =     ∑  i  (   ∑  j   w  i j    y  j     ×    x  i     )     ∑  i   x i 2       



(3)




where    I  G B     is the global bivariate Moran’s I coefficient,   i     represents the  i th feature unit (a fishnet grid);  j  represents the neighbor units of  i ;    w  i j     is the spatial weight of  j  to  i  (spatial weights matrix);    x i    is the independent variable value (count of boba or coffee shops) in the analyzed fishnet unit; and    y  j       is the outcome variable value (NTL or GDP growth) of neighborhood units. All variables are in standardized form, and spatial weights are row standardized (means are 0 and variances equal to 1).



The output of bivariate local Moran is the local indicator of spatial association (LISA), which captures the association between the independent value in the fishnet unit  i  and the outcome values of the neighboring unit  j  (Equation (4)). The LISA index produces scatter plots in four quadrants, and the H–H, H–L, L–H, and L–L zones are generated according to the positive or negative signs of    x  i     and     ∑  j   w  i j    y  j       (all variables are standardized) [28,89].


   I  L B   = c  x  i       ∑  j   w  i j    y  j        



(4)







Here,    I  L B     is the local bivariate Moran’s I coefficient;  c  is a constant scaling factor;    w  i j     is the spatial weight of  j  to  i  (spatial weights matrix);    y  j       is outcome value of neighborhood units; and    x  i       is the independent value in the analyzed fishnet unit. All variables are in standardized form, and spatial weights are row standardized (means are 0 and variances equal to 1).




2.3.3. Emerging Hot Spot Analysis


The preparation step of the emerging hot spot analysis is performed to create space–time cubes using 2012 to 2022 yearly boba and coffee shop POI and a 2010–2020 population raster with timestamps. We aggregated the yearly POI points by the 1 km × 1 km fishnet polygon created for four cities and defined the time step interval as one year.



The emerging hot spot analysis employed a combination of Getis–Ord Gi* statistic [90], which identifies spatial clustering in one time section, and Mann–Kendall trend test [91,92], which evaluates temporal trends across time sections [93]. For Getis–Ord Gi* statistic (hot spot analysis), we defined the spatial relationship between bins as the same with bivariate Moran’s I analysis using the Queen’s Case spatial weights matrix. The calculated Getis–Ord Gi* statistic returned z-score (   G i *   , Equations (5)–(7)). The larger the statistically significant positive z-score, the more intense the clustering of high values (hot spot). The smaller the statistically significant negative z-score, the more intense the clustering of low values (cold spot). Then, the Mann–Kendall trend test was used to analyze the hot and cold spot temporal trends and returned the trend z-score and p-value for each fishnet unit. We specified the neighborhood time step as one, meaning that the bins were considered to be associated with their counterparts in the next year. The bin value for the first and second time periods are compared. The outcome is +1 if the first is smaller than the second, and is −1, if the first is larger than the second. When values from adjacent time periods are the same, the outcome is 0. The function recorded the z-score and p-value for each bin across time to see if there was a statistically significant difference between the observed sum of results and the expected sum (zero), where there is no trend of value change over time. The statistical significance of the trend is indicated by low p-values. The z-sign score indicates whether the trend represents an increase in bin values (positive z-score) or a drop in bin values (negative z-score) [94]. Based on the result of both the temporal trend and the hot spot analysis, each fishnet unit is categorized as new, consecutive, intensifying, persistent, diminishing, sporadic, oscillating, historical hot/cold spots, or locations with no pattern detected. The definition of the above category can be found in the reference on how emerging hot spot analysis works [95]. Figure 4 shows the workflow of the emerging hot spot analysis.
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   X ¯  =    ∑  j = 1  n   x j   n   



(6)






  S =     ∑  j = 1  n   x  j  2   n   −   (  X ¯  )  2   



(7)




Here xj is the value of feature  j ,    w  i , j     is the spatial weight between features  i  and  j , and n is the total number of features.



We integrated the methods and data listed in Table 3 into our analysis to better understand the dynamic spatial distribution of urban vitality and the relationship between boba/coffee businesses and urban vitality/development. To answer our first research question regarding the spatial distribution of urban vitality represented by NTL and beverage shops, we employed kernel density analysis to map their location. For the second research question on how boba and coffee shops represent urban vitality, we used bivariate Moran’s I analysis to observe their spatio–temporal global and local spatial association with NTL. In terms of our third research question on how the growth of boba and coffee shops relates to different aspects of urban development, we first investigated their spatial relationship with economic growth using bivariate Moran’s I analysis. We then compared the emerging hot spot analysis results among the growths of coffee shops, boba shops, and population to explore their spatial similarities and differences. The research workflow is shown in Figure 5.






