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Mobile application traffic reveals 
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Urban parks play a key role in supporting public health. Landscape architecture typically considers 
parks through the lens of form and function. While past research on equitable access has focused 
mainly on park form, studies addressing functional uses have been constrained by limited scale and 
coarse measurement techniques. Existing efforts have partially quantified park functions through 
small-scale surveys and movement data (e.g.,GPS, check-ins) or general usage data (e.g.,CDR), but 
have not effectively captured the specific activities and motivations underlying park visits. As a result, 
our understanding of the functional roles urban parks play remains incomplete. To address this gap, 
we introduce a novel method that refines mobile base station coverage using antenna azimuths, 
enabling more precise distinction of mobile traffic within parks versus surrounding areas. Using 
Paris as a case study, we analyze a large-scale dataset of passively collected per-app mobile network 
traffic amounting to 492 million hourly records, representing a 35% market share spanning 45 urban 
parks. We test two hypotheses: the Central-City hypothesis, which posits that multifunctional parks 
emerge in dense, high-rent areas due to land scarcity; and the Socio-Spatial hypothesis, which views 
parks as reflections of neighborhood routines and preferences. Our analysis shows that parks have 
distinctive mobile traffic signatures, differing from both their urban surroundings and from each other. 
By clustering parks based on temporal and application usage patterns, we identify three distinct 
functional types, Lunchbreak, Cultural, and Recreational parks, and analyze the traffic usage toward 
different motivations for visitation, i.e., pathways to realize parks’ health-promoting potential. 
Centrally located parks (cultural and lunchbreak) display more diverse app usage and pronounced 
temporal variation, while suburban (recreational) parks reflect the digital behaviors of nearby 
communities, with app preferences aligned to neighborhood income. These findings demonstrate the 
value of mobile traffic as a proxy for studying the diversity of usage and activities within urban green 
spaces, with implications for park planning, public health, and well-being.

Cities are shaped by the interaction between land use, movement, and daily routines. In aging societies, parks 
are prime health assets due to their multifunctionality: in dense and expensive urban areas, they take on many 
roles because space is limited and competition is high1,2, playing a key role in public health3,4, especially when 
exposure to at least 120 minutes per week in nature can be associated with improvements in well-being5. In 
contrast, parks also reflect the social traits, habits, and resources of nearby communities, forming neighborhood 
identities, seeing space as something created through everyday actions, cultural norms, and shared meanings6,7. 
The contrast between these two ideas allows for two competing premises to exist: the first is related to the 
Central-City hypothesis, a top-down approach where park multifunctionality is defined by planners from the 
start to enrich the scarce space. The second is the Socio-Spatial hypothesis, where parks are designed from a 
bottom-up approach, with their functionalities being shaped by the way people interact with them.

Understanding how people use these spaces differently across city limits—within both Central-City and 
Socio-Spatial hypotheses—is essential for urban planners who seek to improve park design, management, use 
and impact. This often involves examining both the parks’ form—such as the amount and type of greenery 
or the presence of lakes—and their function, like encouraging sports, social interaction, or enjoying nature8,9. 
Though form and function are linked, prior studies have focused on form, treating parks mainly as green 
infrastructure10,11. Others have studied parks’ functional benefits, especially health gains and, particularly, health 
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outcomes such as physical activity12,13. Urban studies have also grouped parks into categories. Researchers have 
proposed typologies for specific cities14–17, shaped by the goals of each analysis.

The growing availability of mobile phones offers new opportunities to study urban space use through the data 
they passively generate, revealing detailed information about how urban spaces are used18,19, reliably showing 
where and when people are present and how they move in specific areas20. Early studies used call detail records 
(CDRs) from mobile networks to distinguish park zones from other types of land use21, while recent work has 
used GPS data to study park accessibility22,23, the impact of the COVID-19 pandemic24,25, and inequalities in 
park access based on space, socioeconomic status, and activity26–28. Overall, smartphone data has so far been 
useful for identifying where and when people visit parks, but less helpful for explaining why they visit or what 
they do there29.

This limitation in understanding what users might be doing in parks comes from the data sources. GPS25,30,31 
and CDR32 are limited to showing visitors’ mobility and journey to parks. App-specific traffic from single 
platforms (e.g.,Strava29, Flickr33), geotagged images33,34 and social media posts35 limit the observed behavior 
to a single activity and may suffer from limited representativeness. With the densification of mobile networks 
and rise in adoption of smartphones, app-level mobile traffic can be an alternative source to help understand 
spatiotemporal phenomena at country36 and city37 scale, and can be an interesting proxy to help understand 
what visitors might be doing in parks. However, accurately localizing traffic at small urban areas remains an 
open challenge, often relying on square grids or Voronoi cell overlays38 to estimate smartphone utilization in 
park boundaries.

To address these gaps, we develop a method to assign application-level mobile network traffic to fine-grained 
urban areas using data from a major telecom provider in Paris. This approach enables large-scale, passively 
collected observation of smartphone use within parks, providing new insight into how people use these spaces 
across time, location, and socioeconomic context. Using this framework, we examine how smartphone activity 
differs between parks and other urban areas, classify parks based on patterns of mobile app use, and test how 
the Central-City Multifunctionality and Socio-Spatial Differentiation hypotheses coexist in practice. Our research 
addresses the following questions: i) How can passively collected mobile app traffic be reliably assigned to urban 
parks? ii) How does smartphone app use differ between parks and other city areas? iii) How does smartphone use 
vary across parks, and what temporal, spatial, and behavioral patterns are visible? iv) Can park use be classified 
based on mobile app usage, and what functional types of park use emerge? v) Can mobile app usage reveal how 
the two spatial hypotheses of park use coexist in urban environments, and how they relate to city space?

Results
We use large-scale traffic data from a major mobile network operator in Paris, collected between January 31 and 
May 31, 2023 (see Section "Mobile Traffic Data Collection" for data and ethical details). First, we identified parks 
where mobile traffic could be reliably linked to park visitors. Thus, our study has a focus on medium to large 
urban parks (minimum 1.2 ha, median 25.5 ha), each with sufficient cellular antenna coverage to allow reliable 
attribution of traffic to the park area (see Section "Quantifying the Quality of Coverage in Parks" for methodology 
details). For the selected 45 parks, we examined usage patterns and found clear differences in mobile app use 
between parks and other parts of the city, along with distinct time-based patterns. These usage profiles allowed 
us to group parks into three types based on app use, which we linked to the socioeconomic indicators of nearby 
neighborhoods, validating the coexistence of both the Central-City and Socio-Spatial hypotheses in Paris.

