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Abstract 

The 15-minute city concept has gained momentum as an urban planning strategy to 

enhance livability, inclusiveness, and sustainability by ensuring that essential services 

are within a short walk or bike ride from home. However, while hyper-proximity is often 

promoted as desirable, its potential side effects on spatial segregation and social 

exclusion remain underexplored. In this paper, we propose a network-based analytical 

framework to investigate whether hyper-proximity models — such as the 15-minute 

city — may inadvertently reinforce spatial segregation by shaping service accessibility 

and urban transport connectivity. We model cities as complex spatial networks, quan-

tify accessibility using the distribution of relevant Points of Interest (PoIs) and employ 

closeness centrality as a proxy for connectivity across multiple scales, from residential 

addresses to network-derived clusters and entire cities. Our results show that areas 

with better access to services generally exhibit higher connectivity and vice versa. 

However, this tendency is uneven when looking at socio-demographic factors. Some 

neighborhoods, particularly lower-income ones, experience both lower accessibility 

and weaker connectivity. In contrast, certain higher-income neighborhoods display low 

accessibility and limited connectivity, suggesting patterns of voluntary isolation. These 

findings indicate that hyper-proximity alone does not guarantee inclusiveness and may 

mask underlying socio-economic inequalities.

Introduction

The 15-minute city concept represents a significant urban planning strategy aimed at 
enhancing city livability and inclusiveness [1,2]. Grounded in the hyper- 
proximity paradigm, it envisions neighborhoods in which residents can access essen-
tial services and amenities within a 15-minute walk or bicycle ride from their homes. 
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This approach seeks to reduce car dependency, promote healthier lifestyles, and 
improve environmental sustainability.

In recent years, substantial advances have been made in computational methods 
and tools for assessing and promoting hyper-proximity in urban environments [3,4]. 
A wide range of metrics has been proposed to quantify city walkability and service 
accessibility [5–9], enabling the development of analytical platforms, such as the City-
Chrone Project [10], the City Access Map [11], and The X Minute City [12].

However, this urban design paradigm also raises important challenges. While 
improving local access to services is a key objective, such interventions may inadver-
tently contribute to gentrification processes and increased socio-spatial segregation 
[13]. As a result, recent research has emphasized that accessibility assessments 
should move beyond purely spatial or temporal proximity measures to account for 
additional dimensions, including diversity in activity timing, perceived accessibility, 
and fairness in distribution of opportunities across different population groups and 
urban areas [14–16]. In this context, Lucas et al. [17] highlight the need to integrate 
ethical considerations with technical metrics, stressing their implications for social 
inclusion, participation, and community cohesion. Similarly, Van Wee [18] concep-
tualizes accessibility-related equity issues as arising either from insufficient overall 
access or from unjust disparities between social groups.

Within this broader debate, transport and land-use systems play a central role, as 
they directly shape both the level and the spatial distribution of accessibility. Under-
standing how these systems interact is therefore crucial for evaluating the inclu-
siveness of accessibility-oriented planning strategies. Our work contributes to this 
ongoing discussion by adopting multi-dimensional indicators that capture not only 
proximity and functional diversity of services, but also public transport connectivity. 
This integrated approach enables a data-driven, connectedness-aware assessment 
of service accessibility and supports the identification of urban areas where limited 
access to efficient urban transport may increase the risk of spatial exclusion, as 
observed in previous studies [19–21]. Our main objectives, outlined in the next sec-
tion, thus focus on understanding the relationship between urban transport connectiv-
ity and accessibility to services.

Objectives and scope

To investigate the relationship between hyper-proximity fitness and urban connectivity 
patterns, we present an analytical framework based on complex network theory. We 
focus on two key dimensions: accessibility and closeness, analyzed over multiple 
scales, i.e., cities across the globe, citywide, neighborhood, and individual residential 
address levels. We represent the urban landscape as a directed graph, where nodes 
are street intersections and edges are road segments connecting them [22,23]. Then, 
we measure accessibility to Points of Interest (PoIs) through walkable or bikable 
edges, as in [11,24]. To calculate closeness, we instead analyze the urban transport 
network (as in [10,25]), where the edges in the graph must be served by buses, met-
ros, local trains, etc. Additionally, we categorize cities into neighborhoods by cluster-
ing intersections using the Infomap algorithm [26] and study their closeness centrality 
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to identify segregated neighborhoods. Finally, by leveraging publicly available socio-demographic data for Italian cities, 
we provide insights into the heterogeneous distribution of these metrics, highlighting the complex relationship between 
service accessibility and connectivity, while identifying urban areas where one or more of these measures are notably low.

By quantifying accessibility and closeness across neighborhoods, our framework not only characterizes urban con-
nectivity patterns but also provides the basis for evaluating equity and, as such, is explicitly linked to the spatial justice 
agenda [27,28], underscoring the importance of equitable access to urban resources as a foundational principle of just 
cities. Spatial justice is not a replacement for social or economic justice but a complementary perspective that highlights 
the spatial dimensions inherent in all forms of justice and injustice. By operationalizing concepts such as distributive 
and procedural justice, the framework not only reveals existing inequalities but also provides a road-map for corrective 
action. Integrating these metrics into urban policy supports the creation of more inclusive, resilient, and sustainable urban 
environments, aligning with broader goals of fairness and opportunity for all residents. Moreover, this approach provides 
policymakers with practical tools to identify transit inequities and guide interventions that promote spatial justice. Such 
interventions may include revising zoning policies, enhancing service coverage, and preventing transit clustering.

Finally, it is worth noting that urban studies have long explored the relationships between service accessibility and other 
important dimensions, including mobility patterns, land value and use, housing characteristics, and taxation. These factors 
affect urban form, density, sprawl, and development dynamics, influencing housing supply, investment, and economic 
growth in complex ways (e.g., [29]), ultimately influencing the quality of the services at different urban scales. While 
acknowledging the importance of these interactions, a comprehensive analysis encompassing all such dimensions lies 
beyond the scope of this study.

Data

Our study relies on multiple data sources. We first select cities based on the combined lists analyzed by Bruno et. al [25] 
and Nicoletti et. al [11], and add the 10 most populous Italian cities. This results in a total of 92 cities worldwide.

