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Understanding the potential of urban parks 
to promote well-being
 

Linus W. Dietz    1  , Sanja Šćepanović    2,3, Ke Zhou2,4, André Felipe Zanella5 & 
Daniele Quercia    1,2,6

Urban parks are important for public health, but the role of specific spaces, 
such as playgrounds or lakes, and elements, such as benches or sports 
equipment, in supporting well-being is not well understood. Here, based 
on expert input and a review of the literature, we defined six types of health-
related activity: physical, mindfulness, nature appreciation, environmental, 
social and cultural. We built a lexicon that links each activity to specific 
elements and spaces within parks present in OpenStreetMap. Using these 
data, we scored 23,477 parks across 35 cities worldwide on the basis of their 
ability to support these activities. We found clear patterns: parks in North 
America focus more on physical activity, while those in Europe offer more 
chances to enjoy nature. Parks near city centers support health-promoting 
activities better than those farther out. Suburban parks in many cities lack 
the spaces and equipment needed for nature-based, social and cultural 
activities. We also found large gaps in park quality between cities. Tokyo and 
Paris provide more equal access, while Copenhagen and Rio de Janeiro show 
sharp contrasts. These results can help cities create fairer parks that better 
support public health.

As the world’s population continues to gravitate toward urban areas, 
cities are faced with the immense task of creating and maintaining green 
spaces to foster public health1,2. Urban parks are especially beneficial 
to vulnerable population groups such as socioeconomically deprived3 
and older people4,5. Yet, the provision of amenities and facilities that 
support health-promoting activities has not been systematically ana-
lyzed at scale.

Urban green spaces can support health in five main ways. First, 
they help people stay active, which can reduce obesity and heart dis-
eases6,7. Second, they give people a calm space to rest, reduce stress 
and improve focus6,8–10. Third, they bring people together and support 
social ties11. Fourth, they clean the air, block noise and cool the city6,12. 
Last, some green areas expose people to biodiverse forms of life, which 
may improve the immune system13,14.

Park planners have often focused on practical ways to boost public 
health, such as adding sports fields, paths or playgrounds15–18. Despite 
groving evidence of positive effects, spaces that allowed a diverse 

range of people to relax or enjoy beauty were often neglected in the 
past19. Parks also have the power to build stronger communities20, 
and many planners now recognize that parks offer clear environ-
mental gains such as cleaner air and lower noise levels12. During the 
coronavirus disease 2019 (COVID-19) pandemic, cities saw how vital 
parks are for public well-being. This led to stronger calls for fair and 
flexible park design21.

Most past studies have treated parks as simple green zones, based 
on size or distance from homes22,23. Fewer have studied how the park lay-
out and equipment affect how people use them. For instance, SOPARC is 
a tool that tracks how people move through parks and what spaces they 
use24. Other tools look at what makes parks good for activity, such as 
access, safety or looks25. Still others focus on blue spaces such as rivers 
or lakes26. These tools work well but are time-consuming to implement 
and hard to scale, and most focus only on physical activity27,28. We still 
lack a clear understanding of the net benefits of parks, especially when 
weighing their positive aspects, such as providing spaces for recreation 
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Linking facilities to activities (step 2). We used OSM to collect ele-
ments and spaces located within parks in the 35 cities. These included 
defined areas such as forests and ponds as well as features such as 
benches and sports courts. Each item was described with a tag, which 
we used to assign the item to an activity category. To scale this process, 
we trained a classifier based on a large language model (LLM) and vali-
dated it with an expert-coded dataset. The full lexicon included 1,441 
OSM tags. The ten most frequent tags for each category are listed in 
Extended Data Table 1. No OSM tags matched the mindfulness category, 
so we did not include it in our scoring. Future research may incorporate 
behavioral data to address this gap.

Scoring parks for health support
We scored each park based on the number of activity-related elements 
and spaces it contained, normalized by park area. Each park received 
a score for every activity category. Figure 1 presents an example of 
these scores for London. In total, we scored 23,477 parks across 35 
cities on 5 continents (Table 1). Each score reflects how well a park 
supports a specific activity compared with other parks of similar size 
in the same city. Figure 2 visualizes the methodology to estimate the 
‘average park line’.

Validation with Flickr data. We validated our park scores using 
geotagged Flickr images taken within park boundaries. These images 
included both user-generated and machine-generated tags. We 
used sentence embeddings to match these tags to our activity tax-
onomy, allowing us to estimate activity scores for each park based on  
photo content.

We compared these Flickr-based activity scores with our OSM-
derived scores using the Pearson correlation coefficent (PCC). Across 
the 35 cities, the average correlation was 0.39 with a standard devia-
tion of 0.07, indicating moderate but consistent agreement between 
the two sources. The highest mean (μ) agreement appeared in the 
cultural (μ = 0.53), social (μ = 0.39) and environmental (μ = 0.39) cat-
egories. These types of activity often involve distinctive and photogenic 
features such as festivals, artworks or gardens, which are likely to be 
photographed and tagged.

By contrast, the physical (μ = 0.30) and nature appreciation 
(μ = 0.33) categories showed weaker correlations. We believe this may 
be because users often photograph people or scenery without tagging 
specific sports or nature-related elements, making it harder to detect 
those activities in the data.

At the city level, Washington, DC (μ = 0.52) and Perth (μ = 0.50) 
had the strongest correlations. These cities are in English-speaking 

and supporting urban health3,29, with potential downsides, including 
reinforcing disparities30–32 or contributing to gentrification33,34.

For many cities, there is no easy way to list what parks contain 
or link these parts to health uses. In this study, we score parks in 35 
cities on the basis of how well they support six types of health-related 
activity. The project page is available at https://social-dynamics.net/
healthy-parks. We then ask how these scores relate to fair access to 
well equipped parks. Our work answers three questions. First, which 
health-related activities do different park spaces support? Second, how 
can we measure parks around the world based on this support? Third, 
where are the biggest gaps in what parks provide?