Reliable assignment of traffic to parks
A central contribution of our research is moving beyond coarse-grained spatial analysis of mobile traffic, which 
traditionally relies on Voronoi geometries to approximate base station coverage. We refine earlier approaches that 
incorporated azimuth angles, i.e.,dividing base station coverage into antenna sectors to optimize coverage39,40, 
to isolate mobile traffic at specific small-scale urban spaces, such as parks. Our method is illustrated in Fig. 1. 
In Jardin du Luxembourg (Fig. 1A), the traditional Voronoi geometry (dark orange outline) covers the park but 
also a wide surrounding area. By considering the base station’s three antenna sectors (S1–S3), we can define a 
more precise coverage area (light orange outlines). Sector S1 primarily covers the park (orange area) and is the 
most suitable for our analysis, while S2 and S3 point in other directions and should be excluded, as they do not 
cover the park.

Concretely, we followed three steps: 1) selecting antennas that sufficiently cover parks (Fig. 1A/B), 2) 
identifying parks served by those antennas (Fig. 1B), and 3) retaining parks where the assigned traffic exceeds 
the thresholds defined for reliable attribution (Fig. 1C). This process results in a final set of 45 parks for analysis 
(further details of studied parks in Supplementary Information). We observe a direct correlation between the 
Quality of Coverage metric and park area (Fig. 1C), indicating that our sample mainly includes medium- to 
large-sized urban parks. This outcome is expected, as larger parks are more likely to be served by dedicated 
antennas. Even though modern cellular networks are dense in urban areas, the individual coverage areas are 
often too small to cover small neighborhood parks. This data limitation reflects the current spatial granularity 
of mobile network deployment and prevented us from reliably analyzing small and pocket-sized urban parks.

The uniqueness and diversity of smartphone use in parks
To compare mobile app usage in parks with other urban spaces, we selected the 41 most relevant mobile apps, 
which together account for almost 80% of traffic (see section "Selecting Mobile Applications"). These apps were 
grouped into nine categories: Fitness, Games, Music, News, Productivity, Shopping, Social, Travel, and Video 
(see Table 2, Section "Selecting Mobile Applications").
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People tend to use different mobile apps in parks compared to the rest of the City
Figure 1D shows the Relative Symmetric Comparative Advantage (RSCA) for each app category in parks and 
in other areas of the city, allowing us to perform an analysis of comparative advantage, i.e.,observe the over- or 
under-utilization of mobile applications in parks versus the city.

Park-specific applications. Apps in the Music and News categories stand out for being used significantly more 
in parks than in the rest of the city. This difference in mean usage is statistically significant (p < 0.005 for 
Music and p = 0.049 for News (details in the Supplementary Information). Categories such as Fitness, Video, 
Shopping, and Travel also have higher average usage in parks, but with statistically non-significant differences.

City-specific applications. In contrast, Social and Games apps are used significantly more outside parks. The 
differences in their mean usage are statistically significant (p = 0.005 for Social, p = 0.027 for Games). Social 
apps show negative RSCA values in parks and positive values elsewhere, suggesting under-use in park settings. 
Games follow a similar pattern: they are underused in parks but more evenly distributed across the city.

Despite these trends, RSCA confidence intervals in parks show substantial variation across categories 
(e.g.,Games), suggesting that app usage within parks is not uniform, requiring a more detailed park-level analysis.

Temporal patterns in park traffic reflect work–leisure utilization
To understand temporal patterns in park usage, we divided traffic volumes into weekdays and weekends41, 
calculating the median daily volume for each. Approximately 75% of parks experience higher traffic on weekdays 
than on weekends (Fig. 1E). However, the median ratio of weekday to weekend traffic in parks is 1.17, compared 
to a slightly higher ratio of 1.19 in the rest of the city. This suggests that although mobile traffic generally declines 
on weekends, the decrease is less pronounced in parks. The weekday-to-weekend traffic ratio varies considerably 
across parks, ranging from 0.72 to 1.86. To understand what types of parks are used more during different 
periods, we examined both ends of this spectrum.

Parks with high weekend traffic. The three parks with the highest weekend traffic—Parc départemental de la 
Fosse Maussoin, Parc Georges Brassens, and Parc de la Vallée-aux-Loups—are primarily oriented toward nature-
based activities. Parc départemental de la Fosse Maussoin and Parc de la Vallée-aux-Loups, both in the Parisian 
suburbs, feature dense green spaces. Parc Georges Brassens, located more centrally, includes a pond, meadows, 
tree groves, and several themed gardens, including a vineyard. These parks, which attract more visitors on 
weekends, are mainly situated in residential areas.

Fig. 1.  Top: Methodology for selecting parks that can be reliably analyzed. (A) Considering a base station, we 
leverage the coverage sectors to allow finer-grained Voronoi geometries, which allow a selection of geometries 
with better overlap with parks. Example of (B1) good coverage (top - Jardin de Luxembourg) vs. (B2) poor 
coverage (bottom - Square Samuel Rousseau); (C) Plotting park area (x-axis) against the Quality of Coverage 
Qp (cf. Section "Quantifying the Quality of Coverage in Parks", y-axis). Larger parks generally have better 
coverage, leading to a focus on bigger parks. From 1,641 named parks in Paris, we selected 45 (min: 1.2 ha; 
median: 25.5 ha; max: 995 ha) for our study. Bottom: Traffic analysis across parks. (D) RSCA distribution in 
parks and the city, indicating app popularity (RSCA > 0) or unpopularity (RSCA < 0). Markers show means, 
lines indicate 95% confidence intervals. ∗ and ∗∗ mark significant differences. (E) Ratio of traffic on weekdays 
vs. weekends for individual parks (gray), park average (green), and city average (black). Values > 1 indicate 
higher traffic on weekdays.
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Parks with high weekday traffic. Conversely, the three parks with the highest weekday traffic—Jardins Abbé 
Pierre, Parc Monceau, and Parc Suzanne Lenglen—are located in or near areas with high concentrations of offices, 
schools, or government buildings. Jardins Abbé Pierre and Parc Monceau are centrally located, near universities 
and business districts. Parc Suzanne Lenglen, on the southern edge of Paris near Issy-les-Moulineaux, includes a 
large multi-sport facility used for classes and is close to both the Ministry of Defense and a major digital business 
hub—factors that likely contribute to its high weekday traffic.

Three park types emerge from traffic patterns
We used each park’s per-application RSCA values and its weekday-to-weekend traffic ratio as features in spectral 
clustering (see Section "Clustering Mobile Traffic Toward Park Categories") to classify parks according to their 
smartphone usage patterns. Based on the Silhouette score and additional qualitative analysis, we selected k = 3 
as the final number of clusters (details for the clustering methodology in the Supplementary Information), as 
depicted in Fig. 2A. Examining the parks within each cluster reveals notable differences in temporal traffic 
patterns (Fig. 2B) and mobile app category preferences (Fig. 2C). We also observe a spatial pattern in the 
distribution of clusters across the city.

The functional park types in paris: cultural, lunchbreak and recreational
We identified three primary functional park profiles; to determine the names for the clusters and to understand 
how people use these parks, we analyzed Flickr image tags associated with each park to assign meaningful names 
that reflect the functional identities of clusters (details in the Supplementary Information). Tags with higher 
relative importance highlight thematic differences among clusters—such as natural and urban features for 
Lunchbreak parks, arts and festivals for Cultural parks, and lower-density, French-oriented tags for Recreational 
parks.