We then collect the following information for each city. We use OpenStreetMap (OSM), a free crowd-sourced map of 
the world, to retrieve the pedestrian road network and the PoI positions. To access and process these geospatial data, we 
rely mainly on the Python libraries osmnx and geopandas. In addition to computing various spatial metrics from the OSM 
data, we also produce visual map representations. These are generated from the geographic coordinates of the intersec-
tions and the road segments connecting them, using matplotlib for plotting.

While OSM data is known to have heterogeneous coverage across regions, it remains a valuable open data source 
enabling comparative analyses across a wide range of cities. These data allow us to compute paths and measure spatial 
and temporal distances between nodes (i.e., their residents) and nearest services or amenities, as well as between differ-
ent neighborhoods within a city.

To assess accessibility to services from the perspective of a single point, we first need to assign a service category to 
each Point of Interest (PoI). Although there is no consensus among scholars on which categories to use or how to group 
services, we base our classification of a PoI’s category on the one proposed by Nicoletti et al. [11]. In particular, we map 
the list of OSM tags to a higher-level category of services. When a tag is no longer available or has been replaced, we 
select the most similar related alternative. This classification includes seven categories: Mobility, Active Living, Entertain-
ment, Food Choices, Community Space, Education and Health and Well-being. We refer to this set of categories as CAT.

Given a city c, and the set of overall PoIs in c POIc = {p1, p2, . . .}, we map each PoI p ∈ POIc  to one of the categories 
with notation cat(p). More information on the mapping of the PoIs tags to main categories can be found in the Supplemen-
tary Material S1 Appendix: Point of Interests‘ OSM categories.

Since detailed residential data (e.g., number of residents, residential addresses, etc.) is often incomplete or unavail-
able, we adopt a simplified approach. Instead of using actual residential addresses, we use road network intersections 
as proxies for population locations, as they provide homogeneous coverage of urban areas. To estimate the resident 
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population at each intersection, we used WorldPop (https://www.worldpop.org/, last access: Jan. 22, 2026), a global popu-
lation dataset providing estimated population densities at fine spatial resolution (i.e., 100-meter grid cells). We then evenly 
distribute the estimated resident population within each grid cell across the intersections located within that cell.

Additionally, we retrieve public transport schedules in GTFS format, when available, from the Transitland service 
(https://www.transit.land/, last access: Jan. 22, 2026), selecting feeds that fall within each city’s bounding box. For Italian 
cities not covered by Transitland, as well as for Istanbul, we collected GTFS data from open data sources provided by 
local administrations or official public transport websites. Public transport data were collected for a total of 81 cities out of 
92. In the paper, we show the analysis on these 81 cities to fairly compare accessibility to service and overall connectivity. 
However, we include the accessibility analysis for the remaining 11 cities in the Supplementary Material (S2 Appendix: 
More on cities’ rankings and S3 Appendix: Distributions of P(n), D(15, n), E(15, n), and A(15, n) for all the other cities).

Finally, for Italian cities only, we collect official data from the Italian Ministry of Economy and Finance on average 
resident income for the year 2022 (https://tinyurl.com/bdcww24t, last access: Jan. 22, 2026). These data are publicly 
available, grouped by postal code (CAP). However, since official postal code boundaries in Italy are proprietary and not 
publicly accessible, we estimate them by constructing concave hulls based on the distribution of addresses extracted 
from OpenStreetMap. The average income for each intersection is then assigned according to the postal code area it falls 
within.

Methods

Fig 1 and the following list summarize the multi-stage approach used to achieve the research objectives.

Data Collection: Multiple datasets were assembled for 92 cities globally, including pedestrian road networks and Points 
of Interest (PoIs) from OpenStreetMap, population estimates from WorldPop, and public transport schedules in GTFS 
format from Transitland or local sources. For Italian cities, average resident income data by postal code were also col-
lected to allow socio-economic correlations.

Fig 1.  Workflow diagram illustrating the sequential stages of the research methodology. Data from various sources were integrated to analyze 
service accessibility and connectivity, visualized to explore spatial patterns across urban areas.

https://doi.org/10.1371/journal.pone.0342156.g001
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Network Construction: The pedestrian network was modeled as a weighted, directed graph where nodes represent 
street intersections and edges represent walkable street segments, weighted by walking distance and time. PoIs and 
residential population were mapped onto the closest nodes, using intersection proxies for residences. An urban trans-
port network graph was created by integrating public transit routes and schedules into the pedestrian graph.

Data Analysis: Node-level metrics of PoI-proximity, PoI-density, and PoI-entropy were computed for each intersection to 
quantify service accessibility within walkable distances for all residential addresses (i.e., street intersections within pop-
ulated WorldPop cells). Closeness centrality was calculated on the urban transport network to measure each node’s 
connectivity to the entire city. These measures were aggregated at multiple scales, including census blocks, adminis-
trate districts, and neighborhoods detected by the Infomap community detection algorithm.

Data Visualization: Graphical representations were created to visually explore and study the spatial distribution of service 
accessibility, connectivity, and socio-demographic patterns across the urban areas.

PoI’s proximity, density, entropy as node-wise measures

For each city c, we build a pedestrian network. This is a weighted directed graph Gpedc = (Nc,Ec), where each node 
n ∈ Nc  is an intersection and an edge eij ∈ Ec : eij = (ni, nj) is a walkable street segment between nodes ni  and nj . Every 
PoI is assigned to the closest node in Gpedc  with the function poi(p) = np, that maps each p ∈ POIc  to a node np ∈ Nc. Sim-
ilarly, we assign every residential address to the closest node in the pedestrian network. We weight edges by the distance 
in meters from one endpoint to the other d(eij), and the average time t(eij) to walk from ni  to nj .

Given two nodes n,m ∈ Nc, they are connected if there exists a path in Gpedc . Hence, we define the length of the min-
imum shortest path in meters between n and m as the spatial distance d(n,m), and the length of the minimum shortest 
path in minutes between n and m as the time distance t(n,m). In general, we use d(x, y) and t(x, y) to indicate the spatial 
and temporal distance between any two elements x and y, which can be intersections, PoIs, or residential addresses.

This representation allows us to calculate the walkable distance, both in meters and in time travel (assuming an aver-
age velocity of 5 km/h), between any two points in a city. We note that it is possible to improve our model by storing the 
actual distances, in meters and walking time, from each PoI p ∈ POIc  and each residential address to the node n they 
were assigned to. However, in this paper, we simplify the analysis by not considering these short-range distances.

