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Abstract

:

Urban green space has significant social, ecological, cultural and economic value. This study uses social media data to examine the spatiotemporal utilization of major parks in Shanghai and explore the determinants of their recreational attraction. Methods: Based on microblog check-in data between 2012 and 2018 across 17 parks in Shanghai, we investigated the patterns at different temporal scales (weekly, seasonal and annual) and across workdays and weekends by using log-linear regression models. Results: Our findings indicate that both internal and external factors affect park utilization. In particular, the presence of sports facilities significantly contributes to higher visit frequency. Factors such as the number of subway stations nearby, scenic quality and popularity have a positive impact on check-in numbers, while negative factors affecting park use are number of roads, ticket price and average surrounding housing price. Across different temporal scales, the use patterns of visitors have obvious seasonal and monthly tendencies, and the differences of workday and weekend models lie in external factors’ impacts. Conclusions: In order to achieve the goal of better serving the visitors, renewal of urban green spaces in megacities should consider these influential factors, increase sports facilities, subway stations nearby and improve scenic quality, popularity and water quality. This study on spatiotemporal utilization of urban parks can help enhance comprehensive functions of urban parks and be helpful for urban renewal strategies.
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1. Introduction


Urban green space plays a crucial role in urban residents’ leisure and recreational activities [1]. Services provided by urban green space contribute to both physical and mental health of park users [2,3,4], enhance the value of surrounding real property [5] and mitigate the effect of urban heat islands [6,7]. For megacities such as Shanghai, there are few opportunities to create new urban green space in its core urban area due to high building density. In order to maximize the benefits of urban green space, it is crucial for urban planners and decision makers to improve the existing parks to better serve citizens and encourage park utilization. To achieve this goal, it is necessary to understand the current situation of park utilization and its determinants.



Previous studies have taken both qualitative and quantitative approaches to investigate urban green space utilization. Qualitative studies such as interviews, observations and records often involve purposeful sampling of participants and settings [2] and convert the interpretations from language and actions to data and conclusions. Surveys are the most popular approach used in quantitative studies to acquire park use data [8,9]. A combination of behavior mapping and GIS (Geographic Information System) techniques can be used to help generate park use patterns by using spatial analysis and visualization [10]. These methods can be used for in-depth evaluation of recreation space, recreation type and behavior in urban parks. Senetra et al. (2018) analyzed spatial distribution, influence and quality of urban green space, finding that green spaces were unevenly distributed and not all residents have equal access to high-quality public greens [11]. However, it is difficult to conduct comprehensive evaluation of multiple urban parks at a broader scale due to intensive labor requirements and the short time span of the survey data.



Based on findings from previous studies, major factors that influence urban green space utilization include both internal and external characteristics of the parks. The internal characteristics of urban parks reflect the quality of parks, which is related to the planning and design, construction quality and maintenance management of parks. A review study by McCormack et al. (2010) indicates that safety, aesthetics, amenities and maintenance are important for encouraging park use. Several studies found that well-designed public open space can promote physical activity in the community and may contribute to the health of local residents [10,12]. Research has shown that the quality of paths in parks, the allocation of infrastructure, the proportion of water in green space and the surrounding environment, among many other factors, have impacts on the population’s physical activity. Meanwhile, aesthetic value, safety and other indicators also have positive impacts [13,14]. Besenyi et al.’s research has shown that there is a positive correlation between the environmental elements of urban parks and residents’ outdoor physical exercise; that is, parks and green spaces that are high quality of larger scales have a positive impact on people’s physical activity [8].



The external factors of a park are mainly related to the location, traffic convenience, economic development status and population density as well as land use types in the surrounding areas. Accessibility of parks is a very influential determinant [2]. Besenyi et al., based on an online survey, concluded that higher accessibility would encourage people to engage in physical activity [8]. Research has shown perceptions of park availability and usage by friends are associated with greater park use [8]. Few studies have reported on the impact of external factors of parks use in addition to accessibility; however, subjective outdoor thermal comfort has been found to impact urban park utilization in Hong Kong [15].



Over the past decade, a considerable amount of data on peoples’ location and movement have been collected due to mobile communication devices, position perception technologies and social media. Social media data are widely used, including that from platforms such as Twitter [16,17], Foursquare, Sina microblog [18,19,20], Flickr [21] and Panoramio [22]. Compared with data obtained through surveys, digital data include the advantage of having a larger amount of information that is highly accurate and richer. This provides opportunities for innovation in urban research. Existing studies have identified the practical significance of using social media data analysis in urban residents’ activities. Social media data can be used as a valuable data source for urban space research and analysis of residents’ activities and, thus, address shortcomings such as small sample size and short time span in survey research.