3. Results


3.1. Spatial Distribution of Urban Vitality Represented by Nighttime Light (NTL)


NTL is closely related to urban socioeconomic activities because it distinguishes artificially lit urban areas from natural dark areas [28,96]. Locations with bright nighttime illumination are hubs of human activity [6,37]. In contrast, most dark places are uninhabited or impoverished, and few activities occur there [29]. Therefore, NTL has been a widely accepted and used remote sensing data sources to measure urban vitality.



Figure 6 shows the spatial distribution of the NTL in four studied megacities. The brighter the color, the greater the NTL intensity and the greater the urban vitality. In each of the four cities, the area with the highest urban vitality is concentrated in the urban core, with Beijing, Shanghai, and Guangzhou exhibiting a distinct monocentric pattern. The districts of Xicheng and Dong-cheng in Beijing’s urban core have the highest nightlight intensity and, therefore, urban vitality. Its surrounding districts, including Chaoyang, Haidian, and Fengtian, have the second highest urban vitality. Contrary to this, districts in the urban periphery lack urban vitality. Shanghai’s urban core (Jing’An, Huangpu, Hongkou, Changning, Putuo, and Hongkou districts) is home to the city’s areas with the highest urban vitality. The more remote a region is, the lower its urban vitality. Particularly, the Chongming district has the lowest urban vitality in Shanghai. Central districts in Guangzhou, including Tianhe, Yuexiu, Liwan, and Haizhu, have the highest urban vitality. Even though other neighboring districts have lower urban vitality, they have their own vitality hubs. In Shenzhen, the areas with high urban vitality are two districts neighboring HongKong—Futian and Luohu District, while areas on suburban regions—Longgang District, have the lowest urban vitality.




3.2. Heterogenous Spatial Distribution of Beverage Shops


Figure 7 shows the coffee and boba store kernel density maps for the four megacities in 2022, with color classification based on natural breaks (Jenks). There is a noticeable cluster of coffee shops in the central business district (CBD) of the four cities. In Beijing, areas within the fourth ring road are home to the corporate offices of numerous media, technology, and financial organizations. Here, coffee hotspots are grouped together. Shanghai’s coffee shop hotspots are concentrated in the intersections of the Jing’an, Xuhui, and Huangpu districts, where the People’s Square commercial center is located, along with malls, office buildings, and museums. The Tianhe, Yuexiu, and Haizhu districts of Guangzhou are concentrated with coffee shops. The coffee shops are particularly dense in Tianhe CBD, which is where the headquarters of a large firm are located. Most of Shenzhen’s coffee shops are concentrated in the Nanshan, Futian, and Luohu districts, with the Nanshan CBD having the highest density. These areas are home to IT enterprises such as Ali Center and business centers such as Coastal City.



Compared to coffee shops, boba shops have a wider geographic dispersion. Numerous boba clusters can be found across the city, particularly in Guangzhou and Shenzhen. Apart from the Tianhe CBD cluster, Guangzhou’s boba stores are visible in noticeable clusters everywhere else but Nansha District. Similar in Shenzhen, except for Longang District, all other districts in Shenzhen have large and noticeable clusters of boba stores. There are also more clusters of boba shops in Beijing and Shanghai in the areas surrounding the city centers. Overall, the boba shops’ spatial distribution is more extensive than that of coffee shops, but it is less densely concentrated in hot spot locations. In other words, coffee shops are more densely concentrated in city centers, while boba shops are more widely dispersed.




3.3. Beverage Shops and Urban Vitality Represented by NTL


3.3.1. Global Bivariate Spatial Relationship with NTL throughout 2012–2020


We conducted a bivariate Moran’s I analysis between the number of boba or coffee shops and nighttime light (NTL) intensity in Beijing, Shanghai, Guangzhou, and Shenzhen from 2012 to 2020. The larger the coefficient, the stronger the correlation between boba or coffee shop density and NTL intensity, further indicating a stronger association with urban vitality. The results are shown in Figure 8. In Beijing, between 2012 and 2020, coffee shops continuously show a stronger spatial correlation with urban vitality than boba shops. Conversely, in Guangzhou and Shenzhen, boba shops have a stronger spatial correlation with urban vitality than coffee shops (except that in Shenzhen in 2012, the coffee–NTL coefficient was slightly higher than the boba–NTL coefficient). In Shanghai, boba and coffee shops share a similar spatial correlation with urban vitality. From 2012 to 2014, coffee shops and urban vitality were more closely related than boba was. From 2015 to 2018, the tendency was reversed, and from 2019 to 2020, the coffee–NTL coefficient once more outpaced that of boba.




