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Introduction

Leisure and recreation behavior has become one of the important lifestyles for urban residents, according to the continuous development of China’s social economy and the improvement of urban residents’ living standards and the spatio-temporal rhythm of these activities presents significant potential for exploration.


Methods

This study investigates the temporal and spatial patterns of citizens’ leisure and recreation activities in Beijing with the social media data from Sina Weibo. Through machine learning and spatial statistical methods, the research analyzes residents’ leisure and recreation behaviors, identifying four main topics: “Popular Nowadays,” “Special Events,” “Scenic Spots,” and “Daily Leisure.”


Results

The analysis reveals the leisure and recreation activity timing correlates closely with daily work and rest habits, which shows significant differences between weekdays and weekends. The “Popular Nowadays” accounts for 21.9% of leisure and recreation activities, while the “Daily Leisure” represents the largest proportion at 29.1% and shows a marked increase on weekends. Spatially, leisure and recreation activities display a centripetal distribution, with the high activity levels of the city center and main roads, and different leisure and recreation topics have distinct hotpots, including commercial areas, scenic spots, and cultural sites. Notably, the “Special Events” demonstrates a significant increase in activity distance on Saturdays, with an average distance considerably higher than other topics.


Discussion

The study concludes that the dynamic level of leisure and recreation activities is influenced by urban facility distribution and quality, which offer valuable insights for urban planning and “leisure and recreation “space improvement in Beijing.
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1 Introduction

Urban residents exhibit a cyclical pattern in their daily activities, including the distinctive spatial rhythms through regular patterns of activity which create by human movements (Johnson and Glover, 2013; Liu et al., 2022b). These rhythms arise from the interactions of multiple individual mobility patterns in urban spaces. As a significant component of urban spatial behavior, leisure and recreation activities exhibit distinctive geographical distributions and temporal variations, warranting systematic investigation. These activities vary by location, time, and other factors, but they demonstrate a sustainable cyclical change pattern, which we refer to as “rhythm” (as presented by Henri Lefebvre) (Lefebvre, 2013; Liu et al., 2022a; Zhong et al., 2016; Söylemez and Koramaz, 2024). The study of urban leisure and recreation rhythms provides insight into the urban public spaces from the perspective of urban residents’ behaviors. Additionally, as a subdiscipline of geography, “leisure and recreation geography” examines the spatial distribution of leisure opportunities, access constraints, and the influence of urban morphology on leisure behaviors across diverse populations (Alzaim et al., 2024; Wu et al., 2019; Kuzuoglu and Glover, 2023). The contemporary geographical research increasingly recognizes that leisure is not only an activity that takes place in space, but also a spatial practice that promotes the generation and transformation of urban environments (Navarro et al., 2018; Wang et al., 2024; Ji et al., 2022; Ma et al., 2012).

Geographical big data offers unprecedented opportunities to research the spatiotemporal rhythms of leisure and recreation activities in urban environments, improving our understanding of how leisure and recreation practices were embedded in the broader geographical contexts (Li et al., 2025; Nemeškal et al., 2020). Nowadays, individuals play the role of spatial nodes in the complex connected network, with the popularization of information and communications technology (ICT), particularly mobile devices (Urry, 2012). Not only These technologies record locational data, but they also alter how people navigate and experience urban space (Chen et al., 2022). Geographical research on leisure activities through information and communication technologies has revealed complex spatio-temporal patterns and behavioral differences among various population groups (Zhang et al., 2022; Toger et al., 2023; Gao et al., 2025), while digital interactions are increasingly influencing physical movement through urban spaces (Parady et al., 2019; Wang et al., 2023). Social media and mobile phone signal data typically contain precise geographical coordinates, enabling detailed spatial analysis (Zhi et al., 2021).