Results
We began by creating a lexicon that linked park spaces and elements 
to health-related activities using OpenStreetMap (OSM) data. We then 
scored parks in 35 major cities, which we selected for their geographic 
diversity and reliable OSM coverage. After validating these scores 
through statistical comparison and expert review, we analyzed dif-
ferences in park offerings within and between cities.

Lexicon of health-related park features
Defining activities in parks (step 1). An expert panel of three research-
ers with expertise in urban computing, Earth observation and computa-
tional social science, identified common park activities and organized 
them into six categories:

Physical activities: movement and sport such as walking, biking, 
swimming and group exercise;

Mindfulness activities: practices such as yoga, meditation and 
tai chi;

Nature appreciation: observing and enjoying the natural environ-
ment, including bird watching and picnicking;

Environmental activities: community involvement such as gardening 
and conservation;

Social activities: gatherings and group events such as festivals and 
volunteering;

Cultural activities: heritage and arts programs, including perfor-
mances and exhibitions.

While our six categories occasionally overlapped, they captured 
park activities at a more useful granular level than the typical rec-
reational and physical division. Some overlap is inevitable because 
certain activities such as football (with social and physical aspects) 
are inherently multifaceted.

A

B

C

A

B

C
Low Moderate High support Low Moderate High support

a    Nature appreciation activities b    Physical activities

Fig. 1 | Scores for nature appreciation and physical activities in London parks. 
a,b, Scores for nature appreciation (a) and physical activities (b) in London parks. 
Some parks score low on nature appreciation but high on physical activity (A), 
whereas imperial-era parks, such as Green Park and St. James’s Park near the  
royal palace, score high on nature appreciation but low on physical activity (B). 

Queen Elizabeth Olympic Park, purpose-built for the 2012 Games, scores high 
across all dimensions (C). A visualization for all cities can be viewed at https://
social-dynamics.net/healthy-parks. Map data from OpenStreetMap under the 
Open Data Commons Open Database License (ODbL).
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countries where Flickr and OSM usage is more common, which prob-
ably led to higher data quality and tag relevance. Cities with lower 
correlations, including Amsterdam, Hong Kong and Vienna (each 
μ ≈ 0.3), may have had fewer geotagged images, lower tag accuracy or 
less alignment with our English-based taxonomy.

These findings support the use of OSM data to assess park infra-
structure for health-promoting activities, especially in categories and 
regions where online content about park use is widely available.

Validation with Wikipedia. We also validated our activity scores using 
Wikipedia pages. We identified the top-scoring parks globally for each 
health-related activity based on our scoring system. For each park, we 

examined the Wikipedia page to confirm whether the park was known 
for the corresponding activity type.

In the physical category, we found that parks such as Centennial 
Parklands in Australia and Bois de Boulogne in Paris were known for 
extensive sports infrastructure, including fields for tennis, soccer and 
polo. For nature appreciation, top parks such as La Dehesa de la Villa 
in Madrid and Guandu Nature Park in Taipei stood out in their cities 
with large green areas and wildlife. In the environmental category, 
Washington Park Arboretum in Seattle and Kita-no-maru Park in Tokyo 
included botanical gardens and conservation efforts. Social activity 
leaders such as Inspiration Lake in Hong Kong and Toronto Island Park 
in Canada were cited for hosting gatherings and public amenities. 

Table 1 | Our activity scores correlate with the prevalence of photographed activities from Flickr images

City Parks Mean PCC Individual activity categories PCC

Physical Nature appreciation Environmental Social Cultural

Amsterdam 25 0.32 0.24 0.36 0.2 0.49 0.29

Auckland 33 0.46 0.38 0.39 0.43 0.47 0.63

Berlin 77 0.34 0.22 0.14 0.53 0.39 0.42

Boston 50 0.4 0.27 0.43 0.36 0.35 0.58

Buenos Aires 54 0.36 −0.04 0.34 0.92 0.15 0.41

Chicago 69 0.41 0.2 0.45 0.35 0.45 0.6

Christchurch 16 0.49 0.27 0.52 0.21 0.72 0.71

Copenhagen 19 0.33 0.31 0.31 0.01 0.22 0.8

Hong Kong 80 0.3 0.38 0.21 0.36 0.21 0.32

Houston 28 0.46 0.36 0.48 0.15 0.61 0.68

London 304 0.44 0.45 0.4 0.32 0.45 0.55

Madrid 42 0.32 0.08 −0.04 0.19 0.66 0.72

Melbourne 59 0.49 0.45 0.63 0.44 0.64 0.29

Montreal 55 0.43 0.31 0.27 0.44 0.49 0.64

Moscow 65 0.34 0.33 0.2 0.34 0.21 0.6

New York 210 0.42 0.41 0.21 0.58 0.45 0.47

Paris 108 0.39 0.42 0.28 0.3 0.39 0.55

Perth 23 0.5 0.18 0.71 0.3 0.68 0.61

Philadelphia 39 0.46 0.43 0.2 0.63 0.32 0.75

Rio de Janeiro 19 0.36 0.26 0.6 0.23 0.41 0.33

Rome 41 0.31 0.43 0.35 0.08 0.16 0.52

San Diego 47 0.44 0.27 0.38 0.61 0.48 0.44

San Francisco 98 0.31 0.17 0.19 0.42 0.32 0.46

Seattle 76 0.38 0.47 0.36 0.09 0.4 0.6

Seoul 52 0.35 0.34 0.36 0.43 0.23 0.38

Singapore 73 0.36 0.14 0.07 0.61 0.39 0.6

St. Petersburg 28 0.34 0.17 0.22 0.38 0.39 0.56

Stockholm 50 0.47 0.45 0.32 0.93 0.23 0.42

Sydney 99 0.31 0.42 0.39 0.22 0.14 0.36

Taipeh 107 0.34 0.16 0.22 0.48 0.26 0.56

Tokyo 208 0.31 0.19 0.24 0.37 0.32 0.42

Toronto 111 0.34 0.31 0.3 0.17 0.39 0.51

Vancouver 62 0.44 0.33 0.37 0.33 0.5 0.67

Vienna 40 0.3 0.18 0.08 0.57 0.19 0.5

Washington, DC 61 0.52 0.4 0.52 0.56 0.56 0.56

Mean (s.d.) 72.23 (60.07) 0.39 (0.07) 0.29 (0.12) 0.33 (0.16) 0.39 (0.21) 0.39 (0.16) 0.53 (0.13)

PCCs between OSM scores and Flickr activity scores for parks with at least 250 photos.

http://www.nature.com/natcities
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In the cultural category, Ueno Park in Tokyo featured museums and 
historic landmarks, while Seattle Center included concert halls and 
art venues.