3.3.2. Local Bivariate Spatial Relationship with NTL in 2020


Using bivariate local Moran’s I analysis (LISA), we then looked into the heterogeneity of the spatial association between boba tea shops and coffee shops and nighttime light urban vitality. The results are shown in Figure 9. On a macro scale, the spatial distributions of boba–NTL and coffee–NTL on both LISA maps in every city are similar. The H–H zones (High–High zone, representing places of high boba/coffee density in neighborhoods with places with high nighttime light urban vitality) in all four cities are concentrated in the city centers, where intensive business transactions and activities happen every day, showing that city centers are the places with clusters of both high boba/coffee shop density and nighttime light intensity. L–L zones, which stand for locations with low coffee/boba density and nearby locations with low evening light vitality, tend to cluster in urban peripheral and suburban areas, which often have lower population densities. In Shanghai, for instance, the H–H zones are concentrated in the city’s core, where the Jing’an, Huangpu, Hongkou, Changning, and Xuhui districts are located, but the L–L zones are on Chongming Island, which is on the outskirts of the city. The spatial distribution of H–H and L–L zones is in line with the urban development patterns. Additionally, in four cities, the L–H zones of boba–NTL and coffee–NTL are larger than the H–L zones, demonstrating that neither boba nor coffee businesses are catching the full picture of urban vibrancy symbolized by urban evening light. In contrast, boba and coffee vitality is heavily captured by NTL. This confirms that boba and coffee businesses can serve as a proxy for urban vitality.





3.4. Boba Shops, Coffee Shops and Urban Development


3.4.1. Economic Development


Over the last ten years, we further explored the dynamic spatial relationships between boba and coffee shops growth (2012–2019) and economic growth (2010–2019) for the four sampled cities in China on the basis of bivariate local Moran’s I analysis.



Looking into the local spatial relationship between the expansion of boba and coffee shops and GDP growth within each city (Figure 10, the H–H zones of both coffee growth–GDP growth and boba growth–GDP growth (High–High zone, representing places of high boba/coffee growth with neighbors of places with high GDP growth) are in city centers for all four cities. For instance, both H–H zones of GDP development in Shenzhen are concentrated in the district of Luohu, which borders Hong Kong, and was the earliest developed region in Shenzhen Special Economic Zone, with major commercial and transportation hubs in Shenzhen, such as Dongmen and Renmin South shopping center and Shenzhen Railway Station. Except for Guangzhou, all three cities have more coffee–GDP H–H zones than boba–GDP H–H zones. This finding demonstrates that the four studied cities’ GDP growth is concentrated in the urban core, where coffee shops have likewise expanded and grown. The proliferation of coffee shops is a stronger spatial proxy for urban economic growth than the spread of boba businesses.




3.4.2. Population Growth


Figure 11 shows the emerging hot spot map of boba and coffee shops (2012–2022) and population (2010–2020) for the four megacities. The emerging hot spot map shows the spatial distribution of hot spots and cold spots for the development of certain features over time. Comparing the results of boba and coffee shops, the emerging boba shops are scattered to a broader spatial extent than the coffee shops in all four cities. In terms of hot spot categories, we identified five categories of hot spot: persistent, consecutive, intensifying, new, and sporadic hot spots.



On the one hand, coffee shops have more persistent hot spots than boba shops, meaning that there are more locations in which coffee shops have been consistently identified as hot spots over the past nine years. The persistent hot spots of coffee shops in all four cities all are located in the city centers and city CBDs—central areas within the second ring in Beijing; Lujiazui, the People’s square, and the Bund in Shanghai; Tianhe and Yuexiu business district in Guangzhou; and Nanshan, Futian, and Luohu CBD in Shenzhen. On the other hand, a larger extent and number of hot spots was identified for boba shops, especially in the case of consecutive, sporadic, and new hot spots. This indicates that, compared with coffee, boba is a relatively new phenomenon, but has been gaining more popularity in the recent years. It also indicates that boba shops are more mobile, fluctuating more than coffee shops. Geographically, boba hotspots are dispersed throughout different non-urban districts in addition to the urban center.