Recreational parks (in blue) are in the suburban areas of Paris, known as the Banlieue. These areas include 
separate cities in the departments of Hauts-de-Seine, Seine-Saint-Denis, and Val-de-Marne. According to 
the 2017 census, 68% of the people living in metropolitan Paris reside in these less densely populated, mostly 
residential zones. Examples of parks in this group include Parc départemental de la Fosse-Maussoin and 
Domaine départemental de la Vallée-aux-Loups. Parks in this group have the lowest traffic use compared with 
other parks and the rest of the city: 57% less median traffic than the city’s median. In contrast, the median traffic 
at parks in the other two clusters is close to the city’s overall level: Lunchbreak parks have only 8% less traffic, 
while Cultural parks have 3% more.

Lunchbreak parks are in densely built areas near business districts and universities. Their traffic patterns are 
distinct: traffic is much higher on weekdays, with median traffic 58% greater than on weekends as shown in Fig. 
2B. In Fig. 1E, these parks appear on the right side of the plot. Lunchbreak parks are smaller, with a median area 
just 36% of that of other parks. Their weekday traffic patterns, closeness to business areas, and the types of apps 
used on weekdays (breakdown of application preference between weekdays and weekends is the Supplementary 
Information) suggest that office workers use these parks during work breaks. Examples include the Jardin du 
Luxembourg and the Jardin des Plantes. While these parks may have cultural attractions, their location near 

Fig. 2.  (A) Park types across Paris. (B) Median weekly traffic per cluster for parks within each cluster. (C) 
RSCA by application and park cluster. Points show mean values, while lines indicate 95% confidence intervals 
across parks in each cluster.
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dense work and study areas, along with their usage patterns, suggests they are predominantly used by workers or 
students taking breaks during the week.

Cultural parks (in red) are known for their attractions, such as the Champ de Mars with the Eiffel Tower, 
Jardin des Tuileries, and Parc de la Villette, which includes a museum and concert venues. These parks show the 
most even traffic distribution between weekdays and weekends, with weekdays having only 7% more median 
traffic. Their steady popularity likely stems from their historical significance and location in a city with high 
tourist activity. This also explains why they have the highest median traffic among the three clusters, with 3% 
more than the city’s median.

To further validate the clusters, we conducted a qualitative analysis of several key parks. The highest 
weekday-to-weekend traffic ratio is in Parc Monceau (Lunchbreak), located in a mixed-use area with many 
offices and embassies. It shows a sharp drop in traffic on weekends, despite being surrounded by residential 
buildings, suggesting that local residents may not see it as a major weekend destination, or that the area’s 
population declines significantly outside the workweek. Parks with above-average traffic are mostly classified as 
Cultural or Lunchbreak, with the highest overall traffic seen in Jardin des Plantes, located in central Paris near 
Sorbonne University. The parks with the lowest traffic are those with a high density of natural features and are 
classified mainly as Recreational. We suggest that the nature-focused design of these parks may influence visitor 
behavior, leading to reduced smartphone use. Parc Pierre-Lagravère and Parc Jean-Moulin–Les Guilands were 
also classified as Cultural, despite being in suburban Paris. Both underwent recent renovations that introduced 
modern buildings and wide open spaces—features that differ from other suburban parks, which might have led 
to the change in smartphone patterns.

App usage varies among park types
We next explore how mobile application preferences change across park types (Fig. 2C), conducting a series 
of experiments to validate dissimilarities (detailed in the Supplementary Information). Cultural parks show 
lower usage across most app categories, suggesting that visitors use a limited range of apps. Social media 
and music streaming apps stand out with above-average usage, likely reflecting tourists who focus on social 
engagement rather than routine activities such as shopping, gaming, productivity, or news while exploring the 
city. Lunchbreak parks show a similar pattern, with most app categories displaying neutral or slightly negative 
RSCA values, except for social and music apps. This suggests that both centrally located clusters (Cultural and 
Lunchbreak) similarly influence smartphone utilization, a pattern also seen around the general areas of Paris 
(shown in black in Fig. 2C). Overall, Cultural and Lunchbreak parks show similar (statistically non-significant) 
differences in app preferences compared to the rest of the city, with the exceptions of music apps and video apps 
(further details in Supplementary Information).

The Recreational parks present distinct app preference patterns not only from the rest of the city, but also 
from the other two park clusters, with significant differences for almost all app categories (statistical tests 
detailed in Supplementary Information). Recreational parks show over-utilization across most app categories, 
except for music and social media. Notably, they are the only parks with increased use of fitness apps, along 
with higher engagement in news and travel categories. Combined with the insight that Recreational parks have 
the lowest overall traffic (Fig. 2B), these findings suggest that these parks serve a unique role, offering a setting 
for relaxation and everyday routines while encouraging physical activity and limiting social media use. When 
visitors use their phones, they tend to favor apps for reading and planning.

Beyond their technical classification, these three functional park types reflect distinct health-relevant 
usage patterns with important equity implications. Lunchbreak parks may have utilization patterns linked to 
occupational populations with regular daytime proximity to central districts. Access to outdoor green spaces 
outside of workplaces can have an effect in reducing stress42, offering a more pleasant place to walk during breaks 
and release tension43, even when they remain connected to their phones. Recreational parks in suburban areas 
deserve closer study for their potential impact on health equity. Lower overall smartphone use and under-use 
of social applications in Recreational parks suggest that visitors might engage in fewer passive digital behaviors. 
Although this study does not directly measure health outcomes, previous works have linked them to lower 
screen time and potential well-being benefits44. This leaves space for future works to further study the under-
explored topic of the joint effects of screen time and green time on health and well-being45, especially in the 
context of urban parks.

Two lenses on park multifunctionality: economic pressure versus cultural mediation
To investigate whether socioeconomic factors underlie the observed smartphone patterns, we evaluate two 
competing hypotheses using Pearson correlations between traffic consumption, application preferences, and 
socioeconomic indicators. Socioeconomic indicators are collected at the IRIS level, the smallest geographical 
unit in the French Census46. A park is linked to an IRIS, if the IRIS contains the majority of each park’s area. As 
our data is aggregated at the antenna level, we cannot infer visitors’ home locations or distinguish residents from 
non-residents. We therefore treat socioeconomic indicators as attributes of each park’s surrounding context. This 
is supported by evidence of strong socioeconomic segregation in large cities47, which limits cross-neighborhood 
mobility and strengthens the correspondence between an area’s socioeconomic profile and that of its park visitors.