To further verify our assignments, we conducted structured 
search queries, such as ‘Tokyo parks for cultural activities’ and found 
that the top-ranked parks by our method consistently appeared in 
online recommendations and guides. A complete list of these parks, 
organized by city and activity category, is available in Extended 
Data Table 2.

Cities differ in health-related activity support
Our analysis revealed systematic variations in how urban parks support 
health-promoting activities, with differences occurring both between 
cities and within individual urban areas. These variations reflect distinct 
urban planning priorities, geographic influences and equity considera-
tions that shape park design and resource allocation.

Estimating park offerings through 8-hectare model parks. To com-
pare park features systematically across cities, we constructed statisti-
cal models of typical 8-hectare parks: a size representing neighborhood 
parks and matching our dataset’s average. Figure 3 (top) shows the 
expected number of elements and area dedicated to each activity 
type in a statistically average 8-hectare park for each city. We com-
puted these values using parameters from linear regression models 
developed for each city (equation (1)). While we fit separate models 
per city, making raw health scores not directly comparable between 
cities, the models enabled comparison of hypothetical average parks 
across urban contexts.

European nature focus versus North American physical activity in 
regional priorities. The most notable regional contrast lies in empha-
sis on physical activity versus nature appreciation, as shown in Fig. 3 
(bottom). Parks in European cities tended to provide more space for 
nature appreciation, while North American cities allocated more area 
to physical activities. These differences reflect broader urban planning 

patterns and suggest that parks serve different roles depending on 
regional goals and cultural expectations.

Universally limited support for cultural features. Across all regions, 
cultural features appeared least frequently in parks. In terms of ele-
ments, nature appreciation appeared most often, followed by social 
and environmental activities. Cultural features were the least common. 
This pattern suggests that, while nature and movement receive wide-
spread support, cultural health-promoting activities are deprioritized 
globally in urban park design.

Park offerings are unequally distributed within cities
We examined how park scores vary within cities by grouping parks 
into quartiles based on distance from city centers, from the inner-
most 25% (Q1) to the outermost 25% (Q4). This approach allowed us 
to systematically assess whether proximity to urban centers influ-
ences park offerings. Extended Data Fig. 1 visualizes the negative 
correlations between between park health scores and the distance 
to the city centers.

Inner-city parks consistently outperform peripheral ones. Across 
all activity types, parks in central areas scored higher. Figure 4a dem-
onstrates that park scores dropped steadily with each quartile further 
from the center. This pattern held across most cities on all continents, 
with exceptions in Buenos Aires and Rio de Janeiro, where geography 
and coastal form influence green space layout.

Nature appreciation shows strongest distance-related decline. 
The trend was most pronounced for nature appreciation. This finding 
challenges assumptions that outer areas naturally support greener, 
more restorative environments and echo Montgomery’s concept of 
the ‘Savannah Trap’35, where suburban areas include empty, open land 
that does not support social or ecological use.

We systematially verified that the trends in Fig. 4a are statistically 
significant, as shown in Extended Data Table 3.
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Fig. 2 | Visualization of the scoring method. a,b, The linear regression models 
for determining the park health scores for the park elements (a) and park spaces 
(b) in London, UK. The horizontal axis denotes the park’s area (log2), while the 

vertical axis represents the count of park elements (log2) and the area occupied 
by health-promoting park spaces (log2). The modest R2 values are anticipated, 
highlighting the variety among parks.
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Cities vary in ensuring equitable park access
We assessed equity in park offerings within cities using a disparity index 
(equation (3)) ranging from 0 (complete equality) to 1 (maximum ine-
quality). Box plots in Fig. 4b,c show average disparities by activity and 
region, with detailed values in Table 2. Extended Data Fig. 2 visualizes 
the disparitiy scores subdivided by city.

Activity-specific disparity patterns. Disparities varied by activity 
type: physical activities showed the most even distribution (μ = 0.135; 
σ = 0.039), while social activities exhibited the highest disparity 
(μ = 0.222, σ = 0.073), indicating that some parks offer rich social 
features while others lack them entirely. Nature appreciation had 
moderate average disparity (μ = 0.157) but low variation (σ = 0.032), 
suggesting consistent global trends. Overall disparities averaged 0.165, 
and were similar across continents (0.15–0.19), suggesting that inequal-
ity in park design is not limited to one region.

Cities achieving balanced activity support. Tokyo, Paris, Auckland, 
Buenos Aires and Hong Kong demonstrated the most equitable park 
offerings across activities. Tokyo and Paris particularly excelled, with 
four or more activity categories showing disparities below one standard 
deviation from the mean. These results may reflect centralized park 
governance, strong public policy and active community involvement 
in cities such as Paris36 and Tokyo37.

Cities with concentrated park resources. By contrast, Moscow,  
St. Petersburg, Stockholm, Rio de Janeiro and Copenhagen showed  
high disparities in park offerings across categories. Stockholm exhib-
ited the highest single-category disparity in cultural features (0.514), 
suggesting cultural resources were concentrated in a few parks. Copen-
hagen showed high disparity in both cultural and social categories, 

potentially reflecting gentrification38. Rio de Janeiro displayed wide-
spread disparities across social, environmental and cultural categories, 
aligning with prior findings on spatial health inequality39.