The emerging hot spot results regarding population growth are more dispersed than those of coffee shops, but show a similar spatial pattern to that of boba shops. The locations identified as hot spots for population growth are mostly intensifying hot spots, referring to areas in which the density of clusters has increased over time in addition to being statistically significant hot spots for nine years, including the most recent year (2020). In other words, intensifying hot spots are areas in which the population has increased and become more concentrated over the last nine years. The areas with the fastest population growth are not only concentrated in the metropolitan core but can also be found in nearby regions. Overall, boba shop development patterns reflect population increase, suggesting that boba shops are more able to capture the urban vitality brought on by population growth than coffee shops.






4. Discussion


Urban vitality is a complex concept that encompasses multiple levels of urban development, including society, the economy, innovation, population, cultural development, etc. [28]. In this study, we used NTL as a broad gold standard to measure urban vitality and examined which features of urban vitality and development were best represented by the spatial distribution and expansion of coffee and boba shops over the past ten years.



Besides the widely used NTL data, urban vitality is sometimes portrayed via POIs, particularly via those of small catering businesses. However, the majority of prior studies have focused on the broad context of urban vitality, or the concentration of all kinds of human activities at a particular location and moment. For instance, Ye et al. (2017) investigated the general association between urban design and urban vitality using cross-sectional POI data related to small catering firms to represent urban vitality in Shenzhen [10]. Xia et al. (2020) also used small catering businesses as a critical component of urban vitality and explored their spatial relationships with urban land use intensity [97]. Yang et al. (2021) used a Baidu heat map, which was derived from several hundred million mobile application users, to measure urban vitality, and explored the manner in which built environment factors, including POI, land use, and transportation, were related to urban vitality in Shenzhen [45]. In these contexts, urban vitality is mainly measured cross-sectionally, with a focus on the concentration of all human activities, without discussing the specific aspect of urban development they are associated with.



Urban vitality, however, is related to a variety of urban development issues, and its temporal variation is associated with dynamic urban growth. This is a newly developing study theme, with few findings. For instance, Chen et al. (2022) concentrated on the urban innovation component of urban growth and used the quantity of coffee shops to represent urban vitality. Their findings demonstrate that coffee shops’ representation of urban life is favorably related to urban innovation [1]. Our research extends the existing studies by exploring how various small businesses can represent different aspects of urban vitality that drive dynamic urban development over time.



Our empirical findings demonstrate that boba and coffee businesses have diverse geographical distributions and might reflect various facets of urban vitality and development. Where boba stores are distributed more widely within the four cities, coffee businesses are concentrated in the urban core. Beijing’s urban vitality was better captured by coffee shops from 2010 to 2020, whereas Guangzhou and Shenzhen’s urban vitality was better captured by boba shops. A possible explanation behind this phenomenon is that Guangzhou and Shenzhen have a higher proportion of migrant workers compared to Beijing and Shanghai. On the one hand, the Pearl River Delta (PRD), where Guangzhou and Shenzhen are situated, has drawn a significant number of relocated low-skilled and low-value-added industries, especially the manufacturing industry, from developed regions. These industries have since absorbed significant numbers of migrant workers from rural areas, fueling rapid urban growth [98]. Although the PRD wants to move these low-skilled industries to other areas, migrant workers have historically been drawn to and integrated into city life. On the other hand, Beijing and Shanghai were the country’s political and economic hubs and top cities long before the People’s Republic of China was founded, and had access to the best financial and educational resources in the nation. Beijing and Shanghai are therefore less inclusive than Guangzhou and Shenzhen due to higher living costs and more demanding entry requirements. The relationship between boba/coffee shops and urban vitality thus reflects this disparity. In China, coffee is mostly consumed by middle-class consumers, and it is seen as a rather high-end product and a symbol of a high-quality lifestyle [99]. A cup of Starbucks coffee typically costs around CNY 35 in China, whereas the price of a cup of boba varies from CNY 5 to 30. As a result, boba drinks appeal to a wider spectrum of consumers, including young college students and low-wage migrant workers.



The findings are consistent across the four megacities in terms of the relationship between the spread of coffee and boba shops and the economic and population aspects of urban development. The expansion of coffee shops has a stronger spatial correlation with GDP development, while expansion of boba shops has a greater spatial association with population growth. Given that they cater mostly to middle-class consumers who are likely to be high-skilled white-collar workers, expansion of coffee shops is concentrated in metropolitan CBDs, which act as cities’ economic growth engines. Meanwhile, boba shops are starting to appear in other non-CBD neighborhoods in which urban residents live and work.