We re-interpreted the most common definitions of the 15-minute city concept (see [1]) to quantitative network met-
rics to get a three-dimensional estimate of accessibility to services (see [30] for a systematic categorization of various 
approaches to proximity assessment).

First, let’s recall that the proximity dimension should assess if basic services are readily available to residents within a 
15-min radius.
Definition 1 (PoI-proximity) Given a node n ∈ Nc , the PoI-proximity P(n) is the minimum temporal radius needed by 
residents in n to reach at least one PoI for each category in CAT . Thus, P(n) is the minimum temporal distance such that 
∀x ∈ CAT, ∃p ∈ POIc : (cat(p) = x ∧ P(n) ≤ t(n, p)).

For example, if P(n) = 10, as in Fig 2, then residents assigned to n will find at least one PoI in each category within 10 
minutes. Note that this temporal distance is minimal, i.e., at least one category is not accessible through walks shorter 
than 10 minutes.

An alternative method for estimating proximity to PoIs from different categories is to average the distances from the 
nodes to their nearest service in each category. For example, the average walkable distance from n to PoIs i, a, and x in 
Fig 2 is 7.33 minutes, instead of 10. Although we prefer to use the upper bound value, as defined in Def. 1, to estimate 
worst case scenarios, other studies, such as those by Nicoletti et al. [11], and Bruno et al. [25], have used the average. In 
the rest of the paper, we refer to this alternative formulation of the PoI-proximity with the notation Pavg(n).
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Definition 2 (PoI-proximity-avg) Given a node n ∈ Nc , the PoI-proximity-avg Pavg(n) is the average distance needed by 
residents in n to reach at least one PoI for every category in CAT .

A comparison of our proximity-based city ranking with the other studies mentioned above is briefly discussed in the 
Experimental analysis section.

PoI-proximity returns the de-facto ‘hyper-proximity’ time parameter for each node in the graph. For example, if P(n) ≤ 15 
for every node n in Nc, one might be tempted to call c a ’perfect’ 15-minute city. However, this is not entirely accurate, as P(n) 
alone is not enough to draw meaningful conclusions. For instance, a neighborhood might only have one PoI for each category 
within walking distance, which can be problematic for two main reasons: 1) the number of services in the area should be propor-
tional to the number of residents living nearby; and 2) every category in CAT can include a quite heterogeneous number of tags, 
corresponding to very different kind of services, e.g., both ‘hospital’ and ‘pharmacy’ are members of the ‘Health and Well-being’ 

Fig 2.  Example of a node n and its closest Points of Interest (PoIs). Three example service categories are shown: purple triangles, blue diamonds, 
and green squares. The closest PoIs in each category are respectively i (at walkable distance of 5 minutes), a (at 7 minutes), and x (at 10 minutes). In 
this example, the PoI-proximity P(n) = 10 because residents in n can walk to a PoI for each of the given categories within 10 minutes. Equivalently, the 
largest isochrone for n that includes at least one service in each category is I(10, n). Base map and data from OpenStreetMap and OpenStreetMap 
Foundation.

https://doi.org/10.1371/journal.pone.0342156.g002

https://doi.org/10.1371/journal.pone.0342156.g002
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class according to OSM. Therefore, we propose the use of PoI-proximity alongside other measures. Once an area around a 
given node n has been identified, we estimate how many PoIs are present inside that area (i.e., PoI-density), and also how 
many PoIs of different categories are reachable within a walk of t minutes from n (i.e., PoI-entropy).

To define these additional measures, we make use of an isochrone map, which describes a region accessible from 
a given geographical point. These maps have been used since 1881 [31], and are made of contours marking the area 
reachable within a certain time threshold (see an illustrative example in Fig 2).
Definition 3 (Isochrone) Given a node n ∈ Nc , the isochrone I(t, n) is a geographical area whose internal points are 
walkable from n in at most t minutes. If t = P(n), we simply refer to the isochrone of n with I(n).

In conventional urban planning, density is often associated with the concentration of buildings in urbanized areas. In 
contrast, within the 15-minute city framework, Allam et al. [2] conceptualize density as the optimal number of services 
needed to sustain the resident population within a given urban area. Here, we propose a new metric (PoI-density) which 
quantifies density as the ratio between the number of Points of Interest (PoIs) reachable within a 15-minute walking iso-
chrone and the area of that isochrone, expressed in square kilometers.
Definition 4 (PoI-density) Given a node n ∈ Nc  and a time t in minutes, the PoI-density D(t, n) is the ratio between 
the number of PoIs in isochrone I(t, n) and the area in square kilometer of I(t, n). If t = P(n), we simply refer to the 
PoI-density of n with P(n).

It is possible that, for certain regions, the number of PoIs exceeds the area in square kilometers. To simplify compari-
sons and to keep D(t, n) in the range of [0, 1], we apply a min-max normalization.

Finally, we measure how PoIs in a given isochrone are distributed across categories.
Definition 5 (PoI-entropy) Given a node n ∈ Nc  and a time t in minutes, the PoI-entropy 
E(t, n) = –

∑
x∈CAT(Pr(x) · logPr(x)), where Pr(x) is the probability that a PoI p within the isochrone I(t, n) belongs to cate-

gory x (i.e., cat(p) = x).
High entropy generally indicates a mixed-use area with a variety of amenities and services, while low entropy tends to 

indicate more specialized zones, such as residential or industrial areas.
Note that our definition of entropy overlaps with the measure of diversity used in Moreno et al. [1]. In their work, diver-

sity is defined as a twofold concept: 1) the presence of mixed-use neighborhoods; and 2) socio-cultural diversity among 
residents. However, due to the difficulty of obtaining socio-demographic data at fine spatial resolutions, we focus solely on 
entropy to quantify the diversity of accessible services.

While socio-demographic data can offer valuable insights into aspects of accessibility to services, our analysis focuses on three 
distinct measures — PoI-proximity, PoI-density, and PoI-entropy — that together provide a more comprehensive view of accessibil-
ity. In contrast to previous studies, such as those by [10] and [11], which typically rely on a single measure, our approach leverages 
multiple metrics to capture different dimensions of accessibility, offering a more nuanced analytical tool for urban planning.