With the acceleration of global urbanization, enhancing residents’ quality of life and urban livability while promoting economic growth has become a critical issue in sustainable urban planning. Leisure and recreation activities, as an essential component of quality of life, reflect residents’ daily rhythms and preferences, and provide valuable insights for optimizing public space allocation and urban functions. In recent years, researchers have developed multidimensional indicator systems that integrate socioeconomic, environmental, and transportation factors to construct evaluation frameworks for urban livability and quality of life, thereby informing spatial layout optimization and public service provision (Chi and Mak, 2021). At the same time, advances in big data analytics and Geospatial Artificial Intelligence (GeoAI) have enabled urban spatial analysis based on diverse data sources such as social media, sensors, and remote sensing, making it possible to dynamically capture the temporal rhythms and spatial patterns of human activities (Mortaheb and Jankowski, 2023; Morosini and Zucaro, 2019). The introduction of machine learning and spatial statistical methods has further improved the precision and efficiency of depicting complex human–environment interactions (Salavati et al., 2025). Against this backdrop, social media data, with their high update frequency, wide coverage, and inherent temporal and geographic attributes, have emerged as a valuable source for detecting leisure and recreation behaviors and analyzing their spatiotemporal rhythms. Building on this perspective, this study takes Beijing as a case study, using Sina Weibo data in combination with machine learning and spatial statistical methods to identify and analyze the temporal distribution, spatial patterns, and thematic characteristics of residents’ leisure and recreation activities. The aim is to reveal the spatiotemporal variations of different types of leisure and recreation activities and their relationships with the distribution of urban facilities, providing empirical evidence for optimizing leisure and recreation space allocation and enhancing urban livability.

In urban geography, mobile phone data is particularly useful in studying dynamic spatial changes and residents’ movement patterns, which reveal how leisure and recreation activities cluster and disperse over time in the urban landscape (Šveda et al., 2020; Liu et al., 2018). The continuous time records provided by mobile phone data can help researchers to analyze urban spatial dispersion patterns and flows (Chen et al., 2017). Social media datasets contain rich textual and visual information that can be analyzed using geospatial methods and machine learning techniques to offer complex insights into how leisure and recreation spaces are perceived and experienced (Liu et al., 2021; Zhu et al., 2022).

Previous geographical studies have adopted various methods, data sources and analytical frameworks to explore the spatial characteristics of leisure and recreation activities. However, the application of social media data to the study of leisure and recreation behaviors, especially the research which combines spatial analysis with text content, is still in its infancy. This study proposes a research path of “semantic perception - topic classification - spatio-temporal analysis”. Firstly, semantic language information is extracted from social media (Weibo) data. Then, from the perspective of urban residents’ activities, the spatio-temporal patterns of their leisure and recreation behaviors are explored, their spatio-temporal distribution characteristics are summarized, and the urban spatial pattern is observed from a new perspective. This method can quickly perceive the reactions of urban residents to specific events, and display people’s attitudes on the map at the same time, helping urban managers quickly understand public opinions, optimize the urban functional structure, and provide scientific reference value.

Based on the above background and research gaps, this study aims to address the following research questions: First, what are the spatiotemporal rhythm patterns of urban residents’ leisure and recreation activities in Beijing, and how do these patterns vary between weekdays and weekends? Second, what types of leisure and recreation activities can be identified from social media data, and what are their distinctive temporal and spatial characteristics? Third, how do the spatial distribution patterns of different leisure and recreation activities relate to urban facility distribution and accessibility? Fourth, what are the cross-district mobility patterns for leisure and recreation activities, and what do these patterns reveal about spatial inequalities in leisure and recreation infrastructure access? By answering these questions, this study seeks to provide empirical evidence for understanding urban leisure and recreation dynamics and informing evidence-based urban planning decisions for leisure and recreation space optimization in Beijing.

The structure of the remaining part in this article are as follows: Section 2 introduces the study area and data. Section 3 elaborates on the methodology in detail. Section 4 presents the temporal and spatial changes in citizens’ leisure and recreation activities, as well as the results of thematic classification. Finally, Sections 5 and 6 provide discussion and conclusion, including implications for urban spatial planning and management.


2 Materials and methods


2.1 Study area

Beijing is the capital of China and has 16 administrative districts. By the end of 2019, the population of Beijing had reached 21.9 million. With the development of China’s economy and society, more and more people have the demand for leisure and recreation travel. Moreover, these variable leisure and recreation makes Beijing become the place where residents’ leisure and recreation travel behaviors occur frequently (Figure 1).

[image: Map of Beijing highlighting leisure and recreation Weibo locations in green dots across various districts. Districts are outlined and labeled, including Haidian, Chaoyang, and Shunyi. A compass rose indicates north.]
Figure 1 | Study area.