This study contributes to existing research in the following respects. First, our study extends the usage of NTL in urban vitality analysis. Second, to the best of our knowledge, the study is one of the first to examine the spatial relationship between boba shops and urban vitality, bringing boba shops into the urban vitality and urban development discussion. Third, it expands on previous research that has used all kinds of POI to represent urban vitality globally and looked creatively at the diverse urban vitality and development represented by coffee and boba shops. Lastly, this study examined urban vitality and growth in a dynamic and evolving fashion across time, and it analyzed the manner in which it symbolizes various facets of urban development, rather than perceiving it as a static phenomenon.



However, the study has certain limitations that can be improved upon in the future. First, we used nighttime light as a proxy for urban vitality. Although it has been used to represent urban vitality in multiple previous studies, we acknowledge its limitations. Despite the high geographic stability and impartiality of NTL data, light spillover effects can prevent it from accurately reflecting human activity in metropolitan areas [100,101]. In addition, even with oversaturation correction, it is undeniable that the identification of places such as industrial zones, power plants, and airports on the basis of NTL data may be biased towards high-urban-vitality zones when they are actually low-urban-vitality zones, as few human activities happen there. Future studies could consider the use of data fusion techniques to address the illusion of urban vitality introduced by NTL [102]. Or manually exclude these regions. Second, we have some concerns on the POI data quality. Being a navigation-based tool, Amap attempts to record as many POIs as possible, and it includes a time lag for eliminating closed businesses. As a result, there may be years where businesses are listed as being operational in Amap but are closed in reality. Although we performed a rigorous data cleaning and deduplication process prior to the analysis, we acknowledge the limitation of lagged removal of businesses in the original dataset. Third, although we aimed to compare different sources of data in the same year or the same period of time, there are still some year inconsistencies. For example, we compared the shop growth during 2012–2019 to GDP growth during 2010–2019. Although the general development trend should be consistent, we acknowledge that there is a 2-year difference. Fourth, considering that the GDP and population kilometer grid data was interpolated from the county-level data using land use categories, nighttime light, residential density, and other factors, the GDP and population gridded data is not completely independent of the nighttime light data. However, considering the spatial similarity among places with high GDP, population, and nighttime light intensity, such as CBD, this dependency is expected to affect the result trivially. Fifth, with a more extended dataset, we plan to carry out analyses covering a longer time period since the 1990s in future study.




5. Conclusions


To investigate the spatial distribution of boba and coffee shops and their dynamic spatial relationship with urban vitality and development in four Chinese megacities, we conducted kernel density estimation, bivariate Moran’s I analysis, and emerging hot spot analysis on longitudinal POI data on boba and coffee shops (2012–2022), urban nighttime light data (2010–2020), kilometer spatial grid data on GDP (2010, 2014, and 2019), and population (2010–2020). We found the following:




	(1)

	
The urban vitality indicated by NTL is highly concentrated in urban centers, regions with the most intense economic activities, and coffee shops have a similar spatial distribution, while boba shops have a larger spatial extent in urban peripheries.




	(2)

	
Both boba and coffee shops can represent urban vitality. In Beijing, a political and educational hub teeming with high talent, the spatial distribution of coffee shops better captures urban vitality than boba shops, while in Guangzhou and Shenzhen, cities with a high proportion of migrant workers, boba shops better capture urban vitality than coffee shops.




	(3)

	
Within the four megacities, the spatial expansion of coffee shops during the past ten years corresponds to locations with the most intense economic growth, whereas the spatial expansion of boba shops corresponds to places with a rapid population rise.









This study extends the existing research by dynamically looking into different aspects of urban vitality and development instead of discussing urban vitality in a broad context and from a static perspective. By investigating and comparing the heterogenous urban vitality and development implications from the expansion of boba and coffee shops, we provide new insights, placing the focus on different aspects of urban vitality and development in future study. Based on these study results, future urban planners and geographers will be able to choose indicators accordingly in order to measure the various aspects of urban vitality and urban development.
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Figure 1. Research framework. 