These findings demonstrate that, while park inequality exists 
globally, specific cities have successfully implemented more equitable 
approaches to supporting diverse health-promoting activities through 
their urban park systems.

Discussion
Urban parks offer health benefits that go beyond the usual physical 
and mental well-being. However, our global analysis reveals that urban 
parks require strategic improvement focused on geographic equity 
and activity diversity to maximize their health benefits.

Main findings
By identifying six types of activity people do in parks, we created a 
detailed taxonomy of park activities and used this to evaluate parks 
worldwide based on their support for five of the six activity catego-
ries (data to evaluate the mindfulness category were not available on 
OSM). By giving individual scores for each activity, we identified three 
critical areas that demand attention from landscape architects, urban 
designers and policymakers.

Geographic inequities demand immediate action. Our findings show 
a clear and concerning geographic trend: parks in city centers are better 
equipped for health-promoting activities than those on the outskirts. 
This pattern holds across all types of activity, including those that 
might be expected to be more common in less populated areas, such 
as nature appreciation or environmental activities. This geographic 
disparity contradicts basic expectations and creates notable barriers 
to equitable health access.
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Fig. 3 | Area of park spaces and count of elements in a typical 8-hectare park by 
activity and city. a, Area of park spaces (horizontal axis) and count of elements 
(vertical axis) in a typical 8-hectare park by activity and city. Nature and physical 
activity spaces are the most frequent. Nature-related elements are also the most 
common across cities. Cultural spaces and elements appear least often. Axes are 

scaled for clarity. b, Average space in 8-hectare parks dedicated to nature and 
physical activities in North America (n = 24) and Europe (n = 22). North American 
parks support physical activity more, while European parks provide more space 
for nature appreciation. Standard box plot with Q1, median, Q3; whiskers at  
1.5× interquartile range.
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This finding aligns with previous research. Wolch et al. found that 
park distribution often favors more wealthy communities31. Other 
studies have shown that recent urban development policies have led to 
substantial greening in city centers, while suburban areas have received 
less investment40. Our results expand on these works by showing not 
only reduced access to parks in suburban areas31,40, but also a lack of 
amenities and spaces for health-promoting activities.

This evidence creates a clear call to action for urban planners to 
shift their focus to improving suburban parks, as well as parks outside 
urban centers, where notable and often overlooked recreation gaps are 
often found41. However, creating high-quality urban green spaces can 
be a balancing act, with potential downsides such as gentrification31,34. 
Designers must think carefully about the urban context when improv-
ing parks in ways that may change their role34.

Activity-type inequities show mixed but encouraging patterns. 
We also examined disparities in the health potential of parks among 
cities by activity type. The findings are generally encouraging: overall 
disparity scores were low and did not show pronounced global varia-
tion, in contrast to earlier studies42,43. While previous work has shown 
high inequality in absolute access to greenery, our results suggest 
that relative inequality in access to health-promoting park activities 
is less severe.

The distribution patterns vary considerably by activity type, 
revealing both strengths and critical gaps. Physical activity infra-
structure was the most evenly distributed, probably reflecting its 
prominence in public health discourse and urban policy18. This aligns 
with the medical literature’s emphasis on physical activity benefits. 
By contrast, facilities for social activities were the most unequally 
distributed, revealing a key area for improvement44.

The global nature of this challenge is evident from our data: the 
five cities with the greatest disparities in park offerings span four 
continents, indicating that uneven provision of well-equipped parks 
is not a concentrated issue. This suggests that urban planning is not 
only a matter of financial resources but also of municipal priorities 
and community engagement36,45. A positive trend can be observed in 
the Asian countries of our study and Oceania, which have the most fair 
provision of park facilities.

Our findings provide actionable insights for the design of well-
equipped parks. To understand the relevance of our work for urban 
planning, we conducted 30-min semi-structured interviews with three 
domain experts. We reached out to practitioners with 12–30 years of 
professional experience from diverse backgrounds: a lecturer and 
urban designer (E1, male), an urban designer and master planner (E2, 
female) and a municipal park development manager (E3, male). The 
experts confirmed that our quantitative approach offers significant 
practical value for urban design decisions. They identified several 
ways our findings could support urban design: reducing reliance on 
subjective park assessments (E1), serving as a quantitative baseline for 
master planning (E1 and E2) and providing an evidence-based alterna-
tive to institutional knowledge and practice-specific heuristics (E1). 
The urban designers emphasized that the visualization of park scores 
is already useful to "identify the gaps regarding what is present in 
terms of offerings in a district (E1)”, especially when aiming to ensure 
fair access to parks. This was echoed by the park manager, who stated 
they would use the park scoring to guide development priorities, and 
as supporting evidence to gain leadership backing or external funding. 
When shown the taxonomy of activities, they noted that most of their 
projects addressed physical and nature-appreciation activities, and 
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center. Q1 includes parks closest to the city center; Q4 includes those farthest 
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Environmental features show the least decline. Standard box plot with Q1, 
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b,c, Inequality in park health scores activity category (b, n = 35 cities) and 
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"[the activity taxonomy] helps us think about what it is we’re doing and 
how and how some categories have been neglected (E3)”.

The experts also highlighted the importance of the way our scores 
are normalized to the specific context of each city. Our park scores are 
normalized to reflect the unique context of each city, making direct com-
parisons between cities hard. While this limits intercity comparisons, it 
avoids drawing misleading conclusions across culturally, geographi-
cally, and climatically diverse settings. For example, E1 cited culturally 
different approaches to park provision in the form of ‘three-dimensional 
parks’ in high-density environments such as Hong Kong, while E2 brought 
up the challenges in adopting urban transformation manuals from  
Western cities in regions with extreme climates such as the Middle East.