Our three measures are complementary from a semantic point of view. We can aggregate these measures into a single 
linear combination that returns a combined PoI-accessibility score of a node n at time t:

	 A(t, n) = wPP ′(n) + wDD′(t, n) + wEE ′(t, n)	 (1)

where wP, wD, and wE are the weights that can be attributed to the corresponding measure, t is set to a fixed time in minutes, 
while the apex indicates that the measures have been normalized by min-max scaling. If we set t = P(n), we can simply define 
the PoI-accessibility of n as A(n) = wPP ′(n) + wDD′(n) + wEE ′(n). In this study, we set wP = wD = wE = 1/3, and t = 15.

To define a general measure where values approach 0 when accessibility is low and 1 when accessibility is high, we 
normalize PoI-proximity differently from PoI-density and PoI-entropy. Higher PoI-proximity indeed indicates that one or 
more PoIs of certain categories are further from a given intersection, which should worsen the overall accessibility score. 
As a result, the normalized PoI-proximity P ′ is defined as it follows:
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P ′(n) =

maxn P(n) – P(n)
maxn P(n) – minn P(n)	 (2)

The combined accessibility score provides an overall evaluation of service reachability in a city. However, as our analysis 
shows, it is still important to consider the individual metrics of proximity, density and entropy to explore weaknesses in 
urban planning in more detail.

Using closeness centrality to measure distances and connectivity within a city

While our accessibility measures help assess whether amenities and services are within walking distance, we are also 
interested in understanding how well each point is connected to the rest of the city, allowing residents to easily reach other 
urban areas and people.

To capture this second aspect, we build the urban transport network, a weighted directed graph Gurbc = (Nc, Lc), where 
c is a city and each link lij ∈ Lc : lij = (ni, nj) is a street segment between two nodes ni  and nj  served by urban public trans-
port (e.g., buses, metro, local trains). We use GTFS feeds from Transitland to map transit stops to the nearest OSM nodes 
in Gpedc  and we compute travel times between stops based on GTFS schedules.

The final Gurbc  graph integrates both walking and transit edges, weighted by travel time, allowing us to study the con-
nectivity of a node with respect to the rest of the city and, consequently, how isolation patterns may vary across the city. 
To this aim, we compute the closeness centrality score for each node in Gurbc , which help identify how easily a resident 
can access the entire urban transport network from any given location.
Definition 6 (closeness) The closeness of node n is defined as

	
C(n) =

∑
m̸=n:m∈Nc

|Nc| – 1
t(n,m)

,
	

where t(n,m) is the temporal distance between n and m in the urban transport network Gurb
c .

Note that we compute the temporal distance t(n,m) as the average travel time across all scheduled trips on the same 
line and across the different lines serving the two nodes.

The above definition has been introduced by Beauchamp [32] as the reciprocal of the harmonic mean of distances, and 
it allows comparisons between graphs of different sizes and not necessarily connected. In our applicative domain, close-
ness centrality measures how close an intersection, and its related PoIs and residential addresses, is to all the other inter-
sections in c. Higher values of closeness C(n) indicate that n is well connected to the rest of the city, while lower values of 
C(n) indicate that n is more topologically isolated with respect to other parts of the city.

To better capture disparities in connectivity across urban areas, we compare each node to the best connected ones in 
the city by normalizing closeness scores as follows:

	
C′(n) =

C(n)
maxn C(n)	 (3)

Thus, given n ∈ Nc , C′(n) measures n’s connectivity as a fraction of the closeness value of the best connected node in the 
city c. This normalization helps us better assess whether urban connectivity is evenly distributed across a city or, con-
versely, quantifies how spatially isolated the least connected areas are.

Note that we use closeness centrality as a proxy for urban segregation, in the specific sense of topological isolation 
from opportunities. However, we recognize that urban exclusion is a multidimensional, multilayered, and dynamic phe-
nomenon, deeply embedded in social, economic, and political structures [33]. Closeness centrality, while useful for iden-
tifying network-based inaccessibility, cannot fully capture broader processes of marginalization, such as institutional bias, 
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affordability constraints, or lack of agency in mobility choices. As Lees [34] argues, spatially based mechanisms aiming at 
promoting social mixing do not necessarily translate into meaningful integration, and may coexist with persistent socioeco-
nomic segregation. This reinforces the need to interpret structural measures like closeness within a broader understand-
ing of urban inequality. Nonetheless, our metric (together with the other accessibility metrics) can be meaningfully situated 
within the framework of geographical exclusion and exclusion from facilities, as originally conceptualized by Church et 
al. [35], where spatial configuration and transport accessibility shape the unequal distribution of opportunities across the 
urban environment. Within this framing, closeness centrality provides a network-based perspective on spatial segregation, 
while acknowledging its limitations in capturing the full spectrum of urban exclusion.

Table 1 summarizes the previously defined node-wise measures for a quick reference.

Measuring accessibility and connectivity for multi scale regions

We can extend the node-level metrics defined above to larger urban regions at different scales. For any given area, such 
as a census block, administrative district, network cluster, or the entire city, we are able to compute aggregated values by 
averaging PoI-proximity, PoI-density, PoI-entropy, and closeness centrality scores. In the following analysis, we focus on 
the distributions of these metrics, explore their descriptive statistics, and make use of bubble charts [36].

Bubble charts allow us to represent different urban regions, such as census areas, or entire neighborhoods, thus help-
ing the identification of outliers, anomalies, and areas with lower accessibility and connectivity. Specifically, nodes located 
on the left side of the diagrams are more disconnected from other parts of the city, while those in the bottom section 
indicate lower accessibility to services. We also make use of the bubble size to visualize information such as the popula-
tion of a given area, and the color code for categorical information, e.g., continent, administrative neighborhoods, etc. This 
analysis allows us to detect potential inequalities in service accessibility and connectivity both within and between cities.

Furthermore, the aggregated measures can be compared with socio-demographic data, such as income levels, to 
uncover possible patterns of urban exclusion. As a case study, we demonstrate this approach by analyzing the 10 most 
populated Italian cities, where we compare our metrics with the average income of residents grouped by postal code.

Official administrative districts boundaries are not always available or up to date for every city, making it challenging to 
rely on them for spatial analysis. To overcome this limitation, we identify ‘natural’ neighborhoods by running a community 
detection algorithm on the pedestrian network Gpedc . Specifically, we apply the Infomap community detection algorithm 
[37], which is well-suited for detecting clusters in weighted and directed networks.

Infomap relies on the probability flow of random walks to partition the network into modules by minimizing the descrip-
tion length of the walker’s trajectory. Conceptually, this models a pedestrian who, at each intersection, randomly chooses 
the next street to follow. As the walker moves through the network, tightly connected groups of nodes are traversed more 

Table 1.  Summary of the accessibility and connectivity metrics used in the study.