The central-city hypothesis
The Central-City hypothesis describes a top-down approach: it posits that centrally located parks exhibit greater 
diversity in human activity due to the combined effects of agglomeration and high land values. In major cities 
like Paris, space in dense and expensive areas must serve multiple functions to justify its use—office workers, 
students, cafe-goers, and transit users.

https://www.nature.com/scientificreports


Scientific Reports |        (2026) 16:28090 6| https://doi.org/10.1038/s41598-026-61506-6

www.nature.com/scientificreports

Park location and weekday usage. Fig. 3 (top) presents the relationship between the weekday-to-weekend 
traffic ratio and three key socioeconomic indicators: distance from the city center, median household income, 
and economic inequality (Gini Index). We observe a modest negative Pearson correlation between distance 
to the city center and the weekday-to-weekend app traffic ratio (ρ = −0.317, p = 0.034). Parks closer to the 
center exhibit higher weekday activity, while those farther away tend to attract more visitors on weekends. This 
pattern aligns with the expectation that centrally located spaces, such as Lunchbreak parks, cater to weekday 
populations. While the weekday-to-weekend ratio of Cultural parks is lower, their overall traffic demands during 
weekdays are still on par with Lunchbreak parks (evidenced by Fig. 2B).

Affluence and multifunctionality.
Median income in the surrounding area shows a positive correlation with the weekday-to-weekend ratio 

(ρ = 0.396, p = 0.007). This correlation reflects not income as a direct driver, but rather the co-location of 
high income with urban centrality in Paris, as observed in Fig. 3 through the distribution of park clusters and 
median income levels. In dense, affluent central districts, high land values create acute economic pressure: the 
scarcity and cost of space force parks to serve multiple constituencies simultaneously (office workers, students, 
commuters, and tourists) to justify their continued use and upkeep. This multi-functionality is evident in the 
distinct weekday-to-weekend signatures of the two central park types: Lunchbreak parks are located precisely in 
office and university concentrations and show the steepest weekday-to-weekend traffic ratios (up to 1.58), while 
Cultural parks show more balanced weekday-to-weekend usage.

This differentiation reveals that the weekday-to-weekend pattern can be explained by functional pressure and 
location, not income per se. Cultural and Lunchbreak parks are indeed predominantly situated in higher-income 
neighborhoods, whereas Recreational parks are located in areas with low to average incomes; similarly, the Gini 
index pattern observed in Fig. 3 (ρ = 0.306, p = 0.041) mirrors this spatial distribution, with Lunchbreak and 
Cultural parks more common in areas of greater inequality (Gini > 0.5) and Recreational parks in areas of lower 
inequality (Gini < 0.4). Together, these patterns support the Central-City hypothesis: centrality and economic 
scarcity drive parks to become multifunctional support spaces, providing affordable, accessible opportunities 
to decompress in areas where alternative leisure options are costly. These spaces serve either as break spaces for 
work/study life (Lunchbreak) or as cultural and tourist destinations (Cultural).

The socio-spatial hypothesis
The Socio-Spatial hypothesis describes a bottom-up process: park use patterns reflect the habits, resources, and 
cultural practices of surrounding communities6,7. In this view, suburban park multifunctionality emerges from 
social mediation and lifestyle norms rather than from urban form pressures.

Application preferences and income levels. We examine the relationship between application category 
preferences (measured via RSCA values) and socioeconomic indicators (Fig. 3, bottom). The socioeconomic 
context of the areas surrounding parks may not fully reflect the characteristics of park visitors, since individuals 

Fig. 3.  Relation between weekday to weekend traffic ratio (top) and RSCA (bottom) versus socioeconomic 
indicators, for park categories. Pearson correlation coefficients ρ and p-values (in parentheses) are indicated on 
top.
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can travel from other parts of the city to visit them. Because the data used in this study does not distinguish 
between nearby residents and cross-town visitors, the IRIS-based socioeconomic indicators should be interpreted 
as contextual proxies rather than direct visitor attributes. This is especially relevant in Paris, where the dense 
public transportation networks enable relatively easy cross-neighborhood access. However, previous works 
have observed that travel distance can limit park visitation34,48 and that, even in well-connected cities, large-
scale socioeconomic segregation structures daily movement patterns: people disproportionately encounter and 
visit places with socioeconomic profiles similar to their own47,49. This suggests that, while the data used cannot 
distinguish between locals and visitors, transit accessibility may not fully erase the socioeconomic structuring of 
exposure and visitation contexts.

We observe the following statistically significant relations between mobile application preferences and 
income levels from the regions where parks are located:

Gaming apps: In Recreational parks, gaming usage declines with increased median income, suggesting 
that visitors of parks in lower-income areas may engage more in passive entertainment activities. Cultural and 
Lunchbreak parks show lower gaming usage overall, independent of income.

Music apps: Music app usage increases with income in both Lunchbreak and Recreational parks; Cultural 
parks display a similar but non-significant trend.

News apps: Only Cultural parks show a significant positive correlation between income and news app usage, 
indicating greater consumption of news content in higher-income contexts.

These findings support the Socio-Spatial hypothesis: suburban Recreational parks’ app signatures are 
systematically associated with the socioeconomic context in which the parks are embedded. In lower-income 
neighborhoods, parks serve as low-cost leisure venues for the visitors they receive (whether locals or outsiders), 
with higher engagement in gaming. In wealthier suburban contexts, Recreational parks see greater use for music 
and potentially productivity-related activities. For example, the News and Information category in Recreational 
parks shows a positive (though non-significant) correlation with income (ρ = 0.317, p = 0.215). This aligns 
with the Socio-Spatial view that park activities are embedded in local digital cultures and lifestyles.

Discussion
Using the proposed framework, we are able to accurately isolate mobile traffic within a defined set of parks. This 
enables the first large-scale analysis of how weekly aggregations of mobile traffic and applications are consumed 
across parks. We identify three main functional park types across a set of 45 parks in Metropolitan Paris, each 
showing distinct smartphone patterns that reflect different user behaviors and activities. While our three park 
types partially align with existing categorizations50,51, our work establishes a new, data-driven classification 
grounded in behavioral usage data, exploring how competing hypotheses for spatial utilization of parks coexist 
in the city of Paris.

Main findings
Smartphone usage is diverse in parks and different from the rest of the City
Our findings show that mobile application usage via smartphones differs significantly in parks compared to 
other parts of the city. This supports previous land-use studies that identified green spaces as a distinct category 
in mobile phone activity21,41, and further reveals that fitness, music, news, shopping, and travel apps are more 
frequently used in parks, while social media and gaming apps are less preferred.

Smartphone usage patterns also vary markedly across time and between parks, reflecting differences in weekday 
versus weekend preferences, as well as park location and function. Parks with higher weekday smartphone use 
are typically centrally located and situated near workplaces or educational institutions. In contrast, parks with 
greater usage on weekends tend to be found in residential suburbs and feature more natural landscapes. These 
findings are consistent with prior research on temporal patterns in urban green space usage52,53.