Limitations and future directions
Despite the well-known benefits of parks, lack of fair access to urban 
green spaces remains a common theme in academic literature2,31,40,42,46. 
We focused only on urban parks, excluding other types of urban green 
space such as gardens, street trees and green roofs, which also con-
tribute to urban health. Parks were selected because they support a 
wider range of activities than more specialized spaces, are generally 
publicly accessible and are typically maintained by municipal admin-
istrations, making any identified shortcomings more actionable for 
policy and planning.

Relying on map data limits our analysis to activities that can be 
linked to specific elements and spaces within parks. While some studies 

Table 2 | The disparity scores by city and activity type are generally low, but vary based on the activity category

City Mean score Inequality of each activity category’s offering in a city.

Physical Nature appreciation Environmental Social Cultural

Tokyo 0.089 0.065 0.082 0.066 0.146 0.084

Paris 0.097 0.104 0.101 0.087 0.114 0.079

Auckland 0.121 0.103 0.117 0.105 0.154 0.126

Buenos Aires 0.125 0.172 0.107 0.098 0.137 0.108

Hong Kong 0.125 0.079 0.134 0.197 0.094 0.12

Vienna 0.135 0.13 0.144 0.107 0.17 0.125

New York 0.138 0.113 0.137 0.131 0.177 0.129

Rome 0.138 0.122 0.16 0.116 0.153 0.141

Christchurch 0.138 0.104 0.113 0.101 0.273 0.101

San Francisco 0.14 0.09 0.152 0.116 0.212 0.132

Berlin 0.143 0.131 0.14 0.138 0.152 0.154

Chicago 0.153 0.077 0.178 0.205 0.151 0.153

San Diego 0.153 0.129 0.169 0.124 0.214 0.128

Melbourne 0.155 0.122 0.167 0.124 0.248 0.114

Montreal 0.156 0.126 0.178 0.142 0.215 0.118

Singapore 0.157 0.166 0.14 0.119 0.227 0.133

Perth 0.157 0.132 0.19 0.125 0.21 0.128

Madrid 0.16 0.104 0.163 0.168 0.197 0.167

Sydney 0.16 0.11 0.119 0.153 0.226 0.191

London 0.163 0.134 0.154 0.138 0.23 0.158

Vancouver 0.165 0.102 0.144 0.153 0.216 0.208

Toronto 0.169 0.129 0.178 0.124 0.24 0.172

Houston 0.173 0.139 0.188 0.141 0.218 0.18

Taipeh 0.174 0.082 0.156 0.116 0.138 0.377

Philadelphia 0.175 0.158 0.174 0.122 0.308 0.116

Seattle 0.179 0.132 0.161 0.141 0.265 0.195

Boston 0.186 0.158 0.183 0.147 0.292 0.152

Washington, DC 0.191 0.154 0.16 0.173 0.262 0.205

Seoul 0.191 0.177 0.184 0.174 0.271 0.152

Amsterdam 0.197 0.161 0.187 0.153 0.267 0.217

Moscow 0.205 0.232 0.161 0.205 0.236 0.194

St. Petersburg 0.213 0.21 0.166 0.288 0.201 0.199

Stockholm 0.247 0.189 0.132 0.105 0.297 0.514

Rio De Janeiro 0.254 0.141 0.193 0.245 0.455 0.236

Copenhagen 0.266 0.209 0.209 0.195 0.398 0.321

Mean (s.d.) 0.165 (0.039) 0.134 (0.039) 0.155 (0.029) 0.144 (0.045) 0.222 (0.074) 0.172 (0.085)

Cities are ordered by their overall average disparity. Lower values indicate a more even distribution of features. Scores one standard deviation below or above the mean are marked in italics 
and bold, respectively.
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explored the relationship between open spaces and their use47, we 
avoided making assumptions about the usage of informal spaces to 
reduce the risk of cultural bias in our park evaluations. As a result, we 
excluded mindfulness activities from our main analysis, as they often 
do not require designated areas in city parks. Likewise, our data do 
not account for temporary cultural events, such as music festivals 
held in parks.

Park offerings were scored under the assumption that the pres-
ence of facilities and spaces enabling certain activities is a necessary 
condition for realizing specific health benefits. However, their presence 
alone may not be enough to deliver these benefits in practice. Further-
more, not all activities are directly tied to specific infrastructure, and 
OSM cartographic data alone cannot capture the intensity of use. We 
did not distinguish between the quality of maintenance or design of 
individual elements, such as benches being equipped with backrests, 
or the size, layout and species of trees and other plants.

Like all urban spaces, parks are in constant flux, which raises the 
question of how parks have evolved over time2. This became clear 
during the COVID-19 pandemic, when many cities had to rethink their 
strategies, possibly leading to big changes in park facilities with major 
social justice effects48. Looking at historical data from OSM is chal-
lenging, as it is difficult to distinguish between actual changes in park 
facilities and the increasing completeness of the OSM database.

A key direction for future research is to examine how park offerings 
directly influence health outcomes. While collecting global medical 
data to evaluate the health impact of individual parks is impractical, 
more targeted investigations may be feasible in specific contexts. For 
instance, prescription data available in some countries could be used 
to estimate the prevalence of certain medical conditions49, and to 
explore potential causal links between changes in park infrastructure 
and improvements in public health over time.

We showed that the OSM park scores are closely linked to activities 
captured in Flickr photos, but other data could also be used to approxi-
mate park usage. For instance, detailed mobile traffic data could offer 
interesting insights into how parks are used30,50,51. This could also help 
to reduce biases inherent in social media data sources such as Flickr and 
OSM, which rely on actively submitted contributions from tech-savvy 
users, and sometimes out-of-city visitors rather than passive observa-
tions of citizen behavior.