Recent research conducted spatiotemporal analysis on urban park recreation verified the feasibility of using Big Data. Most relevant applications of social media data mainly explore the spatial pattern of urban residents’ gathering, dispersion and flow relating with time, space, activities and several other aspects [23,24]. The applications of social media data in urban areas are mainly based on GIS platforms, using cluster analysis, kernel density analysis and other spatial analysis and calculation methods to identify the spatial structure and characteristics [25]. The hourly real-time Tencent user density (RTUD) data from social media are used to analyze the spatiotemporal distribution of urban park users in the study by Chen et al., and the factors that may be associated with the user density in urban parks were studied by a group of linear regression models in Shenzhen, China [5]. Roberts proposed a method of crowdsourcing in urban green space using Twitter data and identified the events in urban green space that bring cultural benefits, such as individual and community identity, as well as cultural activities participation [26]. In Spain, popular public spaces in the urban fabric of the city of Murcia were studied, with data sources from Foursquare and Twitter [27]. Roberts et al. used Twitter data to assess the variance of physical activity engagement between summer and winter seasons [28]. Another study analyzed mobile phone data derived from 10 million daily active users to explore spatiotemporal activity patterns of users in Central Park, New York, USA, and found that regions with established amenities and points of interest demonstrate a higher record of shared experience [29].



However, most previous social media studies focused on spatiotemporal analysis and city-scale issues rather than exploring the determinants of urban parks utilization. Using social media data, this paper explores the determinants of urban park utilization. Based on our findings, we propose optimization countermeasures, suggestions for the planning and design of the parks in terms of each determinant and the advantages and shortcomings of social media data in research of urban public space service functions.



The purpose of this study is to take advantage of social media data to indicate the internal and external characteristic influencing factors of urban parks on park utilization. Based on the interactive relationship between recreation space and environmental behavior, influencing factors of the use of public green space in a high-density metropolis can be identified. This puts forward the corresponding urban renewal optimization countermeasures, which also has reference significance for planning and design of urban green space in other megacities.




2. Materials and Methods


2.1. Study Area


In 2020, Shanghai had a total population of 24 million, and the per capita area of park green space was 8.5 square meters. Urban public green space is a scarce commodity in the high-density urban center of Shanghai. There are at least 2–5 comprehensive parks in each administration district, which mainly serve the residents of the district and attract visitors from other districts as well. These parks generally cover an area of more than 5 hectares and have a large number of visitors. They have very important social, ecological and recreational services. Previous studies related to urban green spaces focused on spatial layout and accessibility [8]. However, the urban layout of Shanghai has been basically stable and green space is in the stage of slow growth. We should review green spaces from the perspective of urban renewal and micro design. Social media data provide a wide range and high amount of data for the study of public space in a high-density metropolis such as Shanghai and help to scientifically analyze the influencing factors of urban park green space use.



In this research, we studied the central area of Shanghai, China. According to the “Master Urban Planning of Shanghai,” the central area of Shanghai is within the outer ring road, with an area of about 660 square kilometers (as shown in Figure 1, including Zone 1 to Zone 8, and Table 1).



Using the “Regulations on Administration of Parks in Shanghai,” “Guidance on the Implementation of Classification and Grading of Urban Parks in Shanghai (trial)” and “Classification Standards of Urban Green Space (by central government),” we assessed the urban parks in the central area of Shanghai from 3 aspects, namely park type, park area and park influence. For park type, we chose comprehensive parks rather than rural parks; for park area, most of parks we chose had an area large than 5 ha; and for park influence, parks with diverse facilities for recreation and with a certain number of user in terms of microblog check-in data were used. We then identified 17 comprehensive parks as our research subjects (Figure 2).




2.2. Selection of Dependent Variable


Sina microblog is one of the social network platforms with the largest number of users in China. According to the 2017 microblog user development report released by the microblog data center, the number of monthly active users on the microblog totaled at 376 million as of September 2017 (https://data.weibo.com/report/reportDetail?id=404, last accessed date (10 December 2021)). The check-ins in the microblog are used as dependent variable and completely records the relevant contents, including geographic information (latitude and longitude coordinates), time, texts and sex of microblog users, reflecting part of the spatiotemporal behavior of users in the city. From the texts of microblog users, it can be found that most of them visited parks for recreation, socialization and relaxation.




2.3. Data Collection


This paper uses Sina microblog check-in data (from the time period 1 January 2012 to 30 June 2018), obtained through the Sina microblog API (Application Programming Interface Application Data Interface); Shanghai downtown comprehensive park data and house price transaction data used in this study were obtained by using web crawler; Shanghai administrative boundary and Shanghai central comprehensive parks data were from the official website of Shanghai Greening and Urban Management Bureau. Parks are classified into two-star, three-star, four-star and five-star by Shanghai Greening and Appearance Bureau, which is the meaning of Park Ranking in Table 1. Number of Sports Venues was counted as number of sports and fitness venues in each park, including trails, basketball courts, tennis courts, football courts and other sports venues (1 point per item). Popularity is the average number of internet users searching park names by using Baidu over a certain period of time. Scores of Scenic Quality given for the landscape effect of the comprehensive park can be divided into 5 levels: extremely poor (1 point), poor (2 points), general (3 points), good (4 points) and great (5 points). Water area (ha) means the area of water bodies in each park. Green Coverage Ratio (%) means the vertical projection area of vegetation in each park.