Complementary research shows that user-generated content (UGC) can reveal important perceptual and 
experiential dimensions of park use. For instance, large-scale analyses of online reviews using NLP have 
linked positive and negative park perceptions to specific environmental features, e.g.,water, colorfulness, and 
tranquility, highlighting how design attributes shape reported experiences across cultural contexts54. More 
broadly, user-generated geographic information has been shown to provide insight into where, when, and 
how people use and value urban green spaces, while also emphasizing platform-specific biases and the value of 
combining multiple digital traces29. Social media user attributes further demonstrate how differences between 
user groups can be inferred from what people share and where they visit, offering a window into heterogeneous 
human–environment interactions in parks33. While these UGC-based approaches capture stated perceptions 
and meanings expressed through text and images, our passively collected app-level mobile traffic provides a 
complementary lens on revealed behavior at scale, passively capturing continuous temporal rhythms and 
functional differentiation across parks, including everyday routines that may be underrepresented in voluntary 
posting and review activity.

Mobile traffic reveals two spatial theories for urban parks
Mobile traffic consumption and application preferences provide empirical support for both hypotheses (Section 
"Two Lenses on Park Multifunctionality: Economic Pressure versus Cultural Mediation"), showing how 
economic pressure and socio-spatial context jointly shape park multifunctionality.

Our findings support the Central-City hypothesis, in the sense that social media apps are more commonly used 
in both Cultural and Lunchbreak parks, which are centrally located, historically significant, and attract the highest 
smartphone activity. These parks show marked temporal shifts in app usage: social media and productivity apps 
are favored on weekdays but decline on weekends. In contrast, Recreational parks show steadier patterns: app 
preferences on weekends in both central park clusters move closer to those seen in Recreational parks (details 
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about application preference variations between weekdays and weekends in Supplementary Information), 
reflecting increased use of fitness and recreational apps. This flexibility highlights the adaptive, multipurpose 
role of central parks, in areas with workplaces, tourist attractions, and residential functions. Meanwhile, toward 
the Socio-Spatial hypothesis, suburban parks are typically larger and more nature-oriented, aligning with our 
observations of Recreational parks, which see lower overall traffic but higher weekend use. These parks display 
distinctive digital behavior aligned with everyday leisure and physical activity, consistent with research indicating 
that park visitors engage in more physical activity on weekends55.

Building on these hypotheses, we find that suburban parks exhibit temporally distributed multi-functionality 
shaped by neighborhood socioeconomic context and digital cultures. Parks located in lower-income 
neighborhoods show greater preference for passive digital recreation such as gaming, while higher-income 
neighborhoods display greater use of fitness tracking and productivity apps, consistent with the lifestyle 
segmentation theory56. In contrast, centrally located Cultural and Lunchbreak parks, situated in wealthier and 
more socioeconomically diverse areas, display the highest app diversity and strongest weekday-weekend shifts, 
reinforcing the coexistence of top-down spatial pressures and bottom-up social practices in shaping park usage 
given the context in which they are embedded.

Our findings echo previous empirical studies. In Berlin, users favored nearby parks on weekdays irrespective 
of their size but traveled farther on weekends to large parks with group amenities52. Similarly, in Coimbra 
accessibility and demographics shape park activities, with central parks attracting younger and more socially 
oriented uses57. Our analysis on mobile data reproduces these patterns, showing intensified weekday activities in 
central parks and weekend-oriented recreational use in suburban ones.

Smartphone utilization guiding better urban park planning
The insights from this research can substantially inform urban planning practice and advance our understanding 
of citizen behavior in parks and other public spaces58. Large-scale urban sensing is increasingly recognized as a 
key component of data-driven and evidence-based planning in contemporary cities59,60. By leveraging mobile 
network data, planners and policymakers gain scalable, fine-grained tools to passively monitor park usage over 
time and identify behavioral patterns that traditional surveys or static datasets may miss22,61, leveraging already 
existing infrastructures from mobile operators. This capability supports more responsive and adaptive park 
management, guiding targeted interventions in infrastructure, programming, and resource allocation9,62.

Unlike conventional visitation metrics that capture only presence, app-level mobile traffic provides insight 
into functional patterns of park use. Detecting under-use or single-functionality through smartphone data can 
reveal cases where parks may require investment in new amenities or programs tailored to diverse socioeconomic 
and cultural groups63,64. Such evidence-based approaches help promote equity and inclusion, both key goals of 
sustainable urban development and environmental justice65. They also allow clearer evaluation of whether these 
investments reach and support the intended communities over time, and help avoid unintended effects such as 
gentrification and greater socio-spatial inequality66. Furthermore, the methodological framework established 
here can extend beyond parks to other urban green spaces and domains, supporting data-driven planning for 
biodiversity, climate resilience, and well-being across cities63,67.

Comparable methodological debates have emerged in transportation research, where passively collected 
smartphone and mobile network data have been proposed as complements to traditional travel surveys68,69. 
Rather than replacing established survey instruments, passive data enhance them by enabling continuous 
measurement and reducing respondent burden. Harding et al.69 note that app-level tracking (e.g.,GPS pings) 
may impose battery and compliance burdens that affect data quality. Mobile network probes can be a less invasive 
alternative to device-level applications and have been shown to approximate origin–destination matrices derived 
from household surveys70, though such approaches require careful validation of representativeness given 
operator coverage. Our work builds on this logic by leveraging aggregate mobile network traffic as a less intrusive 
alternative to app-level tracking while acknowledging similar representativeness considerations.

In parallel, smartphone-based ecological momentary assessment studies demonstrate the potential of mobile 
surveys to reach larger and more diverse samples than traditional in-person instruments71. However, active 
self-report approaches remain vulnerable to sampling and participation biases, including overrepresentation 
of specific demographic groups72. Moreover, developing and maintaining bespoke survey applications requires 
significant technical and financial resources73. Participatory tools—including surveys, chatbots, and civic 
engagement platforms—provide rich insight into users’ motivations, perceptions, and satisfaction, but they are 
typically episodic and rely on self-selected respondents.

Passive app-based inference differs fundamentally in that it captures revealed behavior at scale, offering 
continuous population-level signals of when and how parks are used, identifying patterns of activity, temporal 
rhythms, and functional differentiation across parks. Passive sensing can provide a behavioral baseline to 
participatory engagement surveys, helping interpret self-reported experiences. A hybrid planning model 
therefore offers the most promising path forward. Large-scale app-based inference can first identify parks 
exhibiting unusual, inequitable, or rapidly shifting usage patterns. Planners can then deploy targeted surveys, 
chatbot-based engagement, or participatory workshops to investigate underlying motivations and user needs 
in those specific contexts. By combining continuous behavioral monitoring with context-sensitive engagement 
tools, cities can move toward more adaptive, evidence-based, and equitable park management. Importantly, 
when leveraging large-scale passive measurements, researchers must be careful with properly assessing the 
representation of the population of the mobile operator versus the population reported in Census surveys, 
with careful consideration to avoid under-representation of certain shares that may not actively engage with 
smartphones.