Finally, by focusing on health-promoting activities, our work intro-
duces avenues for health-related behavioral change20,52. For instance, 
our activity-based approach could support context-aware recom-
mendations53, such as identifying the most suitable times to engage 
in specific park activities when conditions such as temperature, air 
quality or crowdedness are most favorable.

Methods
Data
OSM is a globally encompassing geographic information database 
based on crowdsourced contributions. While accessible through a map 
interface at https://openstreetmap.org, its primary value lies in being 
an indispensable source for open mapping data in both commercial and 
scientific applications54–56. Thanks to its permissive licensing, OSM has 
fostered a large ecosystem of individual and professional contributors. 
As a result, the project has achieved comprehensive worldwide cover-
age, with near-perfect mapping quality across the Western world56, 
while retaining remarkable detail in the global south55. In this study, 
we utilized OSM data from fall 2023.

OSM uses a tagging system with key–value pairs to categorize and 
describe all these map objects. Each map object is typically associated 
with multiple tags that describe its purpose, but may also include 
additional information, such as opening hours, or data source refer-
ences. To avoid the complexities of the OSM data model, for our tasks, 
it was sufficient to focus on two key map objects related to parks: park 
elements and park spaces. Park elements are zero-dimensional points 

representing objects such as benches, individual trees and statues. 
Park spaces refer to areas within the parks, such as meadows, lakes 
and forests.

Flickr (https://flickr.com) has established itself as one of the most 
prominent platforms for sharing photography. Since its inception 
in 2004, the platform has gained considerable popularity, accumu-
lating billions of images. Notably, many of these images have been 
precisely geolocated, thanks to the utilization of the (phone) camera’s 
GPS module.

We utilized a substantial dataset comprising geolocated images 
posted between 2004 and 2015. This extensive dataset offered us a valu-
able secondary perspective on activities taking place within the parks 
of the world. By intersecting these images with the park outlines from 
OSM, we identified 10,788,686 pictures captured within the boundaries 
of parks in our study cities. To extract the depicted content from these 
images, we used user-assigned tags in conjunction with automatically 
generated computer vision labels57,58.

Study area
Our research focused on 35 cities listed in Table 1, which we selected 
using three criteria to make our analysis broad yet robust.

First, we selected major cities worldwide with populations of at 
least 650,000. This threshold includes many of the largest urban areas, 
such as major European capitals and other densely populated regions 
where parks play a vital role in public well-being. To improve repre-
sentation in Oceania, however, we made an exception for Christch-
urch, New Zealand, which has a smaller population. This first criterion 
allowed us to examine parks in cities from various parts of the world, 
each affected by its own climate, history and cultural background.

Second, we only considered cities in countries where at least 80% 
of the population has Internet access59. This ensured we had enough 
online data (such as tags on OSM or photos on Flickr) for our study. As 
there are no detailed global data on Internet use in cities specifically, 
we used the country’s overall access to the Internet as our guide. We 
decided on this threshold upon our preliminary analyses, finding 
that, in many cities in Africa and South America, there was not enough 
digital information for our approach, which relies on social media and 
collaborative mapping data.

Third, we selected cities where, on average, at least one-eighth 
of park areas are annotated with health-related tags on OSM. As our 
analysis relied heavily on OSM data, this criterion ensured a minimum 
level of information on the platform for our study. We settled on this 
one-eighth threshold after observing that, below this level, the lack of 
contributor-added tags limited our ability to extract meaningful infor-
mation. This primarily excluded cities where most tagging was done 
predominantly automatically through Earth observation that was not 
accompanied by manual tagging of OSM contributors. This was mainly 
the case in China, where nongovernmental mapping is restricted60.

Identifying health-promoting activities in urban greenery
We identified and categorized park-based activities using input from an 
expert panel consisting of three co-authors of this study. We compiled a 
comprehensive list of activities commonly undertaken in urban parks. 
To collect relevant papers, we used two specific queries of Google 
Scholar: ‘(urban) AND (parks OR greenery) AND usage’ and ‘(activities 
in urban) AND (parks OR greenery)’. From this process, we retrieved the 
top 50 scholarly articles for each search phrase, resulting in a total of 
91 unique papers. We reviewed each article and collected all activities, 
resulting in a diverse set of activity descriptions varying in granularity. 
For example, the literature included both broad terms such as ‘leisure 
activities’ or ‘recreation’, as well as more specific categories such as 
‘physical’ and ‘social’ activities. We also noted plenty of individual 
activities such as ‘walking’, ‘performing street theater’, ‘fishing’ and 
‘playing all kinds of different sports’. Subsequently, we convened to 
categorize the identified activities, with a particular focus on their 
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potentially different impact on health and on ensuring a consistent 
level of specificity across categories. Broad terms such as recreation 
were deemed too general to be analytically useful, whereas distinctions 
like physical versus social activities were considered meaningful. This 
process ultimately yielded six distinct categories: physical, mindful-
ness, nature appreciation, environmental, social and cultural activities.

Annotating park OSM tags with activities using LLM classifiers
To associate different park elements and spaces with health-promoting 
activities, we annotated OSM tags describing those elements and 
spaces with activities. This turned out to be a challenging task. OSM is 
a collaborative platform with some governance and guidelines (https://
wiki.openstreetmap.org/wiki/Map_features) for tagging, but the flex-
ible tagging system offers the crowdsourcing contributors substantial 
freedom. As a result, the data can be inconsistent and fragmented, 
necessitating thorough cleaning. Each map object, such as park ele-
ments and spaces, can be tagged with an unlimited number of tags, 
offering in-depth descriptions. As a result, we encountered over 30,000 
unique key–value pairs associated with park elements and spaces. As 
our primary focus is on the core functional aspects of these elements, 
we conducted a data cleaning step (detailed in the Supplementary 
Information) to remove irrelevant metadata associated with the map 
objects. This filtering allowed us to focus exclusively on tags relevant 
to activity-related features, thereby making the annotation process 
more pertinent to our study.