Quantification of Variables


A total of 13 independent variables were selected to quantify the check-ins. Summary statistics of the variables are included in Table 2.





2.4. Research Design


In this study, we collected 214,068 Sina microblog check-in points in 17 comprehensive parks of central Shanghai from 2012 to 2018, among which 210,993 of points are valid (removing those with missing values). Workday and weekend data are separately analyzed to determine differences of park utilization.



The spatiotemporal distribution of microblog checked-ins were analyzed at various temporal scales, such as annual, monthly and intra-day scales, to help identify potential determinants of park use. The spatial and vector data in 17 studied comprehensive parks, the geographic coordinate information in the Sina microblog check-ins and the data on road density, public transportation number and housing price around the parks were input into GIS 10.6 and analyzed by using spatial analysis methods.



In this study, Sina microblog check-ins in comprehensive parks were used as the quantitative indicator of park use, while green coverage ratios, ticket price, area of park, area of water, popularity (Baidu Index), number of bus stations, average housing prices, area of commercial lands, scenic quality, parking ranking, number of sports venues and number of roads were used as the independent variables for analysis with multivariate regression models.



The urban parks utilization data were classified into weekday use data and weekend use data, and the check-ins were divided into yearly, seasonal and monthly groups, which served as the dependent variables of the subsequent stepwise regression model.




2.5. Model Selection


In this study, four linear regression models were considered, which included linear form, logarithmic form, logarithmic linear form and semi-logarithmic form, with the selected variables to test which is the most suitable model. Since some independent variables were coded to have a value of 0 to 1, only linear form and log-linear form were tested. Table 3 indicates that the log-linear model has the highest degree of fitting and the strongest explanatory power. Therefore, log-linear regression was chosen to carry out the multivariate linear regression analysis of comprehensive parks utilization.



Dummy Variables


From descriptive spatiotemporal distribution of visitors’ analysis, we found that year, season and month contributed to the total check-ins of visitors to comprehensive parks. Therefore, dummy variables were created to identify the influences by yearly, seasonal and monthly factors.






3. Results


Table 4 shows yearly, seasonal and monthly regression results of comprehensive park utilization models using Microblog check-ins from 2012 to 2018.



3.1. Yearly Comprehensive Park Utilization Model Results


A total of 102 independent variables were calculated in the yearly comprehensive park utilization model. The correlation coefficient R is 0.777, the judgment coefficient R2 is 0.604 and the adjusted R2 is 0.558.



According to Table 4, the most influential determinant is the number of sports venues, followed by average housing price, number of roads, area of commercial lands, number of subway stations and area of water. The regression results shows that yearly average check-ins will increase 124% for every increase in the number of sports venues; with every CNY 1000 increase in average house price around the parks, park utilization will increase 4.8%. For each hectare increase in commercial land area, the check-ins will increase 2.3%. For every one station increase in the number of subway stations, park use will increase by 69%. Regarding negative impacts, one more road around the park will contribute to a 6.2% decrease in check-ins, and a per hectare water area increase will result in a 3.5% decrease in park use.



In the yearly workday and weekend models, variables such as the number of sports venues, average housing price and area of commercial land had positive influences on check-ins, while the number of roads had negative impacts.




3.2. Seasonal Comprehensive Park Utilization Model Results


For the seasonal comprehensive park usage model, correlation coefficient R was 0.818, the judgment coefficient R2 was 0.669 and the adjusted R2 was 0.656.



According to Table 4, seasonal check-ins will increase by 139% for every increase in the number of sports venues. With every CNY 1000 increase in average house price around the park, check-ins will increase by 9.2%, and for each hectare increase in commercial property, park use will increase by 5.1%. With every one increase in the number of metro stations, check-ins will increase by 91%. A 0.01 increase in scenic quality was associated with an 8.62% increase in check-ins. In contrast, some studied variables had negative impacts: One more road in the area around the park will cause a 7.7% decrease in check-in numbers. Ticket price also has a negative influence on park use, with a 40.5% decrease per CNY increase, and every bus station contributes to a 49% decrease in check-ins. Furthermore, seasonality is a factor in check-ins, with summer and winter having fewer negative effects on check-ins.



For seasonal workday and weekend models, determinants such as number of sports venues, park ranking, Baidu Index, scenic quality and number of subway stations all have positive influences on park use, while the number of roads and green coverage ratio induce negative impacts. In addition, spring and autumn are positive for check-ins in the workday model, and summer and winter seasons are negative for park use in the weekend model. Average housing price is positive in the workday model, and area of commercial lands is positive in the weekend model.




3.3. Monthly Comprehensive Park Utilization Model Results


After removing outliers, a total of 1320 observations were used in the monthly comprehensive park utilization models. The correlation coefficient R was 0.840, the judgment coefficient R2 was 0.705 and the adjusted R2 was 0.699.