Metric Symbol Description

Isochrone I(t, n) A geographical area walkable from node n in at most t minutes.

PoI-proximity P(n) Minimum time needed to reach at least one PoI for each category 
from n.

PoI-proximity-avg Pavg(n) Average distance to reach at least one PoI for every category 
from node n.

PoI-density D(t, n) Ratio of PoIs in isochrone I(t, n) to its area (PoIs per km2).

PoI-entropy E(t, n) Distribution diversity of PoI categories within isochrone I(t, n).
Closeness C(n) How well connected a node n is to all other nodes in the urban 

transport network.

https://doi.org/10.1371/journal.pone.0342156.t001

https://doi.org/10.1371/journal.pone.0342156.t001
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frequently, naturally revealing a city‘s neighborhood structure. As observed in [38], this method offers a city-agnostic way 
to detect neighborhoods without depending on potentially outdated administrative boundaries.

Computational challenges and the Cloud Computing infrastructure

The computational cost of our methodology is influenced by several factors: the number of nodes, the scarcity of PoIs, 
and the memory usage for storing PoI coordinates. On the one hand, we compute a node’s closeness score by using 
an exact algorithm [39], where the primary factor influencing the computational workload is the number of nodes. On the 
other hand, previous works computed proximity by dividing cities into fixed-size grid cells, whereas our approach reduces 
approximation by considering individual intersections, significantly increasing the number of computation points. More-
over, rather than exclusively computing proximity based on 15-minute isochrones, we dynamically determine isochrones 
ranging from 1 to 60 minutes, stopping only when a PoI from every category is found. This flexibility in isochrone compu-
tation, however, introduces additional computational complexity, particularly when PoIs are sparse. In such cases, larger 
isochrones are required to ensure that a PoI from every category is included, thus increasing the workload. Additionally, 
storing PoI coordinates also impacts RAM usage.

To overcome these limitations, we implemented a batch-processing approach that processes multiple nodes in parallel. 
However, the number of concurrent batches is constrained by the available RAM. As a result, larger numbers of nodes 
lead to longer computation times, while fewer PoIs also increase processing time. Conversely, an excessive number of 
PoIs reduces the number of parallel processes due to memory constraints.

In Table 2, we provide an overview of the cities with the highest number of nodes, edges, and PoIs to give an idea of 
the scale of our datasets and the computational demands of our approach.

To overcome the lack of computational power, we exploit the hardware and software resources provided by the Chame-
leon project [40]. The Chameleon project is a computing platform available for research purposes that provides computa-
tional resources and infrastructure for experimentation. The Chameleon’s hardware includes nearly 15,000 cores, 5PB of 
total disk space, hosted across two sites, the University of Chicago and TACC, connected by 100 Gbps network. More-
over, Chameleon adopts OpenStack, a mainstream open source cloud technology, to provide its capabilities.

Here, we exploit the possibility provided by Chameleon to reserve bare metal machines which gives users full control 
over the machine’s hardware and over the software stack including root privileges, kernel customization, and console 
access. Specifically, we ran experiments on the Chameleon testbed using an Intel(R) Xeon(R) Gold 6136 with 3.00GHz as 
processor frequency, 12 cores and 24 threads and 178GB of RAM.

Table 2.  Summary of nodes, edges, POIs, and categories across different cities. Bold values indicate global max values.

Tokyo Japan Seoul South Korea New York USA Melbourne Australia Shanghai China

Nodes 624,593 156,887 380,525 762,917 172,548

Edges 1,817,772 451,574 1,259,360 2,253,012 488,444

Total POIs 232,273 154,297 142,197 80,536 133,334

Mobility 63,892 24,146 25,258 17,148 96,177

Active Living 66,021 16,314 91,431 48,497 17,310

Entertainment 12,161 8,390 2,675 1,474 986

Food 41,748 93,601 13,108 7,438 9,124

Community 9,440 2,015 1,047 745 624

Education 18,617 4,187 4,295 2,914 7,387

Health & Wellbeing 20,394 5,644 4,383 2,320 1,726

https://doi.org/10.1371/journal.pone.0342156.t002

https://doi.org/10.1371/journal.pone.0342156.t002
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Experimental analysis

Analysis of accessibility metrics

We begin our analysis by ranking the 81 cities in our dataset (see the Data section for details on the selection process) 
by their weighted average proximity, similarly to previous studies [10,11,25]. In this ranking, each location‘s PoI-proximity 
is weighted by the number of residents, ensuring that densely populated areas contribute more significantly to the city‘s 
average proximity.

Fig 3 shows the distribution of these PoI-proximity values via box-plots, highlighting not only the differences across 
cities but also the variability within each city. We observe that 38 out of 81 cities have average weighted proximity values 
under 15 minutes, indicating the presence of relatively good walkable access to essential services for the majority of their 
residents. At the top of this ranking, we find cities like Paris with an average PoI-proximity of 5.3 minutes (IQR∈ [4.0, 6.0]),  
Barcelona with 7 minutes (IQR∈ [4.0, 8.0]), and Osaka with 9.1 minutes (IQR∈ [5.0, 9.0]). Interestingly, cities at the top of 
the ranking (left-hand side of Fig 3) not only showcase lower average values but also have tighter inter-quartile ranges, 
meaning that they offer a more uniform access to services. The more we move down the ranking, however, the more the 
spread of the distributions increases. Cities with higher average PoI-proximity values, indeed, showcase wider distribu-
tions, revealing stronger spatial inequalities in access to services.

This is the case of cities at the bottom of the ranking (right-hand side of Fig 3), like Houston with an average PoI- 
proximity of 36.1 minutes (IQR∈ [26.0, 47.0]), Jakarta with 34.6 minutes (IQR∈ [24.0, 45.0]), and San Antonio with 34.4 
minutes (IQR∈ [26.0, 43.0]). The observed variability suggests that in lower-ranked cities, access to essential services is 
highly uneven, potentially exacerbating social and spatial inequalities within urban areas.