2.2 Data sources


2.2.1 Social media data

Sina Weibo, as one of the most frequently used social media platforms in China, has been widely recognized and adopted by a large number of users. As a result, a vast amount of user-generated location information (coordinates), time information, and text information have been stored in the new granularity of Weibo. This study obtained the Weibo data of the Beijing area for the entire year of 2019 to investigate the distribution of citizens’ spatial and temporal leisure and recreation activities, as well as the related semantic texts. The main fields include id (user number), Co-ordinal (latitude), Co-oridi-1 (longitude), PubTime (time of publication), etc. Based on the above fields, Python language was used to conduct machine learning on the semantic texts of Weibo to identify 137,007 Weibo texts related to leisure and recreation, perform text preprocessing and semantic analysis, and use ArcGIS software to spatially display the processed Weibo data based on these location information for further spatial analysis and statistics.


2.2.2 Basic geographic data

In this study, all administrative boundaries maps were obtained from the National Earth System Science Data Center (http://www.geodata.cn/). These boundaries were used to separate counties and extract the Weibo items for the study area. At the same time, the background maps were obtained from Baidu map and open street map, visualized by ArcGIS 10.3.


2.3 Methods

The research framework of this paper follows the process shown in Figure 2.

[image: Flowchart illustrating a process using Weibo data for topic and residence identification, feeding into rhythm analysis. It includes supervised classification with BERT and Fast.AI for topic labeling, and ST-DBSCAN with AOI data for residence identification. The rhythm analysis section covers spatial, temporal, and flow rhythms, showing hotspots, weekly differences, activity distance, and OD paths.]
Figure 2 | Research framework.
First, this study identifies the cleaned Weibo text information, and then inputs all the Weibo data into the natural language processing (NLP) model for machine learning and topic classification to summarize the themes of leisure and recreation activities. Second, this study combines the Weibo data with the AOI (Area of Interest) data to determine the residence location of Weibo users, and then calculates the straight-line distance between the user’s residence location and the location where the Weibo was sent. Third, this study combines the results of semantic analysis with the results of residence location identification to analyze the temporal rhythm characteristics and spatial distribution characteristics of urban residents’ leisure and recreation activities.


2.3.1 Bidirectional Encoder Representation from Transformers model

In order to quickly identify the text information related to leisure and recreation in Weibo data, this study uses the NLP method to improve the recognition efficiency, and the Bidirectional Encoder Representations from Transformers (BERT) model (Devlin et al., 2019) is employed. BERT, released by Google in November 2018, is a language model that can significantly enhance the accuracy of text recognition and represents a breakthrough in the field of NLP. This study first explores the text content of Weibo after cleaning to remove garbled characters and emoticons. Then, 10,000 Weibo posts are randomly selected for manual identification, with those related to leisure and recreation activities marked as 1 and the rest marked as 0.

When determining whether content is related to leisure and recreation, we follow these criteria: First, we assess whether the content contains actions. If actions are present, we evaluate whether these actions are related to leisure and recreation, such as playing, strolling, checking in, etc. If such actions exist, the leisure and recreation attribute is established. If no actions are present, we then determine whether the content features leisure and recreation facilities, such as malls, parks, tourist attractions, etc., or contains relaxing elements, such as sunshine, movies, games, etc. More Attention that some textual content may convey negative emotional attributes, but if it meets the above criteria, it still qualifies as leisure and recreation behavior. The example of content evaluate is shown in Table 1.


Table 1 | Classification of social media posts for leisure and recreation activities.


	ID
	Content
	Does the text contain action?
	Y/N below to leisure and recreation


	Contain action (high priority)
	No action


	•Match ◦Not match
	Does the action show leisure and recreation? (Y/N)
	•Match ◦Not match
	Include relaxation related environments/objects/locations? (Y/N)



	1
	Just wandering
around
	•
	Y
	 
	 
	Y


	2
	Hiking in Beijing, town of Xibeiwang
	•
	Y
	 
	 
	Y


	3
	This autumn weekend, with all kinds of activities and hikes, was fulfilling but felt much more tiring than going to work
	•
	Y
	 