The regression results show that monthly microblog check-ins will increase 486% for every increase in the number of sports venues. With each hectare increase in commercial land area, park utilization will increase by 1.1%, and every one increase in the number of Metro stations, park use will increase by 448%. The check-ins with a 0.01 increase in scenic quality will increase by 14.11% more and a value of 0.01 increases in park ranking will contribute to 5.33% more check-ins. The check-ins will increase by 1.2% with each increase in Baidu Index; every bus station brings a 41.9% decrease in park utilization. For negative impacts, one additional road around the park will cause a 25.7% decrease in check-ins, and each hectare increase in water area will result in a 72.8% decrease in park use. Ticket price also has a negative influence on check-ins with a 32.4% decrease for CNY 1 increase. Lastly for every CNY 1000 increase in average house price around the parks, the check-ins will decrease by 2.7%.



Monthly workday and weekend models indicate that variables such as the number of sports venues, park ranking, scenic quality, Baidu Index, number of bus stations, number of subway stations and month have positive influences on park use, while ticket price, area of water and number of roads have negative impacts. In addition, spring and autumn were found to be correlated with park use in the workday model, while summer and winter seasons were correlated with use in the weekend model. Average housing price had a positive correlation in the workday model, while the green coverage ratio had a negative correlation. Area of commercial lands had a positive correlation in the weekend model.




3.4. Daily Comprehensive Park Utilization Model Results


According to Figure 3, the time of 1:00–6:00 a.m. is the sleeping time. Numbers of visitors to comprehensive parks increases from 7:00 a.m. to 23:00 p.m. and peaks around 14:00–15:00 p.m., followed by another small check-in peak from 19:00 to 21:00 p.m.



The comparison of check-in time between weekdays and weekends is shown in Figure 4. The graphs indicate that recreational time for visitors was generally between 9:00 and 21:00. The check-in peak on weekdays appeared at 19:00, while the peak on weekends was around 15:00, and the number of average daily visitors on weekends significantly increased compared with that on weekdays.





4. Discussion


Both internal and external factors of urban parks play significant roles in determining park utilization. The number of sports venues is the most influential determinant, followed by the number of subway stations, scenic quality, park ranking, Baidu Index, number of bus stations and area of commercial lands. Factors with the most negative influence on park check-ins are number of roads, area of water, ticket price and average housing price. Seasons, such as spring and autumn, had a positive influence on park use, while check-ins during January and February decreased.



Number of sport venues is the most influential element and had a positive impact on check-ins, while number of roads adjacent to the park had the most negative impact. The demand for sports venues is in line with the health motivation of visitors. The more sports venues there are, the more attractive urban green space will be to visitors.



In general, the number of subway stations, the area of commercial zones and the average housing price were associated with more urban parks utilization. The number of subway stations makes parks more accessible. A larger area of commercial lands around the park creates more attractions for visitors’ recreation. This type of mixed land use has been used more for adapted land use planning in recent years and is viewed as a healthier and dynamic land use pattern [30]. At present, conventional commercial facilities, such as restaurants, teahouses, bookstores and snack shops, in parks are insufficient to meet the needs of park visitors, and the commercial office space around the park can make up for this defect. A large number of studies have shown that urban parks have a value-added effect on housing prices [31]. Housing close to urban parks with high access to green space and scenery is more expensive. Dunse et al. (2007) quantified the economic benefits of open space on households in Aberdeen, Scotland, and confirmed the positive influence of public parks on housing price [32]. Therefore, urban parks attract urban residents to gather while simultaneously promoting the value of the surrounding property.



The size of the park is not statistically significant, and the area of water is not always significant; if it is, its impact is negative. Previous studies believe that visitors prefer an urban green space with water body to spaces without any water elements [13,33]. Data from this study indicate that it having more water does not result in more utilization. There are two probable reasons: (1) more water means less space for other use or a large area of water separating the use of the park; (2) water quality is another consideration. The decline in water quality in urban parks in Shanghai [34] may result in less utilization, which is consistent with the study in London [35]. There is a correlation between a park’s area and water area and check-ins and, more specifically, in the internal diversity of sites, infrastructure diversity and spatial diversity [11,36].



For seasonal and monthly models, additional variables had influences. Scenic quality always plays an important positive role; park ranking and Baidu Index have positive functions as well, while ticket price and green coverage ratio have a negative effect on attendance. The variable “scenic quality” properly reflects the quantitative relationship with recreational attraction; it had a positive effect on park use. Previous research indicates that landscape naturalness, landscape characteristics, plant collocation and plant richness are all related to aesthetic degree [37]. Therefore, the aesthetic design of the landscape should pay more attention to the visual attraction of the site in order to optimize visitor satisfaction.