Finally, we find that our data-driven park types partially align with existing park taxonomies. There is a large 
agreement in broad functional categories, i.e., cultural, community/lunchbreak, and recreational types, while 
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several details cannot be captured using mobile data alone, leading to missing distinctions such as vegetation-
based subtypes17 or management-driven categories that depend on physical features and institutional structures 
rather than visitation patterns. In Beijing, parks are classified by the Beijing Gardening and Greening Bureau into 
five types (“comprehensive”, “cultural relic”, “ecological”, “recreational”, and “community”) based on dominant 
functions and management structures50,51. Our Cultural parks correspond closely to cultural relic parks, as 
both integrate historical landmarks within green spaces. The Lunchbreak category resembles community parks 
that primarily serve nearby users for daily recreational activities. Meanwhile, Recreational parks overlap with 
comprehensive, ecological, and recreational types due to their stronger emphasis on nature-oriented features. 
Similarly, a feature-based classification in Phoenix identified five park types: “Suburban Amenity,” “Green 
Mini,” “Native Desert Preserves,” “Green Neighborhood,” and “Urban Core”17. While we see overlaps with our 
Lunchbreak and Recreational types, they do not clearly capture our Cultural class. This difference likely stems 
from their reliance on vegetation and general amenities as clustering features, without distinguishing historical 
landmarks. Indeed, a distinct Cultural category may not emerge in all cities, as the presence of iconic heritage 
sites varies across contexts. In Tokyo, parks were classified into six temporal types based on mobile phone data74: 
“Event-oriented,” “Weekend-centric,” “Commuter-accessible,” “Daily-leisure,” “Balanced-usage,” and “Low-
intensity.” Their temporally driven approach parallels ours, particularly through the use of weekday–weekend 
dynamics, while the integration of holiday effects in Tokyo adds a different level of discernment. Smartphone 
datasets linked to mobility can also aid in clustering user-level patterns, as was done for peri-urban parks in 
Tokyo, where mobile indicators revealed 4 distinct groups: “Park explorers,” “Regulars,” “Park enthusiasts,” and 
“Staff ”75. Future integrations between datasets that allow for user- and park-level classification can help further 
strengthen the link between the utilization of parks based on its physical features9 and studies that classify them 
based on users engagement across different granularity.

Behavioral signatures as proxies for park multifunctionality: urban planning and equity implications
Mobile app traffic patterns provide a novel, scalable proxy for understanding park multifunctionality and 
identifying equity disparities in park use. While our data cannot directly measure health outcomes, prior 
literature documents that park multifunctionality and park-based interventions promote physical and mental 
health, social cohesion, and well-being9. The accurate characterization of park functions from app traffic offers 
potential to enhance park design and resource allocation. Mobile application signature analysis may inform 
targeted improvements to park amenities and programming, and showcases its potential as a data source for 
future work jointly exploring how screen time and green time relate to urban health45, with the goal of reducing 
screen time. This approach is operationally valuable: policymakers and urban planners can use these functional 
signatures, passively collected by mobile network operators, to inform infrastructure and programming 
decisions, especially when combined with information on provision of different amenities within the parks. 
For example, Recreational parks showing low physical activity app engagement could be candidates for fitness 
facilities or sports programming, while parks with high gaming and social media use could receive community 
and cultural programming. Future research combining app-level characterization with health surveys could 
empirically validate whether these functional signatures correlate with individual health outcomes.

The socio-spatial findings linking suburban park app signatures to neighborhood income reveal disparities 
in park use across income levels in the built environment. Substantial evidence demonstrates that green space 
availability inversely correlates with socioeconomic deprivation76, suggesting equity-motivated investment 
in parks serving lower-income areas. Our finding that suburban Recreational parks reflect neighborhood 
socioeconomic characteristics suggests that app-based characterization could identify under-served communities 
for targeted park improvement or programmatic intervention. However, whether such interventions achieve 
health improvements remains an open question requiring longitudinal or intervention studies.

Mobile application traffic data may offer a novel approach to monitoring temporal shifts in park visitation, 
which could inform climate-responsive park design. Prior research demonstrates that extreme temperatures 
reduce park visitation77,78, and that this effect disproportionately affects vulnerable groups79. The integration 
of weather data with app consumption could enable future systems for monitoring park usage and climate 
conditions, allowing planners to identify parks where heat mitigation interventions (shade provision, tree canopy 
expansion, cooling infrastructure) may be most needed through the joint analysis of variation in temperature 
and specific key application categories, e.g., a potential reduction in Fitness application usage and an increase in 
Social Media usage in parks connected to a rise in temperature.

Our methodology demonstrates that passively collected digital data can characterize the functions of medium 
to large sized parks at scale, enabling policymakers to identify disparities in park use across communities. This 
approach offers a cost-effective, scalable tool for informing evidence-based allocation of park resources and 
programming to under-served neighborhoods. Future studies combining this approach with health surveys and 
intervention trials could establish whether such digitally-informed improvements translate to measurable health 
equity gains.

Limitations and future directions
Our study is not without limitations. First, our quality metrics exclude small and pocket parks because the spatial 
resolution of mobile traffic data does not reliably separate activity inside these parks from surrounding areas. 
In addition, uneven base-station density can introduce assignment error, particularly in less densely deployed 
areas, and our coverage filter mitigates this at the cost of excluding some locations. As mobile networks continue 
to densify, in the future, it may become feasible to include more and more smaller parks using the same methods, 
as well as further explore areas that currently have a less dense deployment.

Second, our approach relies on mobile network deployments for geolocation, with traffic aggregated at 
antenna level, preventing inference of visitor origins (e.g.,home neighborhoods) and separation of local residents 
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from inbound visitors. Future work combining higher-resolution mobility traces (e.g.,GPS) with app-level 
activity could directly quantify mobility flows and stratify behaviors by visitor origin. However, accessing high-
resolution mobility data typically requires linking information across institutions and potentially identifying 
individuals, which poses significant privacy concerns and limits scalability, as it conflicts with current data 
protection regulations.

It is also important to note the limitations associated with the collection of app-level traffic data. Although 
measurements are passively conducted via the network operator, they still require each application to have a 
distinct traffic footprint. For example, our Gaming category includes titles such as Pokémon Go and Fortnite, 
which have a significant online component and may be biased toward certain demographics. In contrast, 
games that generate little to no network traffic may not be well represented by this method (e.g.,Candy Crush). 
Additionally, the 35% operator market share may not fully represent digital habits across all demographic groups, 
including some elderly and lower-income populations, which may under-represent certain usage patterns. 
Future work could mitigate this through demographic weighting or by integrating complementary data sources.

Lastly, our analysis is limited to parks within the metropolitan area of Paris, potentially biasing the findings 
toward the spatial, cultural, and socioeconomic characteristics of this region. Future research could extend this 
framework to other French cities to assess national generalizability and, more broadly, to diverse global urban 
contexts to explore how relationships between smartphone usage and park activity may vary across sociocultural 
and infrastructural settings.