Using LLMs for annotation. Even for domain experts, linking these tags 
unequivocally to health-related activities was difficult. For instance, 
a bench might relate to socializing, enjoying nature or resting after 
physical activity. Choosing one activity over another often depended 
on personal experience, as many tags could plausibly refer to multiple 
activities. Given the large number of items and the specialized nature of 
the task, we chose an LLM classifier as an alternative to expert annota-
tion or crowdsourcing.

Using LLMs as classifiers offers several advantages as they provide 
a more objective and consistent approach to annotation, can handle 
large volumes of data quickly and do so at relatively low cost. In some 
cases, LLM classifiers have even outperformed crowdworkers61, who 
may themselves rely on machine learning tools to complete tasks62. 
Research also suggests that LLM-based annotations can match the 
quality of those made by domain experts63. Given these benefits, we 
established a benchmark in our domain to evaluate the feasibility of 
using LLMs to map OSM tags to health-promoting activities. Three 
experts manually annotated the 100 most frequent tags, and final 
labels were selected by majority vote. We then used this expert-labeled 
dataset to assess the accuracy of the labels generated by different LLM 
classifiers. The details of the LLM annotation benchmark can be found 
in the Supplementary Information. The outcome indicated that GPT-4, 
set at a temperature of 0.9, yielded the best annotation performance 
of an F1 score of 0.77.

Operationalization of the taxonomy. Using the taxonomy with six cat-
egories of health-promoting activities, and GPT-4 as the best-perform-
ing annotation model, we ran the annotation of OSM tags describing 
park elements and park spaces. These tags were then labeled with one of 
the health-promoting activities, or ‘none’ if they did not support a par-
ticular activity. In doing so, we established a lexicon of park elements 
and spaces linked to health-promoting activities (Extended Data Table 
1). We had to exclude the mindfulness activities category at this stage, 
as none of the OSM tags found in parks was primarily associated with it.

Computing park health scores by aggregating OSM tags
The core method to characterize parks in terms of their potential for 
health-promoting activities is based on counting the respective park 
elements and spaces. These counts are then combined to give each park 

an overall score for each health-related category. This score represents 
the potential health benefits of each park.

Counting health-promoting elements and spaces in parks. In our 
process of assigning health-promoting activity scores to each park, 
we first gathered park elements and spaces within each park using 
the osmium library. We then assigned health-promoting activities to 
these elements and spaces based on the lexicon created in the previ-
ous step (Extended Data Table 1). We discarded any elements or spaces 
whose tags did not match an activity category. In a few instances, park 
elements or spaces could fall into more than one health-promoting 
activity category. For example, apple trees are annotated in OSM with 
the tags [natural=tree, produce=apple]. In our lexicon of park ele-
ments and spaces, we map natural=tree to the nature appreciation 
and produce=apple to the environmental category. To account for this 
overlap, we proportionally assign the element as 50% nature apprecia-
tion and 50% environmental. More generally, when multiple tags are 
matched to different categories, we proportionally count the resource 
based on the number of matched tags, ensuring that its contributions 
are accurately accounted for, thus avoiding underestimating secondary 
activities of multipurpose facilities.

Transforming counts into health scores. After tallying up the park 
elements and spaces within the park, we measured the overall effect 
of the park in promoting healthy activities within a city. This score 
should account for the park’s size and the range of facilities it offers 
for different activities. Our proposed scoring method is based on the 
following considerations.

(1)	 Amount of health-promoting elements and spaces: The number 
and area of health-promoting facilities determine how much 
offering there is for each activity.

(2)	 Area of the park: The character of a park depends on the con-
centration of health-promoting facilities. Larger parks must 
offer more to obtain a high score.

(3)	 Diminishing returns with increased count: We posit that, as the 
count of these elements and spaces increases, the associated 
benefits exhibit diminishing returns.

(4)	 City-specific normalization of park health scores: The value  
of a park’s facilities for a certain activity is relative to similar 
facilities in other parks throughout the city.

To reflect these assumptions into our scoring, we proposed a 
linear regression model to compute the park health scores shown 
in equation (1). We used the idea of an ‘average park’ in each city to 
compute a baseline and used the distance of each park to the average 
park line, that is, the residual, as a score. The average park baseline was 
determined by computing separate linear regression models for park 
elements and spaces in each city, estimating the expected amount of 
facilities relative to the park area.

EAct(log2(count(Act))) = i + s × log2(park area ) |Act ∈ Activity Categories ,
(1)

where i and s represent the intercept and slope of the regression lines, 
respectively. To obtain regression models for each activity category and 
both park elements and park spaces, we utilized the binary logarithm 
to account for the diminishing returns of an increase in park size. For 
each city, separate regression models were calculated for each activity 
category, as well as for park elements and park spaces, which is further 
detailed in the Supplementary Information.

By analyzing the residuals, we identified parks that exceeded 
expectations (positive residuals) and those that fell short (negative 
residuals) in providing health-promoting resources for a given activity. 
We made the linear model dependent on park area so that the result-
ing scores for health-promoting elements and spaces reflected their 
density. To reduce the influence of extremely large parks with high 
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amounts of facilities, we applied the binary logarithm. We calculated 
these scores separately for each city, rather than using a single global 
model, to ensure that the results reflected each city’s local context. To 
illustrate this method, we plotted the linear models and the individual 
park scores in the log–log space for London, UK (Fig. 2). The regression 
lines denote expected health scores based on park size. The modest R2 
values showed that the number of health-promoting facilities could not 
be explained by park size but instead reflected different design priori-
ties and the needs of local citizens. Park scores for park elements and 
spaces are residuals from this average park line in the model, adjusting 
for park size when determining health scores.