Fig 3.  Cities world-wide ranked by average PoI-proximity(P ), weighted by population. Each city is represented by a box-plot showing the distribu-
tion of P  values across its area. Cities are sorted from lowest (left) to highest (right) weighted average proximity. Box-plots colors indicate the continent a 
city belongs to.

https://doi.org/10.1371/journal.pone.0342156.g003

https://doi.org/10.1371/journal.pone.0342156.g003
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To better understand these aspects, we focus on a subset of representative cities for a more detailed comparison and 
fine-grained analysis. We extract these representative cities by computing a cumulative proximity curve, which describes 
the cumulative percentage of residents able to reach essential services within increasing walking time thresholds (i.e., 
those living in locations n with PoI-proximity P(n)).

To compare cities, we compute the area under the curve (AUC) as a summary indicator, where higher values indicate 
better accessibility — meaning more residents can reach essential services quickly — while lower values suggest poorer 
accessibility.

For the remainder of the analysis, we select six representative cities: the two cities with the highest and lowest AUC, 
plus one city at each of the 20th, 40th, 60th, and 80th percentiles. This selection includes Paris, Turin, Vancouver, Ottawa, 
Melbourne, and Houston, sorted by AUC, which we use in the rest of the analysis as reference points to illustrate differ-
ences in accessibility patterns. Their cumulative proximity curves are shown in Fig 4.

Fig 4 further characterizes the high heterogeneity between cities. We find that a staggering 99.7% of Paris citizens 
live in places with P(n) ≤ 15 minutes, compared to 90.5% for Turin, 75.0% for Vancouver, 58.8% for Ottawa, 40.1% 
for Melbourne, and only 9.8% for Houston. This progressive drop highlights a clear gradient in accessibility to services 
within walking distance. This result suggests that residents in lower-ranked cities may face greater challenges in meet-
ing daily needs without relying on alternative means of transportation, potentially reinforcing car dependency and social 
inequalities.

However, PoI-proximity is just one dimension of accessibility. To capture a more comprehensive picture, we also com-
pute additional indicators that account for the diversity and concentration of services available within a walkable distance. 
Specifically, for each node n in our cities, we calculate PoI-density and PoI-entropy. Note that these measures rely on the 
isochrone I(n, t), which defines the reachable area within a given time. Here, we set the time parameter t to the same 

Fig 4.  Cumulative PoI-proximity curve for six representative cities. Each curve shows the the percentage of the population within a given PoI- 
proximity threshold. The six cities include those with the highest and lowest area under the curve (AUC) values, plus one city at each of the 20th, 40th, 
60th, and 80th percentiles.

https://doi.org/10.1371/journal.pone.0342156.g004

https://doi.org/10.1371/journal.pone.0342156.g004
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value (e.g., 15 minutes) for all the isochrones so that we can fairly compare nodes, clusters, and ultimately cities between 
each other.

Fig 5 shows the distribution of these measures, alongside PoI-proximity, for the 6 cities on display, while other data 
can be found in the Supplementary Material (S3 Appendix: Distributions of P(n), D(15, n), E(15, n), and A(15, n) for all 
the other cities). Interestingly, when reading the figure from left to right, from Paris to Houston, we observe that the peak 
of the PoI-proximity P  distribution — which indicates the number of city locations with services available within walkable 
distance — gradually shifts to the right and flattens. Analogously to the cumulative proximity curves, this trend reflects a 
progressive reduction in the number of areas with easily accessible services. A complementary trend is observed for D
, and E : the peaks, initially located on the right side of the plots — indicating better density and entropy — progressively 
shift to the left, flattening the distribution profile as well. When focusing on our PoI-accessibility metric, A, which combines 
PoI-proximity, PoI-density, and PoI-entropy (shown at the bottom of Fig 5), we observe broader distributions of values 
with fewer pronounced peaks (with the exception of Turin). However, the overall trend of the distributions shifting from 
higher accessibility values to lower values remains consistent. These results highlight a clear spatial disparity in access to 
services across cities, according to different measures. While some cities offer more uniformly distributed and accessible 
services, others exhibit more significant inequalities, with fewer areas having walkable access to essential services and 
greater variations in service diversity.

In principle, each of the metrics defined so far can be used independently to assess a specific dimension of city 
accessibility, as well as to rank and compare cities—or, within a city, different census areas, neighborhoods (i.e., nodes’ 

Fig 5.  Distributions of the accessibility metrics for six representative cities. Shown are P(n) (PoI-proximity), D(15, n) (PoI-density within a  
15-minute walk), E(15, n) (PoI-entropy within a 15-minute walk), and A(15, n) (PoI-accessibility within a 15-minute walk) across all nodes in each city.

https://doi.org/10.1371/journal.pone.0342156.g005

https://doi.org/10.1371/journal.pone.0342156.g005
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clusters, which we use in this study), and so on. Fig 6 show how PoI-proximity, PoI-density, and PoI-entropy correlate with 
each other and with PoI-accessibility and closeness (that we will discuss later in more details), using both the Pearson 
coefficient and Kendall‘s tau. Correlation heatmaps reveal that all accessibility metrics are positively correlated with one 
another, while they either negatively correlate or show no significant correlation with both closeness and cities’ population. 
Notably, PoI-proximity shows the highest correlation with PoI-accessibility, that, as defined in Eq. 1, is also a function of 
PoI-density and PoI-entropy. However, PoI-density and PoI-entropy also provide valuable perspectives: both of them show 
a strong correlation with PoI-proximity, but only a moderate correlation with each other, suggesting that they are likely to 
capture different aspects of accessibility. This highlights the importance of integrating all these viewpoints into a single 
measure, as achieved with PoI-accessibility.

This observation can be generalized by noting that rankings based on a single component (i.e., PoI-proximity, PoI- 
density, or PoI-entropy) are equivalent to rankings obtained by the PoI-accessibility measure when proper values are 
assigned to the coefficients wP, wD, and wE in Eq. 1. For instance, setting wP = 1 and wD = wE = 0 reduces PoI- 
accessibility to PoI-proximity alone. More generally, adjusting these weights assigns more importance to certain compo-
nents over the others, thus enabling more targeted analyses. For example, to highlight differences between urban areas 
primarily along the PoI-density dimension, one may use an unbalanced but non-exclusive weighting scheme, such as 
wP = 1/2,wD = wE = 1/4. Interestingly, such alternative weightings do not substantially affect the overall rankings, as 
correlations remain strong or very strong (see the Supplementary Material S2 Appendix: More on cities’ rankings for more 
details).