	 
	Y


	4
	Having a simple lunch with my daughter - not sure whether the ingredients or my cooking skills have improved
	•
	N
	 
	 
	N


	5
	After one and a half month of intensive training, I lost 15
jin (∼7.5 kg) —
Baiziwan, Beijing
	•
	N
	 
	 
	N


	6
	Cooling off by
drinking yogurt
	•
	N
	 
	 
	N


	7
	Enjoy the perfect
Sunshine -Jishuitan,
Beijing
	◦
	 
	•
	Y
	Y


	8
	The cats here are not tricked; teaser sticks do not work
	◦
	 
	•
	Y
	Y


	9
	Yuyuantan, Beijing
	◦
	 
	•
	Y
	Y


	10
	Recently
	◦
	 
	•
	N
	N


	11
	life is not worth it
	◦
	 
	•
	N
	N


	12
	“Our classroom”
	◦
	 
	•
	N
	N


All translations from Chinese maintain original meaning while ensuring analytical clarity.


Finally, a training set is formed. In the next step, the BERT model is compiled using the Python language to pre-train Weibo posts related to leisure and recreation and continuously iterate until the training accuracy reaches a very high level (the training accuracy of the model in this study is 93%). Finally, 137,007 Weibo posts are identified and used for further analysis.


2.3.2 Latent Dirichlet Allocation

Urban residents have a wide variety of leisure and recreation activities. Similarly, the leisure and recreation feelings and activity types expressed in the Weibo space are also diverse. Therefore, classification plays an important role in the feature summary of semantic text (Yang et al., 2025). This study uses the Latent Dirichlet Allocation (LDA) topic model proposed by David M. Blei et al (Blei et al., 2003), which has become a typical case in the research combining geographic big data in recent years (Su et al., 2019; Liang and Li, 2020).

This study employs the LDA topic model to conduct topic mining on the identified data of leisure and recreation activities. The main topic words were extracted and classified, and the word frequencies within the selected topics were estimated. The commonalities and logical patterns of the high-frequency topic words in each topic type were studied, and the typical trends of each topic were summarized. After testing, it was found that the best classification effect was achieved when the number of topics was set to 4. The independence of the topic words in each topic became more obvious, and there was no overlap among the main topic words in each topic type, which facilitated the separate analysis of each topic.


2.3.3 Spatial statistical analysis

Kernel density analysis is a typical method in spatial analysis. It can interpolate based on the geographical location points of large-scale events and highlight hotspots. Compared with simple heat maps, kernel density analysis focuses more on high-value areas, thereby providing more precise spatial range references and facilitating further exploration of event sources. The kernel density estimation of point elements is used to analyze and display the density of points. The Equation 1 for kernel density is as follows:

SearchRadius=0.9×min (SD,1ln (2)×Dm×n−0.2)(1)

SearchRadius is the default search radius, SD is the standard distance, Dm is the median distance, and n is the number of points.


2.3.4 Spatio-temporal-density-based spatial clustering of application with noise

This study uses a spatio-temporal clustering model called spatio-temporal DBSCAN (ST-DBSCAN) (Birant and Kut, 2007) for residence identification. The ST-DBSCAN formula system is a spatio-temporal extension of the classic DBSCAN algorithm, with its core focusing on defining distance metrics and neighborhood rules suitable for three-dimensional data (two-dimensional space combined with dimensional time). ST-DBSCAN employs a parameterized distance formula to integrate the spatial and temporal dimensions. The Equation 2 for ST-DBSCAN is as follows:

DST(p,q)=(dspace(p,q)ϵspace)2+(dtime(p,q)ϵtime)2(2)

p and q represent spatiotemporal data points, each containing spatial coordinates (x,y) and timestamp information (t), i.e.,

p=(xp,yp,tp), q=(xq,yq,tq)

dspace(p,q):Spatial distance;dtime(p,q):Temporal distance;

ϵspace and ϵtime:Spatial and temporal neighborhood radius thresholds.

For point p to be a core point, it must satisfy Equation 3:

|NST(p)|≥MinPts(3)

NST(p) represents the spatio-temporal neighborhood set of point p, all points q that satisfy DST(p,q)≤1.

Compared to traditional DBSCAN, ST-DBSCAN effectively captures the correlation of spatio-temporal events by introducing the temporal dimension parameter ϵtime.

ST-DBSCAN is an improved version of the spatial clustering model DBSCAN (Density-Based Spatial Clustering of Applications with Noise) (Kriegel et al., 2011) by adding a temporal dimension. The clustering process is illustrated in Figure 3 and the rules for identifying the residential locations of Weibo users are shown in Table 2.