Methods
Mobile traffic data collection
This study builds on real-world measurements from the network of a major mobile operator in France, which 
holds a 35% market share and serves over 20 million customers in the country. The data collection period spans 
from January 31 to May 31, 2023, capturing traffic from 4G and 5G non-standalone radio access technologies. 
This traffic was collected through passive measurement probes at approximately 25,000 antennas in the Paris 
metropolitan area. To confirm that the traffic is stable over the study period, we performed an Augmented 
Dickey–Fuller test on each park, and found that it was stationary; that is, there was no significant change in 
volumes over the studied period.

User traffic is aggregated at the antenna level into one-hour intervals to protect user privacy and ensure 
compliance with applicable data protection laws80. Antennas serving fewer than 10 unique users on a given day 
are excluded from the analysis, resulting in more than 492 million records. The data format and volumes are 
detailed in Table 1.

Selecting mobile applications
The mobile applications are identified through a proprietary Deep Packet Inspection tool owned by the 
operator. It analyzes packet headers to determine the application they belong to, but does not access packet 
payload content. Applications exhibit an imbalanced traffic distribution that follows the Pareto principle with 
approximately 80% of traffic being generated by the top 20% of applications, an expected traffic pattern81. To 
derive meaningful insights into traffic consumption in parks, we started with the 100 most popular apps and 
excluded non-informative categories such as App Store traffic, unidentified encrypted traffic, and generic 
network protocols, which are not directly linked to specific user activities. The final selection of 41 applications 
accounts for 65.6% of the total traffic the mobile network sees (79.4% when excluding encrypted traffic and 
network protocols), capturing the majority of application usage in the studied area. An expert panel was used to 
categorize individual apps into high-level categories. Their task was to group applications together by the activity 
the user is engaged in when using these apps. Any conflicts were resolved in a subsequent discussion phase, 
which also included naming the resulting categories: fitness, games, music, news & information, productivity, 
shopping, social, travel, and video. The applications included in each category can be seen in Table 2.

Quantifying the quality of coverage in parks
Our methodology for selecting parks based on the quality of the antennas’ coverage is next detailed. This is done 
in three steps, each of them comparing the geometric overlap of Voronoi and park polygons. In the following, we 
use ‘illumination’ to refer to the area of the park that is serviced by a specific antenna. These steps are partially 
visualized in Fig. 1A-C:

Study Area Metropolis of Paris 7 million citizens

Study Period Jan 31 st - May 31 st 2023 4 months

Data Source A major French mobile network operator

Structure

Antenna ID 16-bit unique antenna ID 25,000 antennas

Application ID 5-digit app ID 41 apps

Timestamp Unix timestamp hour

Downlink Aggregated traffic volume bytes

Uplink Aggregated traffic volume bytes

Table 1.  Overview of the dataset and the structure of the collected traffic data, aggregated with 1 hour 
granularity. Overall 492 million records were analyzed.
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Step 1: Antenna selection. Considering Av  as the expected Voronoi coverage area of antenna v, and Ap 
as the area of park p, we defined the intersecting illumination area as Ai,v = Av ∩ Ap. Consequently, the 
illuminating ratio of an antenna was defined as Ipv = Ai,v

Av
. In the first step, we selected all antennas which 

have an Ipv ≥ α with any park p, where α = 0.1, excluding those below this threshold. This step was mostly 
required to select antennas that overlap with parks, thus, a small α was sufficient for our purposes. For each park 
p, the selected set of Voronoi cells is denoted as Vsel,p. Aggregating this set from the perspective of a park p, we 
obtained the coverage precision as:

	

CPp =
∑

v ∈ Vsel,p

Ai,v

Av � (1)

As a result, 1,  141 parks were identified as not being serviced by any antenna with sufficient illumination 
(Vsel,p = ∅). These parks, shown in gray in Fig. 1C, were predominantly small green spaces such as roadside 
strips or pocket parks, e.g., the park shown in Fig. 1B2. These are significantly smaller than the Voronoi cells, 
making traffic assignment uncertain.

Step 2: Park area coverage. For the parks where Vsel,p ̸= ∅, we verified the percentage of Ap covered by the 
selected antennas. We defined this as the park illumination, calculated as:

	
Ip =

∑
v ∈ Vsel

Ai,v

Ap

� (2)

We retained all parks where Ip > β, with β = 0.8. This threshold ensures that the majority of each park’s area 
is covered, preventing the inclusion of parks with only a small portion adequately covered by antennas in the 
analysis. A total of 76 additional parks were excluded at this stage, marked in red in Fig. 1C. In the example park 
in Fig. 1B1, one can see almost all of the park area is illuminated by selected Voronoi cells (in green).

Step 3: Coverage quality. Finally, we applied a coverage quality metric Qp for each park p, which balances 
the ratio of selected Voronoi cells inside the park with how much area is covered by antennas deemed with good 
coverage. Qp is inspired by the F-score and is defined as:

	
Qp = 2 · CPp · Ip

CPp + Ip
.� (3)

Applying a threshold of Qp ≥ γ, where γ = 0.4, an additional 78 parks were excluded, marked yellow in Fig. 
1C. To determine γ, we observed the trade-off between the statistics of the different coverage metrics and the 
number of parks that can be analyzed. While the choice of thresholds for [α, β, γ] can be adjusted to satisfy 
the needs of different use cases, we are confident that the 45 selected parks (detailed in the Supplementary 
Information) have reliable coverage from mobile traffic antennas while minimizing the inclusion of traffic from 
surrounding neighborhoods.

Accuracy analysis of park selection
Obtaining ground truth for base station coverage is challenging and inherently complex to model82, largely 
because Voronoi approximations already deviate from the physical realities of wireless signaling. Our method 
strikes a balance between the inevitable error introduced by Voronoi approximations and the number of parks 
that can be analyzed. This approach enables an informed selection of spaces that can be reliably studied, while 
being able to quantify the error within the framework of Voronoi approximation. Table 3 compares traffic 
assignment methods. Applying our antenna-based method on the 45 selected parks, we get a median Qp of 
0.529, a 33.26% increase compared to the cell-based method. Conversely, if we applied the three steps with the 
same thresholds but using cell tower Voronoi cells, it would only be possible to analyze 24 instead of 45 parks.

Category Mobile Application

Fitness Garmin Connect

Games Pokémon Go, Fortnite

Music Apple Music, Spotify, Deezer, Soundcloud

News Wikipedia, Sports News, NewsPaper, NewsMag, Weather, Tripadvisor

Productivity Skype, Microsoft Mail, Google Drive, Gmail, Finances, Dropbox

Shopping Amazon

Social Instagram, WhatsApp, Facebook, SnapChat, LinkedIn, Pinterest, Twitter, Facebook Messenger, TikTok

Travel Uber, Waze, Airfrance, Transport

Video Twitch, Periscope, Youtube, Netflix, Molotov TV, DailyMotion, Apple Video, Facebook Live

Table 2.  Studied mobile applications for their usage within urban parks and their respective categories.
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Converting antenna-oriented traffic to park-oriented
With the selected set of parks and their respective antennas with good coverage, the final step of data processing 
involves converting the traffic Tv(t), originally associated with Voronoi geometries, into the traffic Tp(t) 
observed within each park p. This is achieved by aggregating the traffic from all selected antennas in Vsel,p, 
weighted by their respective illumination ratios:

	

Tp(t) =
∑

v∈Vsel,p

Ipv · Tv(t)� (4)

Thus, the traffic of park p at each time instant t is given by the weighted sum of the traffic from all its selected 
Voronoi cells in Vsel,p, where the weights correspond to their respective illumination ratios Ipv .