Park rankings are related to management quality. The results of Gui (2016) proposed that Shanghai residents place more value on the number of recreational spaces and facilities, the degree of maintenance of the facilities, environmental quality and the functional complexity of recreational space [38]. Urban residents have certain requirements for the management quality of parks, and park rankings help to summarize this management quality. The cost of park tickets is an obstacle to visitors’ recreation. Zeng (2015) studied visitor data released by the Shanghai Municipal Administration of Greening and Appearance, and the findings suggest that the rapid growth of the number of visitors after parks offered free admission increased the difficulty of park management. Thus, there is still a balance to be considered on park admission fees.



For seasonal and monthly models, spring and autumn exerted positive influences on the workday model, while summer and winter caused negative influences. This result is consistent with simple descriptive spatiotemporal distribution analysis; that is, visitors prefer to attend parks in the spring and autumn seasons when the weather is nice. For the monthly models, October was found to have a significant positive influence, which is also reasonable because of the National Holiday in China and typically nice weather. The weather in spring and autumn is suitable for recreation, and autumn coincides with the National Day holiday, resulting in higher check-ins; therefore, outstanding seasonal features and improvements to summer and winter landscapes in urban parks may help balance park utilization.



In terms of the seasonal and monthly workday models, spring, autumn seasons and October showed positive influences on check-ins. According to the seasonal and monthly weekends models, the area of commercial land is significant and positive; summer and winter exert negative influences; and for the monthly weekend model, March, October and December are positive. On workdays, nice weather has a significant positive effect on park visitation. The number of bus stations is also important. During weekends, bad weather has significant negative effects, and the area of commercial lands is important. Therefore, we conclude that the differences of workday and weekend models lie in external factors, and the surrounding commercial conditions and good weather are important for park weekend utilization.



Regarding monthly characteristics of visitors’ use in comprehensive parks, the peak is in October, which may be related to the impact of collective travel of urban residents during the National Day Golden Week. The check-ins are typically the highest in autumn, leading us to the suggestion that autumn has suitable weather and coincides with the National Day holiday, when people have more leisure time to spend in parks. The climate conditions during spring and autumn encourage park use, while winter and summer have fewer ideal conditions and limit visitors.



Daily analysis provides some interesting findings regarding visitors’ behaviors. More people chose to visit the park in the afternoon, and some people visited parks after dinner (Figure 4). Check-ins at 12:00 and 18:00 formed two troughs, indicating that parks have fewer visitors during lunch and dinner hours. We also find that visiting time tendencies are predictable. Restricted by work, the leisure time of visitors is constrained. Overall, park recreation time is concentrated on weekends and golden week holidays. The average number of visitors on weekends is nearly twice compared with that of weekdays. The peak of park use on weekdays is at 19:00 after dinner, and the peak of recreation on weekends is around 15:00 p.m. On weekends, visitors have a higher demand for the recreational landscape environments.



An interesting finding is that the intraday check-in curve of Shanghai Expo Park is significantly different from that of other parks (Figure 3). Check-ins to the park were mainly distributed between 16:00 and 23:00 p.m. because Shanghai Expo Park often holds outdoor activities, such as the Strawberry Music Festival, Jazz Festival and Shanghai Magic Lantern Carnival, which attracts a large number of people from inside and outside Shanghai. As a result, the park had a low local visitor rate.



Social media use is growing fast with technological innovation and subsequent data collection. These large, efficient and growing datasets bring massive information to researchers, which help to inspire research questions and methods. Spatiotemporal datasets from social media allow researchers to study travel behaviors, assess location characteristics, identify tourist spots, assess attractiveness and reveal land use patterns via approaches that were impossible with traditional methods of data collection [39]. In this study, social media data, such as Microblog check-ins, provide researchers a large volume data to analyze yearly, seasonal, monthly and daily utilization situations for several parks in Shanghai, which is difficult to fulfill by using traditional questionnaires and observation methods. It is believed that social media data benefit spatiotemporal studies, especially when the studies include more than one location.



However, it is important to keep in mind the shortcomings of social media. First, the location information may not be exact, resulting in incorrect locational check-ins, especially for the check-ins at the boundary of different land use types. Second, social media users are not evenly distributed between socioeconomic and demographic groups. For instance, Microblog users comprise mostly younger generations; thus, children and the elderly may be excluded from the study. Third, compared to traditional methods such as questionnaires and interviews, it is hard to obtain personal and subjective views from social media data. Ries et al. (2009) indicated that efforts to promote park use should increase awareness of park availability, improve perceptions of park quality and utilize social networks [9]. Social media data are lacking on the “awareness” part. Fourth, social media data generate results on overall trend or patterns while ignoring individual differences. Qualitative methods (e.g., in-depth individual interviews, focus group interviews, direct observation and participant observation) rely heavily on interpretations from participant language and actions and involve purposeful sampling of participants and settings. The contextualization in qualitative research helps to show such individual attributes. Data such as the Baidu vocabulary cloud may help overcome this weakness. Qualitative research may also be less amenable to standardized research procedures and more difficult to synthesize.