[image: Two intersecting timelines, \(t_1\) and \(t_2\), depicted in 3D space with \(x\), \(y\), and \(t\) axes. Spheres with blue and red dots represent data points, connected by an arrow. A map forms the \(x, y\) plane.]
Figure 3 | ST-DBSCAN clustering process.

Table 2 | Rules for identifying the residence of Weibo users.


	Rule
	Target



	Sending Weibo in Beijing for more than three months, and the number of Weibo is less than 800
	Filter local (Beijing) users


	Weibo sent from 8:00 pm to 4:00 am
	Filter Weibo sent at night


	Users sent Weibo within the AOI (Area of Interest) of their Beijing residence
	Filter users with residency




3 Results


3.1 Leisure and recreation activities topics classification and sensing

Based on the results from the LDA topic model, this study attempts to set the number of topic categories from 1 to 10. After conducting a consistency test, the consistency score was the highest when the number of categories was 4 (Figure 4), and the perplexity began to show a significant downward trend from this point (Figure 5). Therefore, the optimal number of categories is determined which is 4.

[image: Line graph showing topic coherence scores versus the number of topics. Scores start at 0.30 for two topics, peak at 0.38 for five topics, then decline to 0.32 before rising again to 0.36 for ten topics.]
Figure 4 | Coherence score of LDA topic numbers.
[image: Line graph titled “Log Perplexity” with the x-axis labeled “Number of Topics” and the y-axis labeled “Log Perplexity”. The red line shows a downward trend from negative ten to negative twelve, as the number of topics increases from two to ten.]
Figure 5 | Perplexity of LDA topic numbers.
Based on the BERT classification algorithm, 137,007 Weibo posts containing residential information about citizens’ leisure and recreation activities were identified and placed into the LDA topic model for classification. Eventually, 57,971 Weibo posts with clear thematic features were obtained. The detailed list of topics and untitled topics is shown in Table 3. We summarized the characteristics of each topic based on the high-frequency words (Table 4). Significant differences can be found among the high-frequency words.


Table 3 | Classification results of LDA topic model.


	Topic category
	Number of Weibo posts
	Percentage



	Popular nowadays
	12,724
	9.29%


	Special events
	13,437
	9.81%


	Scenic spots
	14,939
	10.90%


	Daily leisure
	16,871
	12.31%


	No obvious topic features
	78,896
	57.59%


	Abnormal posts
	140
	0.10%


	Total
	137,007
	100.0%


Abnormal posts include: incomplete fields, content with obvious advertising suspicion but not labeled by BERT model, lack of accurate location information, etc.



Table 4 | LDA topic classification result statistics.


	Topic type
	Quantity
	Proportion
	High-frequency words



	Popular nowadays
	12724
	21.9
	Music, 2019, performance, Sanli-tun, city walk, tonight, Guo’an, game, performance, bar, summer, feeling


	Special events
	13437
	23.2
	holiday, well looking, concert, center, hope, well listening, friends, sunshine, school district, taste, afternoon tea, Gubei Water Town


	Scenic spots
	14939
	25.8
	movie, park, delicious, great drink, thanks, game, square, art, Bird’s Nest, country, children, motherland


	Daily leisure
	16871
	29.1
	clicking, weekend, China, Live, international, coffee, Happy Valley, pleasant, expect, theater, cake, Forbidden City, a cup, cinema



The vocabulary in the “Popular Nowadays” theme can reflect the time, location and activity content expressed in the Weibo text information. These contents are relatively broad and do not specifically refer to the activities carried out. When people express themselves on Weibo, due to environmental factors, time urgency or even personal subjective will, they may not describe more specific things. The locations mentioned in the high-frequency words are also places where popular things often gather at present.

The high-frequency words in the theme “Special Events” reflect activities that do not have a definite location but involve specific events. These events are usually accompanied by social activities and have relatively high costs in terms of time and space.

The high-frequency words in the theme “Scenic Spots” enable us to understand specific leisure and recreation venues or activities. These leisure destinations can offer tourists a variety of experiences and feelings. Meanwhile, people can engage in various activities such as dining while relaxing in these places.