Figure 1. Research framework.
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Figure 2. Location of the study areas. 
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Figure 3. The workflow of bivariate Moran’s I analysis for four cities in China. 
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Figure 4. The working process of emerging hot spot analysis. 
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Figure 5. Research workflow. 
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Figure 6. Nighttime image of Beijing, Shanghai, Guangzhou, and Shenzhen in 2020 (the higher the value the brighter the nightlight). 
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Figure 7. Kernel density maps of coffee and boba shops in 2022 in Beijing, Shanghai, Guangzhou, and Shenzhen (from top to bottom). 
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Figure 8. Global bivariate Moran’s I coefficient between boba/coffee shops and NTL intensity (urban vitality) in Beijing, Shanghai, Guangzhou, Shenzhen. 
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Figure 9. Maps of local indicator of spatial associations (LISA) between expansion of boba tea shops or coffee shops and nighttime urban vitality for four cities in China in 2020. 
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Figure 10. Maps of local indicators of spatial associations (LISA) between expansion of boba tea shops or coffee shops (2012–2019) and GDP (2010–2019) in four cities in China. 
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Figure 11. Emerging hot spot analysis results for population from 2010 to 2020 in four cities. 
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Table 1. POI data cleaning process.






Table 1. POI data cleaning process.










	Data Cleaning Step
	Detail
	Total Number of Entries Dropped and Retained (across Four Cities from 2012 to 2022)





	Step 1:

Deduplication
	Within same year and same city, an entry is considered a duplication if:

	-

	
They are the same in name, telephone number, and coordinates;






Or

	-

	
They have the same POI ID;






Or

	-

	
They are similar in coordinates (within 0.001 marginal difference) and have a similar name (the first two Chinese characters are the same, and 80% of the shop name is the same), and do not have a Chinese character for a number from two to five in the shop name. (For example, there are cases where there are multiple shops of the same brand in one shopping mall called, e.g., Starbucks number two and Starbucks number three).






	1793 dropped

270,366 retained



	Step 2:

Excluding non boba drink shops
	A shop is not considered a boba tea shop if it has ‘herbal tea’, ‘corn juice’, ‘ice cream’, and ‘wholesale’ indicated in the shop name.
	20,187 dropped

250,179 retained
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Table 2. Number of boba and coffee shops captured per year by city.
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Year

	
Boba Tea Shop

	
Coffee Shop




	

	
Beijing

	
Shanghai

	
Guangzhou

	
Shenzhen

	
Beijing

	
Shanghai

	
Guangzhou

	
Shenzhen






	
2012

	
257

	
600

	
472

	
230

	
1185

	
1444

	
470

	
456




	
2013

	
253

	
720

	
473

	
234

	
1177

	
1564

	
475

	
461




	
2014

	
940

	
1103

	
1183

	
1183

	
1623

	
1907

	
752

	
659




	
2015

	
1871

	
4436

	
4195

	
4125

	
4024

	
5933

	
2464

	
2176




	
2016

	
1870

	
4423

	
4184

	
4117

	
4021

	
5923

	
2453

	
2175




	
2017

	
1987

	
5622

	
5324

	
4739

	
3801

	
5839

	
2381

	
2181




	
2018

	
1769

	
6502

	
6037

	
4185

	
3151

	
4986

	
2086

	
1920




	
2019

	
1532

	
3082

	
3940

	
2589

	
2682

	
4103

	
1753

	
1073




	
2020

	
1298

	
4428

	
4193

	
3633

	
2181

	
3499

	
1352

	
1279




	
2021

	
3256

	
5059

	
8098

	
6548

	
3004

	
5569

	
2438

	
2391




	
2022

	
3337

	
4576

	
8181

	
2497

	
2856

	
5071

	
2593

	
1367
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Table 3. Description and source of analyzed data.
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	Analyzed Data
	Spatial Resolution
	Data Source
	Covered Time Period





	NPP/VIIRS nighttime light
	1 km × 1 km
	Earth observation group: https://eogdata.mines.edu/products/vnl/#monthly (accessed on 1 August 2022)
	2012–2020



	Coffee and boba shop POI
	-
	Amap: www.amap.com (accessed on 1 August 2022)
	2012–2022



	Kilometer Spatial Grid Data—GDP
	1 km × 1 km
	Resource and environmental science and data center: https://www.resdc.cn/DOI/doi.aspx?DOIid=33&WebShieldDRSessionVerify=4lU6OJ7MEbbxzEYFudbY (accessed on 1 August 2022)
	2010, 2015, 2019



	Kilometer Spatial Grid Data—Population
	1 km × 1 km
	Resource and environmental science and data center: https://www.resdc.cn/DOI/doi.aspx?DOIid=32&WebShieldDRSessionVerify=2ugwETj6fQQDlCLgDoga (accessed on 1 August 2022)
	2010–2020
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