5. Conclusions


Urban parks are essential to the wellbeing of humans and are important places for the public to interact with nature. The use of urban parks is a dynamic process. For a single space, various activities may take place in different times of day, month, season and year. Exploring the determinants of urban parks utilization is helpful for improving the renewal strategy of urban parks, providing elastic space design schemes, promoting citizens’ recreation, improving public physical and mental health and encouraging comprehensive benefits of urban parks. The use of new technique, new data and new analysis methods provide guidance for future renewal planning of urban parks, transportation and land use. The proposed methodology can be applied in similar high-density urban areas all over the world to enhance social, ecological, cultural and economic service functions of urban parks.



This study explores the determinants of urban parks utilization using microblog check-in data. Logarithmic linear regression models are constructed based on social media data, park basic data and social life data. Taking 17 comprehensive parks in central Shanghai as the research objects, this paper examines determinants affecting park utilization and puts forward corresponding optimization countermeasures from design and planning perspectives based on the results from regression models.



Our findings suggest that spring and autumn are peak seasons, while summer and winter are slack seasons. Seasonal climate has an apparent impact on park utilization. The frequency of visitors’ park recreational activities is high in spring and autumn and low in summer and winter. When planning and designing recreational space for visitors, more emphasis should be placed on the design of various green outdoor recreational spaces, and the planning and allocation of sufficient recreational facilities to satisfy the peak demands.



Regarding the determinants of urban parks utilization, we find that both internal and external factors of parks contribute to urban park utilization. Participation in physical exercise is in high demand by visitors as a result of the social advocacy for a healthy life. In addition to sports venues, more elastic spaces should be designed to encourage diverse healthy activities, such as square dancing, Tai Chi, walking and even sitting. In addition, the inner quality of a park should be improved by adding attractive views such as water bodies, thoughtfully arranged plant scenes, comfortable sitting areas and social events in order to make parks more popular and improve their ranking. For external factors, we suggest enhancing surrounding transportation facilities and promoting mixed land use (residential areas, parks, commercial areas, other public service lands, etc.) for better urban parks utilization. Breaking the boundary between the city and parks, as well as increasing subway stations and bus stations to parks, can make parks more accessible and perceived as nice choices.
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Figure 1. Scope of Central Shanghai. 
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Figure 2. Distribution of 17 comprehensive parks in central Shanghai. 
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Figure 3. Intraday distributions of check-in data. 
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Figure 4. Cumulative daily check-ins in comprehensive parks from 2012 to 2018. (a) Cummulative check-ins; (b) Average daily check-ins. 
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Table 1. List of 17 comprehensive parks in downtown Shanghai.
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No.

	
District

	
Park Name

	
Opening Time

	
Area (ha)

	
Park Ranking

	
Number of Sports Venues

	
Popularity

	
Scenic Quality

	
Water Area (ha)

	
Green Coverage Ratio (%)






	
1

	
Changning

	
Zhongshan Park

	
1914

	
21.42

	
4

	
1

	
378

	
4.4

	
1.22

	
91




	
2

	
Tian Shan Park

	
1959

	
6.80

	
4

	
1

	
-

	
4.3

	
1.67

	
75




	
3

	
Hongkou

	
Luxun’s Park

	
1896

	
28.63

	
4

	
2

	
332

	
4.4

	
3.00

	
85




	
4

	
Peace Park

	
1958

	
16.34

	
3

	
1

	
-

	
4.5

	
1.80

	
85




	
5

	
Huangpu

	
People’s Park

	
1952

	
10.00

	
4

	
1

	
495

	
4.4

	
0.08

	
90




	
6

	
Fuxing Park

	
1909

	
8.89

	
4

	
0

	
217

	
4.5

	
0.30

	
88




	
7

	
Jing’an

	
Jing’an Park

	
1955

	
3.36

	
5

	
0

	
158

	
4.4

	
0.09

	
90




	
8

	
Daning Lingshi Park

	
2002

	
68.00

	
3

	
2

	
323

	
4.6

	
7.08

	
85




	
9

	
Zhabei Park

	
1946

	
6.67

	
4

	
1

	
166

	
4.3

	
0.80

	
85




	
10

	
Pudong

	
Century Park

	
1997

	
140.30

	
5

	
2

	
845

	
4.7

	
27.00

	
80




	
11

	
Expo Park

	
2010

	
23.00

	
4

	
1

	
196

	
4.4

	
0.70

	
70




	
12

	
Lujiazui Central Park

	
1997

	
10.00

	
4

	
1

	
-

	
4.6

	
0.45

	
90




	
13

	
Putuo

	
Changfeng Park

	
1959

	
36.40

	
5

	
1

	
599

	
4.5

	
14.3

	
55




	
14

	
Xuhui

	
Xujiahui Park

	
2001

	
8.66

	
5

	
1

	
185

	
4.4

	
0.4

	
90




	
15

	
Guilin Park

	
1931

	
3.55

	
4

	
0

	
200

	
4.5

	
0.08

	
90




	
16

	
Yangpu

	
Yangpu Park

	
1957

	
22.00

	
4

	
1

	
-

	
4.3

	
1.9

	
85




	
17

	
Huangxing Park

	
2000

	
39.86

	
3

	
2

	
241

	
4.4

	
8

	
75
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Table 2. Summary statistic of variables used.
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	Variable
	Variable Name in Models
	Quantification of Variables
	Mean

(Std. Dev.)
	Min.