Compared with the above three themes, the vocabulary in the “Daily Leisure” theme more reflects a mental state. In this theme, images of leisure and recreation activities are always integrated with other types of activities, but these activities can help people relax and improve their mental state when they are engaged in them. The temporal and spatial restrictions on the appearance of this theme are relatively low, so it accounts for the largest proportion among all theme types.


3.2 Temporal characteristics of citizens’ leisure and recreation activities

A working day refers to a standard business day (Monday to Friday), during which most offices, schools and government agencies operate on normal hours. The weekend includes Saturday and Sunday, when most businesses and institutions are closed. The work and life cycle of urban residents is one week, so the number of microblogs on different themes of leisure and recreation within a week has certain rhythm characteristics (Figure 6).

[image: Bar chart showing the number of Weibo posts across categories: Popular Nowadays, Special Events, Scenic Spots, and Daily Leisure from Monday to Sunday. Daily Leisure peaks on Sunday with 4,019 posts, while the lowest is Popular Nowadays on Monday with 1,425 posts.]
Figure 6 | The quantity of Weibo posts by people across 4 topics during weekly periods.
Figure 6 shows that the number of leisure and recreation Weibo varies widely across the week for the four topics. Generally, from Monday to Friday, the numbers are at a relatively low level, with little difference among the four topics. However, on Saturday and Sunday, the numbers are at a relatively high level, and the differences among the four topics are significant. Among them, topic “Daily Leisure” has the largest increase on Saturday and Sunday, while the topic “Scenic Spots”, “Special Events”, and “Popular Nowadays” also have more significant increases on Saturday and Sunday.

The weekly Weibo volumes for these four topics differ, and their corresponding average activity distances show regular patterns (Figure 7).

[image: Radar chart showing average distances traveled per day of the week for four categories: Popular nowadays, Scenic spots, Special events, and Daily leisure. Special events peak on Sunday, while other categories vary slightly through the week. Distances range from 0 to 16 kilometers.]
Figure 7 | The average distances of Weibo posts by people across 4 topics during weekly periods.
Figure 7 shows that the average distance rhythm of citizens’ leisure and recreation activities in different themes shows different characteristics. Usually, Monday to Friday are weekdays, Saturday and Sunday are weekends. On Saturday and Sunday, residents show significantly greater average activity distances for leisure and recreation activities than Monday to Friday. Topic “Special Events” has the greatest variation within a week, especially on Saturday when it significantly exceeds the other topic activity distances, while the average distance on other days is also significantly higher than other topics. topic “Popular Nowadays”, topic “Scenic Spots”, and topic “Daily Leisure” also peaked on Saturday. This phenomenon is consistent with our perception of the pace of people’s lives during the week. For many people, the only time they have longer discretionary time is on weekends, and thus the range of activities becomes larger with the ST path. Saturday is the best day for people to carry out long-distance leisure and recreation travel activities, while many people are busy with work on Tuesday and prefer a short-distance leisure and recreation approach.

The number of leisure and recreation in (Figure 6) and the average leisure and recreation distance in (Figure 7) also reflects that different topics pay different travel distances for different types of leisure and recreation. For example, topic “Special Events” has a significant increase in the number of Weibo sent on Saturdays and Sundays, and the average movement distance increases as well. The difference is that topic “Daily Leisure” has a significant increase in the number of Weibo sent on Saturdays and Sundays, however, the average distance traveled does not increase significantly.


3.3 Spatial pattern of citizens’ leisure and recreation activities


3.3.1 Leisure and recreation activities hotspot areas

We conducted a kernel density analysis of the location of Weibo sent by citizens’ leisure and recreation activities for the four topics (Figure 8) so that summarize more clearly the spatial aggregation characteristics of each leisure and recreation topic and discover the influencing factors of leisure and recreation behavior behind them.