To provide a more comprehensive comparison, we rank all cities based on their PoI-accessibility, as shown in Fig 7(a). 
Similar to the previous analysis, we use a box-plot per city, with average PoI-accessibility weighted by the number of 

Fig 6.  Correlation heatmaps for key urban metrics across 81 cities. The matrices show pairwise correlations between PoI-proximity, PoI-density, 
PoI-entropy, PoI-accessibility, closeness, and population using (a) Pearson correlation coefficients and (b) Kendall‘s tau. Colors range from –1 (blue, 
strong negative correlation) to 1 (red, strong positive correlation), with gray indicating near-zero correlation. Reported values indicate the corresponding 
correlations and p-values.

https://doi.org/10.1371/journal.pone.0342156.g006

https://doi.org/10.1371/journal.pone.0342156.g006
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Fig 7.  PoI-accessibility ranking and its spatial patterns for the six representative cities. (a) Cities world-wide sorted in descending order of aver-
age PoI-accessibility A weighted by population, with t = 15. (b-g) Heatmaps of A values for the six representative cities at the intersection level. Points 
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residents in each location. While there is a high statistically significant correlation (Kendall’s Tau of 0.8 with p < 0.05, as 
in Fig 6(b)) between the PoI-proximity and PoI-accessibility, we can already observe some key differences between the 
rankings based on them. These differences impact positions across the entire ranking, including both the top and bottom. 
For example, Taipei, which was previously ranked 25th in terms of PoI-proximity, now ranks in the top 5 by accessibility. 
Similarly, Jakarta, which was second to last in PoI-proximity, has gained 10 positions, significantly improving its ranking. 
These shifts showcase that, even though proximity and accessibility rankings are strongly correlated, our accessibility 
metric offers a more nuanced perspective by incorporating the additional dimensions of entropy and density.

This aspect is supported by the spatial distribution of cities’ accessibility. By visualizing our PoI-accessibility metric 
through heatmaps (see Fig 7), we observe that in Paris, areas with high accessibility (darker colors) are more homoge-
neously distributed across the city. In contrast, as we move towards cities with lower proximity AUC values, accessibility 
becomes increasingly heterogeneous, with well-served areas becoming more scattered throughout the city. Compar-
ing areas within cities, the heatmaps in Fig 7 further reveal a general core-periphery pattern: PoI-accessibility tends to 
decrease as we move from the city center towards peripheries. However, not all the peripheral areas are alike. Some have 
no or very few residents, resulting in PoI-accessibility values close to 0, while others contain nodes where PoI-proximity is 
greater than 60 minutes. These nodes are highlighted in red in Fig 7 and labeled as “no services”.

These observations help clarify why, despite the high correlation between P  and A, relying solely on PoI-proximity 
would be a misleading simplification. For instance, an area with a single shopping mall may exhibit high PoI-proximity, as 
access to services is quick, but these services are concentrated in one location (low PoI-density). Furthermore, the shop-
ping mall may primarily contain services within the food and entertainment categories, while the health and well-being 
category may be represented solely by the presence of a single pharmacy (low PoI-diversity).

We illustrate this scenario in Fig 8 (left), showing an intersection nx in Paris with a good PoI-proximity score (i.e., 
P(nx) = 5 minutes), but with a relatively poor PoI-entropy (E ′(nx) = 0.73, below the 2th percentile in Paris) and poor 
PoI-density (D′(nx) = 0.20, below the median in Paris). The 15-minute isochrone I(nx, 15) contains a significant number 
of “active living” PoIs (primarily bicycle parkings) and “mobility” PoIs (public transport stops), which contribute to increase 
PoI-density but also to keep PoI-entropy low. While there are several “food-related” PoIs, the closest marketplace is 
located 12 minutes away. Similarly, in the “health and well-being” category, multiple pharmacies are present nearby, but no 
hospitals, and the nearest doctor is at the edge of the 15-minute isochrone. On the right of Fig 8, instead, we present an 
example of an intersection ny  with poor PoI-proximity (P(ny) = 15 minutes, above the median), but good PoI-entropy and 
PoI-density (E ′(nx) = 0.88, and D′(nx) = 0.56, both above the median). In this case, proximity is poor because the closest 
service from the “community” category is available only at a 15-minute distance, while all the other categories are dense 
and well-distributed within even smaller isochrones. These examples make clear that PoI-proximity alone is not enough to 
not guarantee diverse or balanced access to services.

Analysis of closeness and topological isolation

While accessibility provides a snapshot of how well-served a specific location is, it does not reveal how connected that 
location is to the rest of the city. This is where closeness comes into play. As described in the Methods section, we calcu-
lated the normalized closeness C′(n) for each point n of a city. Closeness estimates how residents in one area can easily 
reach other parts of the city, with the assumption that residents in n can walk or make use of the urban transport system to 
get to the target. Thus, closeness captures aspects of urban connectivity and topological isolation that accessibility alone 

heatmaps are color coded by population-weighted A (scale shown on the right): darker areas indicate better access to services, white areas have no 
(or a negligible number of) residents, and red areas represent nodes with no access to services. Maps contain information from OpenStreetMap and 
OpenStreetMap Foundation, which is made available under the Open Database License.

https://doi.org/10.1371/journal.pone.0342156.g007

https://doi.org/10.1371/journal.pone.0342156.g007
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does not. In the following, we use the normalized closeness (see the Methods section for details on its definition and com-
putation) not only to compare cities but also to compare different parts within cities.

First, we rank cities by their average closeness values C′(n), where values are weighted by the fraction of the popu-
lation in n. This ranking, shown in Fig 9(a), presents a quite different picture compared to the PoI-accessibility ranking. 
Looking at specific examples, we observe notable changes in city ranking when switching from accessibility to closeness. 
Focusing on the top 5 by PoI-accessibility, for example, we have that Paris, which ranks 1st in PoI-accessibility, drops to 
71st in terms of closeness. Similarly, Osaka moves from 4th position to 79th, and Taipei drops from 5th position to 77th. 
On the other hand, cities like Barcelona and Athens, which ranked 2nd and 3rd by PoI-accessibility, shift to 16th and 38th 
respectively in terms of closeness. These shifts highlight how the closeness measure, which reflects the connectivity 
between areas within a city, provides a different perspective, revealing more potentially segregated urban patterns com-
pared to PoI-accessibility. This is further supported by the statistically non-significant Kendall’s Tau correlation value of 
−0.04 (p ≥ 0.05) between the PoI-accessibility and closeness metrics (see Fig 6(b)).