(Max.)





	Number of check-ins
	Count
	Sina microblog check-ins
	157.23

(262.29)
	0

(4327)



	Green coverage ratio
	Green
	The vertical projection area of vegetation in each park. (%)
	82.23

(9.011)
	55

(90)



	Ticket price
	Ticket fee
	Ticket price (yuan)
	0.71

(2.37)
	0

(10)



	Area of park
	Area
	Area of each park. (ha)
	26.54

(32.70)
	3.36

(140.3)



	Area of water
	Water
	Area of water bodies in each park. (ha)
	4.05

(6.823)
	0.08

(27)



	Popularity (Baidu Index)
	Baidu
	Over a certain period of time, the average number of internet users searched park names through Baidu.
	333.63

(196.24)
	158

(845)



	Number of subway stations
	400 Station
	Number of subway stations in the 400-metre buffer zone around the park.
	1.06

(0.540)
	0

(2)



	Number of bus stations
	Bus
	Number of bus stops in the 400-metre buffer zone around the park.
	3.18

(1.724)
	0

(6)



	Average housing prices
	Average HP400
	Average housing prices in the 400-metre buffer zone around the park. (Yuan/m2)
	78,627.31

(12,563.05)
	62,416

(103,308)



	Area of commercial land
	ComArea
	The area occupied by commercial office in the 400-m buffer zone around the park. (ha)
	20.94

(17.74)
	4

(72)



	Scenic quality
	Beauty
	Scores given for the landscape effect of the comprehensive park can be divided into 5 levels: extremely poor (1 point), poor (2 points), general (3 points), good (4 points) and great (5 points).
	4.447

(0.11)
	4.3

(4.7)



	Park ranking
	Star
	Parks are classified into two-star, three-star, four-star and five-star by Shanghai Greening and Appearance Bureau.
	4.06

(0.64)
	3

(5)



	Number of sports venues
	Sports

Number
	The number of sports and fitness venues in each park, including trails, basketball courts, tennis courts, football courts and other sports venues (1 point per item).
	1.06

(0.64)
	0

(2)





	Number of roads
	Road
	The number of roads in the 400-metre buffer zone around each park.
	16

(6.78)
	5

(34)
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Table 3. Summary of four functional forms of linear regression models.
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Model Form

	
Without Dummy Variable

	
With Dummy Variable




	
Linear

	
Log-Linear

	
Linear

	
Log-Linear






	
Yearly model

	
Total

	
Adjusted R2

	
0.29

	
0.47

	
0.35

	
0.56




	
Residuals

	
−117.86

	
0.12

	
−117.86

	
−0.05




	
Average

	
1805.80

	
6.85

	
1805.80

	
6.85




	
Workday

	
Adjusted R2

	
0.36

	
0.49

	
0.47

	
0.60




	
Residuals

	
−46.67

	
−0.22

	
−47.14

	
−0.22




	
Average

	
748.32

	
5.92

	
1805.80

	
6.85




	
Weekend

	
Adjusted R2

	
0.22

	
0.44

	
0.30

	
0.44




	
Residuals

	
−65.57

	
0.65

	
−65.57

	
0.65




	
Average

	
1057.48

	
6.32

	
1805.80

	
6.85




	
Seasonal model

	
Total

	
Adjusted R2

	
0.25

	
0.65

	
0.34

	
0.65




	
Residuals

	
0.00

	
0.00

	
−23.83

	
0.18




	
Average

	
478.92

	
5.43

	
478.92

	
5.43




	
Workday

	
Adjusted R2

	
0.19

	
0.64

	
0.29

	
0.71




	
Residuals

	
−4.07

	
0.00

	
−4.09

	
0.00




	
Average

	
281.92

	
4.90

	
281.92

	
4.90




	
Weekend

	
Adjusted R2

	
0.28

	
0.62

	
0.38

	
0.72




	
Residuals

	
−11.63

	
0.00

	
−10.08

	
0.00




	
Average

	
196.32

	
4.47

	
196.32

	
4.47




	
Monthly model

	
Total

	
Adjusted R2

	
0.23

	
0.60

	
0.32

	
0.70




	
Residuals

	
0.00

	
0.00

	
0.00

	
0.00




	
Average

	
157.23

	
4.24

	
157.23

	
4.24




	
Workday

	
Adjusted R2

	
0.16

	
0.56

	
0.21

	
0.67




	
Residuals

	
0.00

	
0.00

	
−1.51

	
0.00




	
Average

	
92.76

	
3.72

	
92.76

	
3.72




	
Weekend

	
Adjusted R2

	
0.24

	
0.55

	
0.32

	
0.68




	
Residuals

	
0.00

	
0.00

	
0.00

	
0.00




	
Average

	
64.35

	
3.31

	
64.35

	
3.31











[image: Table] 





Table 4. Regression results of comprehensive park utilization models.
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Model

	
Yearly

	
Seasonal

	
Monthly




	

	
Non-Std. Coeff.