[image: Four density maps of a region display varying kernel densities for different topics: “Popular nowadays,” “Special events,” “Scenic spots,” and “Daily leisure.” Each map includes a legend with density values, marked roads, and similar central high-density areas in shades of yellow to brown.]
Figure 8 | Kernel density analysis of leisure and recreation activities for the 4 topics.
The kernel density results are shown in Figure 8 we find that all four topics have multiple typical gathering areas for citizens’ leisure and recreation activities. The hotspot for topic “Popular Nowadays” is located in the busiest commercial area of Beijing (Sanlitun), as well as in the Forbidden City, Tiananmen Square, Qianmen and other commercial centers with traditional Beijing cultural characteristics. These types of commercial centers are close to the main office areas of Beijing, so people can easily reach these places and start specific leisure and recreation activities. Hotspots of topic “Special Events” are located in parks, large cultural shopping neighborhoods tourist attractions. The most typical area is Gubei Water Town in the northeast, as this scenic spot is far from the urban core and takes a long time to reach. Combined with the semantic features, people in this topic need more free disposable time in leisure and recreation activities. The hotspots in topic “Scenic Spots” are located in the Olympic Park, Xiangshan Mountain, the Forbidden City, the Great Wall, the National Museum and other facilities and attractions, which are closely related to the historical development of the country, international events and activities, and therefore have educational significance, and this topic also reflects the family attribute in the semantics, i.e., there are children in the family. The hotspots in topic “Daily Leisure” appear in the central business district (CBD), with a high number of high-aggregation hotspots, but all concentrated in the core of the city. The textual message reflects the combination with work and other activities, so these locations need to be convenient for starting leisure and recreation activities quickly, but also for ending quickly and getting into other things.


3.3.2 Leisure and recreation activity flows

According to the statistics of the district where the residence and clock. The number of residents’ activities in the region dominates (Figure 9).

[image: Map displaying residence-leisure flows across four categories: popular nowadays, special events, scenic spots, and daily leisure. Each panel shows varying intensities of flow with colored lines—green for 1-50, yellow for 51-150, orange for 151-200, and red for over 200. The maps are labeled with geographical coordinates and include a scale bar.]
Figure 9 | Flows of leisure and recreation activities in the region.
Interestingly, in exception to leisure and recreation travel activities in their own region, the spatial distribution characteristics of leisure and recreation activities performed by residents in different themes across the region have different characteristics. Figure 9 shows the movement of the 4 topics in addition to the leisure and recreation activities in different.

The cross-regional flows in Figure 9 show a high intensity from Haidian District to Chaoyang District, while Chaoyang District is also the main leisure and recreation destination for residents of other districts and counties in Beijing. The cross-regional leisure and recreation activities in topic “Popular Nowadays” are concentrated in several main urban areas in the center of Beijing (Chaoyang, Haidian, Dongcheng, and Xicheng). These districts are usually the more economically developed areas in Beijing, with higher per capita GDP and more complete commercial and recreational facilities. In topic “Special Events”, the cross-regional flow from Chaoyang to Miyun is most typical because Miyun is far from the central city of Beijing and is located in a mountainous area. If one travels from the central city to Miyun for leisure and recreation activities, one has to spend a long time on the road. Therefore, the leisure and recreation characteristics of topic “Special Events” tend to have a longer time scale and wider spatial scope. Topic “Scenic Spots” is more attractive to more districts than topic “Popular Nowadays” and “Special Events”, and has a broader impact. Topic “Daily Leisure” has the broadest pattern of leisure travel activity in spatial scope and the most intense mobility across districts.


4 Discussion

This study uses social media Weibo data to classify and study the temporal rhythm characteristics and spatial distribution characteristics of citizens’ leisure and recreation behaviors of Beijing, to explore different leisure and recreation activity patterns of urban residents, and to demonstrate the vitality of leisure and recreation and the aggregation of leisure and recreation facilities in Beijing.

The spatio-temporal patterns of Beijing residents’ leisure and recreation behaviors across different themes are mainly manifested in the following two aspects.

The first is that Urban residents’ leisure and recreation activities are closely related to the functional facilities within the city and leisure and recreation time availability. For example, commercial districts have lower time requirements for residents’ leisure and recreation activities, allowing for short-term leisure and recreation pursuits; tourism and scenic spots require slightly longer time commitments from residents, involving leisure and recreation activities measured in half-day or full-day units; transportation facilities have the longest time requirements for residents’ leisure and recreation activities, involving long-term leisure and recreation lasting one day or more. This pattern is highly correlated with the underlying reasons for the leisure and recreation behavior topic word characteristics of the three themes identified by the LDA topic model.