Measuring mobile app preferences
To quantify which app categories are used more in parks versus other parts of the city, we need a metric that 
captures relative traffic consumption across different areas. The simplest method would compare absolute traffic 
volumes, but this approach is problematic because different app types have very different traffic demands (e.g., 
video streaming uses much more data than instant messaging). Instead, we use the Revealed Comparative 
Advantage (RCA)83 metric, which has been successfully applied in mobile traffic analysis and clustering40,84,85. 
It defines the level of over- or under-utilization of a specific mobile application at a given antenna relative to the 
entire set of applications and antennas.

For a mobile application a ∈ A, and an antenna v ∈ V , the RCA is defined as:

	
RCAa,v =

Ta,v/
∑

a′∈A
Ta′v∑

v′∈V
Tav′ /

∑
a′∈A,v′∈V

Ta′v′
,� (5)

where Ta,v  is the traffic for application a at antenna v; 
∑

a′∈A
Ta′v  is the total traffic from all applications at 

antenna v; 
∑

v′∈V
Tav′  is the total traffic for application a across all antennas; and 

∑
a′∈A,v′∈V

Ta′v′  is the 
overall traffic for all applications and antennas in the network. Values of RCA above or below 1 indicate that 
an antenna has more or less consumption of a certain application compared to other antennas in the network. 
A downside of RCA is that while its lower boundary is 0, the upper boundary is ∞. This can unbalance the 
distribution of RCA values and cause issues in clustering algorithms86.

To address this, we use the RSCA86 defined as

	
RSCAa,v = RCAa,v − 1

RCAa,v + 1 ,

which yields values bounded in the interval [−1, 1]. In this scale, values above 0 indicate over-utilization, and 
values below 0 indicate under-utilization. This results in a better-balanced distribution of values, eliminating the 
long tail observed with the original RCA metric. We calculate RSCA values over the median traffic in parks, for 
each application category.

Clustering mobile traffic toward park categories
For characterizing parks, we use the ratio of traffic on weekdays versus weekends and individual application 
preferences, measured with the RSCA. These features allow us to group parks by their temporal use patterns 
(e.g.,weekday-oriented, weekend-oriented, or consistently busy) and by the types of mobile applications 
users favor in these spaces (e.g.,parks with higher use of gaming applications or lower use of social media). 
Transforming raw traffic volumes into these derived features enables fair comparison across parks of different 
sizes. The weekday-to-weekend ratio captures relative temporal preference, while the RSCA shows whether an 
application is over- or underrepresented in a park compared with other city areas, allowing park types to be 
partially defined by their temporal rhythms and not just visitation volume, as, for example, larger parks or parks 
with more visitors naturally produce higher data volumes. By relying on relative measures, we reduce volume 
bias linked to park size or popularity and isolate temporal and application usage preferences.

Concretely, we cluster all parks described by 10 features: the weekday-to-weekend ratio and the RSCA values 
for nine app categories (Fitness, Games, Music, News, Productivity, Shopping, Social, Travel, and Video). We 
apply Spectral clustering, a graph-based method that groups data points using similarity structure rather than 
the original feature space87. The method builds a similarity graph in which each node represents a park and 
edges encode pairwise similarity. From this graph, we compute a Laplacian matrix and derive a low-dimensional 
embedding, which is then clustered to obtain the final groups. Compared to simple clustering approaches like 

Method CPp Ip Qp

Base station-based 0.262 0.894 0.399

Antenna-based 0.367 0.947 0.529

Table 3.  Accuracy evaluation of park traffic assignment. Our antenna-based method is 33.26% more accurate 
compared to the standard cell tower-based traffic assignment. The tabulated values are the medians.
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k-means, spectral clustering works well for complex and non-convex data structures and given the number of 
parks in any city, the computational overhead is not relevant88. We use nearest neighbors as the affinity matrix 
with n = 10 neighbors and discretization to obtain the final clusters. We select the number of clusters using 
three validation metrics: the Silhouette score, the Calinski–Harabasz index, and the Davies–Bouldin index (see 
Supplementary Information). We choose k = 3, which achieves strong Silhouette and Calinski–Harabasz values 
(second only to k = 2) and the best Davies–Bouldin score, while providing enough clusters for further analysis. 
To further confirm cluster stability under noise perturbation, and to address sensitivity to graph density, 
we compute the Adjusted Rand Index (ARI) across different settings. The results remain stable under these 
variations (see Supplementary Information).

Relative importance of flickr tags
To compute the relative importance of a Flickr tag in a park (details in the Supplementary Information), we first 
compute the probability that an image is tagged with this tag ptag  assuming a uniform distribution:

	
ptag = |tag|∑

tag∈tags
|tag|

In the second step, we compute the expected number of occurrences of a tag in a park n̂{tag|park}, by multiplying 
the relative frequency with the number of tags of this park.

	 n̂{tag|park} = ptag · |tag ∈ park|

Finally, we compute the ratio between the actual number of occurrences and the expected number of occurrences:

	
r{tag|park} =

n{tag|park}

n̂{tag|park}

This provides us with a relative importance of each tag in each park. A value close to 1 means that this tag 
is occurring at an average rate, whereas values higher than 1 indicate that a tag is occurring more frequently 
than expected. To clean the results, we remove English and French stop words, as well as irrelevant tags, such 
as “France”, “Paris”, “park”, as well as Flickr-specific tags referring to photography techniques (“black & white”, 
“square format”, “hdr” and synonyms thereof). Finally, as it is common that in addition to the geo-coordinates, 
the images get tagged with the name of a location, we remove all tags that have a value above 1 in exactly one 
park (e.g., “jardinduluxembourg”, “champdemars”, “jardindesplantes”). Note that “toureiffel” (and synonyms) are 
not removed in this step, as they have a relative importance over 1 in both Champ de Mars and in the Jardins 
du Trocadéro.

Data availability
The data obtained from this collection was collected by the operator for network management and research pur-
poses, and temporarily stored and processed within a secure platform at their own premises, in full compliance 
with Article 89 of the General Data Protection Regulation (GDPR)80. The data collection and processing were 
approved by the Data Protection Officer of the operator. The researchers involved in this study only had access to 
such aggregates, whose spatiotemporal resolution ensures that no data subject can be re-identified from the data, 
which does not constitute personal data in terms of GDPR. The data used in this study is not publicly available.

Code availability
The Python code to calculate the park coverage scores, as well as replication of tests based on the RSCA and 
weekday-toweekend traffic ratios are available at https://gith​ub.com/afzan​ella/digital​_life_parks​_replication.
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