	
Standard Coeff.

	
t

	
Sig.

	
Non-Std. Coeff.

	
Standard Coeff.

	
t

	
Sig.

	
Non-Std. Coeff.

	
Standard Coeff.

	
t

	
Sig.




	
B

	
β

	
B

	
β

	
B

	
β

	

	






	
(constant)

	
1.982

	
-

	
2.420

	
0.018

	
−39.368

	
-

	
−7.768

	
0.000

	
−85.494

	
-

	
−22.027

	
0.000




	
SportsNumber

	
1.240

	
0.690

	
6.244

	
0.000

	
1.394

	
0.727

	
14.746

	
0.000

	
4.861

	
2.528

	
23.756

	
0.000




	
AverageHP400

	
0.000048

	
0.476

	
4.383

	
0.000

	
0.000092

	
0.754

	
12.729

	
0.000

	
−0.000027

	
−0.254

	
−3.446

	
0.001




	
Park Ranking

	
-

	
-

	
-

	
-

	
-

	
-

	
-

	
-

	
5.334

	
2.495

	
17.294

	
0.000




	
Road

	
−0.062

	
−0.359

	
−3.964

	
0.000

	
−0.077

	
−0.418

	
−9.858

	
0.000

	
−0.257

	
−1.376

	
−21.567

	
0.000




	
2015

	
−0.774

	
−0.220

	
−2.844

	
0.006

	
−0.924

	
−0.234

	
−6.872

	
0.000

	
−1.037

	
−0.262

	
−13.446

	
0.000




	
2014

	
−0.755

	
−0.215

	
−2.774

	
0.007

	
−0.788

	
−0.200

	
−5.863

	
0.000

	
−0.936

	
−0.238

	
−12.184

	
0.000




	
ComArea

	
0.023

	
0.298

	
3.429

	
0.001

	
0.051

	
0.626

	
11.013

	
0.000

	
0.011

	
0.129

	
2.784

	
0.005




	
Bus

	

	
-

	
-

	
-

	
−0.491

	
−0.631

	
−8.521

	
0.000

	
0.419

	
0.533

	
6.439

	
0.000




	
400Station

	
0.691

	
0.324

	
3.914

	
0.000

	
0.914

	
0.402

	
10.648

	
0.000

	
4.483

	
1.938

	
21.321

	
0.000




	
2016

	
-

	
-

	
-

	
-

	
−0.551

	
−0.140

	
−4.098

	
0.000

	
−0.552

	
−0.140

	
−7.185

	
0.000




	
October

	
-

	
-

	
-

	
-

	

	

	

	

	
0.476

	
0.086

	
4.183

	
0.000




	
Beauty

	
-

	
-

	
-

	
-

	
8.628

	
0.622

	
7.757

	
0.000

	
14.110

	
1.009

	
20.076

	
0.000




	
Ticketfee

	
-

	
-

	
-

	
-

	
−0.405

	
−0.774

	
−8.717

	
0.000

	
−0.324

	
−0.617

	
−8.409

	
0.000




	
Water

	
−0.035

	
−0.203

	
−2.091

	
0.040

	
-

	
-

	
-

	
-

	
−0.728

	
−3.919

	
−17.506

	
0.000




	
Baidu Index

	
-

	
-

	
-

	
-

	
-

	
-

	
-

	
-

	
0.012

	
1.595

	
15.914

	
0.000




	
Spring

	
-

	
-

	
-

	
-

	
-

	
-

	
-

	
-

	
0.269

	
0.082

	
4.025

	
0.000




	
2012

	
-

	
-

	
-

	
-

	
-

	
-

	
-

	
-

	
−0.277

	
−0.070

	
−3.582

	
0.000




	
Autumn

	
-

	
-

	
-

	
-

	
-

	
-

	
-

	
-

	
0.227

	
0.065

	
2.861

	
0.004




	
January

	
-

	
-

	
-

	
-

	
-

	
-

	
-

	
-

	
−0.305

	
−0.079

	
−3.221

	
0.001




	
2018

	
-

	

	

	

	
-

	

	

	

	
0.279

	
0.055

	
2.902

	
0.004




	
February

	
-

	
-

	
-

	
-

	
-

	
-

	
-

	
-

	
−0.214

	
−0.041

	
−2.198

	
0.028




	
Winter

	
-

	
-

	
-

	
-

	
−0.427

	
−0.122

	
−3.560

	
0.000

	
-

	
-

	
-

	
-




	
Summer

	
-

	
-

	
-

	
-

	
−0.343

	
−0.104

	
−3.070

	
0.002

	
-

	
-

	
-

	
-
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