The second is that research on the spatiotemporal patterns of urban residents’ leisure and recreation behaviors for different leisure and recreation topic types can further reflect the impact of Beijing’s urban facilities and land use functions on urban residents. For example, commercial districts have a comprehensive influence on urban residents’ leisure and recreation, serving both as venues for short-term entertainment and as locations for leisure and recreation activities during weekends; whereas in urban business districts, CBDs, and similar areas, urban residents have relatively limited spatiotemporal flexibility in their leisure and recreation behaviors. In terms of spatial distribution characteristics, The dynamic level of citizens’ leisure and recreation activities does not exactly coincide with the distribution and scale of major business districts and tourist attractions in Beijing and may be related to the integrity and intensification of urban facilities. In other words, the overall level of commercial, attraction, entertainment, and other service facilities in the city tends to increase the dynamic level of citizens’ leisure and recreation activities. In addition, the four themes are related to the spatial distribution of the city’s facilities according to their behavioral characteristics based on the citizens’ own work and rest patterns, the free time available, the structure of family members, and the purpose to be achieved by the planned activity (e.g., social, educational, etc.).

Based on the above research findings, the following considerations can be made concerning urban structure: First, leisure and recreation activities exhibit distinct spatiotemporal signatures tied to urban infrastructure accessibility. The pronounced Saturday peak in travel distances for “Special Events” (averaging 12.3 km, but 6.8 km on weekdays) demonstrates how temporal flexibility directly translates to spatial mobility, supporting time geography theories while revealing the infrastructure-dependence of leisure choices. Second, leisure topic diversity is associated with spatial concentration. While “Daily Leisure” accounts for 29.1% of activities, it shows the highest spatial clustering in CBD areas, whereas “Special Events” (23.2% of activities) displays the most dispersed patterns. This challenges assumptions that popular activities necessarily create widespread spatial distribution. Third, cross-district mobility patterns reveal systematic spatial inequalities in leisure and recreation access. The dominant flow from Haidian to Chaoyang Districts suggests that leisure and recreation infrastructure distribution may reinforce existing urban hierarchies, with economically developed areas serving as leisure destinations for residents of peripheral districts.

These findings have significant implications for urban planning practice. Current approaches that focus primarily on providing leisure and recreation facilities within residential neighborhoods may be insufficient if residents systematically travel longer distances for certain leisure experiences. The concentration of “Popular Nowadays” activities in Sanlitun and traditional cultural areas suggests that authenticity and cultural significance drive leisure destination choices beyond mere accessibility.


5 Conclusion

This research shows that urban leisure and recreation activities rhythms reflect both individual time constraints and urban infrastructure patterns. The identification of four distinct leisure and recreation topics with unique spatial and temporal signatures provides empirical evidence for differentiated leisure planning approaches. There are 2 contributions: (1) exploring the method of combining the model of BERT and LDA for large-scale leisure and recreation behavior analysis; (2) identification of systematic cross-district leisure flows that reveal spatial inequalities in leisure and recreation infrastructure access. There are 2 contribution: (1) exploring the method of combining the model of BERT and LDA for large-scale leisure and recreation behavior analysis; (2) identification of systematic cross-district leisure flows that reveal spatial inequalities in leisure and recreation infrastructure access.

For urban planning practice, these findings suggest that leisure and recreation facility planning should account for topic-specific spatial requirements rather than applying uniform accessibility standards. The concentration of weekend leisure and recreation activities in specific districts indicates opportunities for better spatial distribution of leisure and recreation infrastructure.

Future research should examine how these patterns vary across different demographic groups, investigate the relationship between leisure and recreation accessibility and residential satisfaction, and explore how digital leisure behaviors complement physical leisure and recreation activities. Longitudinal studies could reveal how leisure and recreation rhythms adapt to urban development and policy interventions.

In this research, limitations include potential demographic bias in Weibo users (typically younger, urban residents), the inability to capture leisure and recreation activities not shared on social media, and the temporal scope limited to 2019 data. The BERT model may miss nuanced leisure-related content, and the residence identification method may exclude temporary residents or frequent travelers. We assume that the temporal and spatial information of Weibo posts corresponds to actual leisure activity locations; however, there may be significant temporal delays and spatial offsets between when or where activities occur and when or where posts are made, potentially compromising the accuracy of location identification.

Due to the diversity and complexity of leisure and recreation behaviors of urban residents in Beijing, the research on the relationship between physical leisure and recreation facilities and leisure behaviors of urban residents in the city needs to be further explored.
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