Combining scores from park elements and spaces. The regression 
models gave us individual scores for park elements and park spaces for 
each activity. To verify the impact of combining these scores into one 
combined health score, we examined the co-occurrences of park ele-
ments and spaces and found that they represent orthogonal concepts 
in practice, as shown in Extended Data Table 4. Based on this finding, 
we computed a combined score by first normalizing the scores of park 
elements and spaces using the z-score transformation, considering all 
parks in a city. This normalization allowed us to standardize the scores, 
making them comparable despite being on different scales. Then, we 
linearly combined these z scores by averaging them together to create 
the overall score for the park according to equation (2).

Score(PAct) =
z(residualelements(PAct)) + z(residualspaces(PAct))

2 , (2)

where P denotes an individual park, Act is one of the activity categories, 
the residual scores for elements and spaces stem from equation (1), and 
z() indicates the z-score transformation.

The combined and normalized scores of park elements and spaces 
represent a comprehensive and unified measure of the park’s health-
promoting amenities and facilities, accounting for both individual 
elements and cultivated areas. The combination process accounted for 
the relative importance of each aspect, leading to a more meaningful 
overall score that represents how well a park is equipped to support 
performing health-promoting activities. Because the scores are based 
on z-score-normalized residuals, a value around 0 indicates average 
support for a given activity, while a score of ±1 means the park is 1 
standard deviation above or below the city-wide average.

Quantifying disparities of park scores
One goal of our study was to quantify disparities in health benefits 
offered by different parks within a city. To measure the disparities in the 
presence of amenities and facilities associated with health-promoting 
activities within a city, we propose the following disparity index. The 
metric essentially quantifies the inequality of the park health scores, as, 
generally, one could expect that good park management would provide 
for a similar amount of features and facilities in all parks of a city. As the 
park health scores could be negative, we cannot directly use a standard 
inequality metric, such as the Gini index, but had to min–max normalize 
the park score before computing the Gini index (equation (3)).

GiniAct({X′Act|XAct ∶ P ∈ C}), (3)

where XAct is the score of activity category Act ∈ [physical, cultural and 
so on] of a park P in city C, and

X′ = X − Xmax
Xmax − Xmin

(min-maxnormalization),

and the Gini index was computed in a standard way:

Gini = A
A + B ,

where A is the area between the Lorenz curve and the line of perfect 
equality and B is the area beyond the Lorenz curve64.

Semantic matching of Flickr labels and OSM tags
In our validation, we leveraged a global dataset of 10.7 million 
geotagged Flickr images taken within parks across 35 cities. Each 
image came with user-generated tags, partially annotated by com-
puter vision algorithms. To semantically match these Flickr labels to 
OSM tags, we used text embeddings, treating the task as an asymmetric 
semantic search problem. To overcome language diversity in the Flickr 
labels, we detected the top three non-English languages per city and 
translated the labels into English using machine translation models. 
To further improve embedding quality, we enriched OSM tags with 
concise definitions from the OSM mapping guidelines. The embed-
dings were generated using the all-mpnet-base-v2 S-BERT model, and 
matching was done based on cosine similarity, with a threshold of 0.7 
to ensure quality. The methodological details are described in the 
Supplementary Information.

This process yielded 2,171 Flickr-to-OSM matches, with 1,432 cor-
responding to health-promoting features. To assess accuracy, three 
experts reviewed the 20 most frequent label–tag matches for London. 
We aggregated their responses using majority voting. The experts’ 
annotation agreed with 82% of the matchings, which is highly accurate 
considering they are based solely on individual tags.

Having assured that the matchings are accurate, we proceeded to 
profile the parks based on the activities associated with the matched 
OSM tags, following the same scoring approach as what we used for 
the OSM park elements and spaces (equation (1)). In our validation, we 
chose a minimum of 250 images from each park and at least 15 parks 
in each city. This criterion was established to secure a robust number 
of images for each park, thus ensuring the accuracy of our analysis. 
This was a mitigation against potential biases that could have been 
introduced by individual photographers if a park had only a few images.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The replication package contains tables of the park health scores in the 
cities available at https://social-dynamics.net/healthy-parks/replica-
tion. The original OpenStreetMap data used for scoring the parks are 
publicly available and can be best obtained from one of the third-party 
download servers, for example from https://download.geofabrik.de. 
The Flickr dataset for the validation cannot be shared due to the terms 
of conditions of this dataset.

Code availability
The Python and R code to compute park health scores is available 
at https://social-dynamics.net/healthy-parks/replication.
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Extended Data Fig. 1 | Pearson correlations between park health scores and 
the distance to the city center by city show mostly low to moderate negative 
correlations. This figure complements the findings regarding geographic 
influences on park health scores, subdivided by continents. Using a correlation 

analysis between the distance to the city center (discounted using the binary 
logarithm) and the park health scores, we aimed to provide an additional 
quantification of the decay in park scores moving away from the city center.
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Extended Data Fig. 2 | Inequality of park scores in the cities. Overall, nature-appreciation activities show the lowest disparities, whereas the largest differences can 
be observed in the social activities category. This figure visualizes the data in Table 2.
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Extended Data Table 1 | Lexicon of elements and spaces for health-promoting activities in parks

We show the 10 most frequent tags per activity category. The full lexicon of 1441 elements and spaces is available in the replication package.
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Extended Data Table 2 | Top parks of the cities by activity category

We list the best-equipped park of each city by their scores on each activity category.
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Extended Data Table 3 | Park health scores by quartiles determined using the distance to the city center

Q1 are the inner city parks, and Q4 are the parks that are most distant to the city center. On the left, we show the mean health scores for each quartile; on the right, we show the p-values 
determined using a two-sided t-test for each null hypothesis H0: Qi = Qj stating that the mean scores for two subsequent quartiles i and j are equal. All null hypotheses can be refuted with high 
significance levels (p < 0.001, ***), with the exception of the difference between Q3 and Q4 in the environmental category, where the significance is p = 0.003, **. We confirmed the normal 
distribution of the scores using QQ-plots.
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Extended Data Table 4 | The correlations between the scores for park elements and park spaces are low

This property allowed us to linearly combine them into a unified score.
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