To better understand the heterogeneity of cities in terms of closeness, we examine the spatial distribution of its values 
through heatmaps. In Fig 9, we show the six representative cities’ heatmaps describing how C′ is distributed in the urban 
landscape. Not surprisingly, the best connected points in the urban transport networks of cities usually coincide with 
the topological center, especially for European cities (e.g., in Paris, closeness is maximum at Musée d’Orsay — with no 
reported residents around). Still, we can easily spot faster backbones, as well as well-connected hubs scattered within a 
city, making some neighborhoods (and some peripheries) better connected than others. This is evident especially for Van-
couver, which also ranks 5th by closeness. Overall, these patterns demonstrate how urban connectivity is not uniformly 

Fig 8.  Comparison between PoIs within 15-minute isochrones for two example intersections in Paris. (Left) An intersection with good PoI- 
proximity but poor PoI-entropy, and PoI-density. (Right) An intersection with poor PoI-proximity but good PoI-entropy and PoI-density. Colored areas 
refer to the presence of PoIs in a certain category. Base map and data from OpenStreetMap and OpenStreetMap Foundation.

https://doi.org/10.1371/journal.pone.0342156.g008

https://doi.org/10.1371/journal.pone.0342156.g008
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Fig 9.  Closeness ranking and its spatial patterns for the six representative cities. (a) Cities world-wide sorted in descending order of average 
closeness C′, weighted by population. (b-g) Heatmaps of C′ values for the six representative cities at the intersection level. Points are color coded by 
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population-weighted C′ (scale shown on the right): darker areas indicate higher closeness, while white areas correspond to nodes with no (or a negligible 
number of) residents, no connection to the city network, or both. Maps contain information from OpenStreetMap and OpenStreetMap Foundation, which 
is made available under the Open Database License.

https://doi.org/10.1371/journal.pone.0342156.g009

distributed, with some areas enjoying better integration into the city‘s transport network, while others remain more isolated 
despite their accessibility to services.

Comparing closeness and PoI-accessibility at different scales

In the following, we delve deeper into the interplay between PoI-accessibility and normalized closeness, to understand 
how inequalities manifest at different scales, shedding lights on potential urban segregation phenomena that can be over-
looked by accessibility measures alone.

We first compare PoI-accessibility and normalized closeness at a coarse granularity by plotting the 81 cities in our list in 
a single bubble chart. As shown in Fig 10, there is no clear relationship between the two metrics. This is further supported 
by the Pearson coefficient (≈ –0.2, p-value ≈ 0.07), and Kendall’s Tau (≈ –0.05, p-value ≈ 0.5 – see Fig 17) which are 
not statistically significant. However, we can distinguish two groups of cities: some cities (such as Adelaide, Barcelona, 
Bogota, Buenos Aires, and Paris) are scattered above the diagonal, while others tend to fall below or along it (such as 
Houston, Jakarta, Melbourne, Ottawa, Rio de Janeiro, Turin, and Vancouver). To visually capture these differences, we 
ran an elliptic envelope outliers detection system [41] (with contamination parameter set to 0.22), and marked the outliers 
in the figure with a different texture. For a comparison between PoI-accessibility and closeness at a geographical regions 
resolutions, the reader can find other bubble charts in the Supplementary Material (S4 Appendix: Cities’ bubble charts by 
geographical region). Also, to compare each of the three components of PoI-accessibility, namely PoI-proximity, PoI- 
density, and PoI-entropy, to closeness, we plotted three more bubble charts that can be found in the Supplementary Mate-
rial (S7 Appendix: Comparing Closeness to P , D, and E ).

To sum up, we find that some cities have adequate/high accessibility, but low closeness (e.g., Buenos Aires, Bogota, Paris), 
while other cities are at the opposite side of the spectrum with low accessibility and adequate/high closeness (e.g., Rio de Janeiro, 
Jakarta), and cities that under perform (e.g., Adelaide, Houston) or over perform (e.g., Barcelona, Turin) in both measures. PoI- 
accessibility and normalized closeness medians are also drawn in the plot to identify the above mentioned four regions.

To gain a finer-grained understanding of how accessibility and connectivity interact within each city, we next shift our 
focus to the cluster level. For each city, we detect clusters using Infomap and compare these “natural” neighborhoods 
in terms of both accessibility and closeness, as shown in Fig 11, and in Fig 12. While the relationship between the two 
metrics remains imperfect, it seems to be stronger at this scale: areas with higher accessibility tend to also show better 
closeness. This is reflected in stronger correlation values within cities — from 0.62 for Ottawa (where cluster 7 stands out 
with high closeness but low accessibility) to 0.98 for Melbourne (see Table 3).

Yet, even in cities ranking high for accessibility, disparities in closeness remain evident. Paris, for example, shows con-
sistently high accessibility scores across all clusters, but most neighborhoods still display low closeness values, between 
0.35 and 0.45 — with the exception of cluster 6, which has an average of 0.48. This suggests that meeting the 15-minute 
city goal does not automatically ensure strong integration within the transport network.

At an even more fine-grained resolution, we relate PoI-accessibility to normalized closeness at the level of individual 
intersections, as in Fig 11, and in Fig 12. While these scatter plots are denser and more complex to interpret, they further 
showcase the variability within cities. Even cities with strong overall accessibility (e.g., Paris) or high connectivity (e.g., 
Turin) exhibit significant internal heterogeneity, showing that good city-level scores can still mask local disparities across 
neighborhoods. The reader can find the above mentioned plots at a greater resolution in the Supplementary Material (S5 
Appendix: Plots on the 5 representative cities at a greater resolution and S6 Appendix: More details on Italian cities).

https://doi.org/10.1371/journal.pone.0342156.g009
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Our multiscale analysis reveals a wide heterogeneity at every level. Some cities are both well-connected and highly 
accessible, while others have high accessibility without necessarily ensuring good internal connectivity. Within cities, we 
observe significant variability: although the correlation between the two main dimensions is generally strong, in cities like 
Paris and Turin, some clusters with a non-negligible number of residents still experience poorer proximity to services and 

Fig 10.  Comparison of PoI-accessibility and normalized closeness across cities. Bubble chart showing cities’ PoI-accessibility and normalized 
closeness. Marker size is proportional to city population, and marker color refers to the geographical region a city belongs to. Outliers, identified using an 
elliptic envelope (with contamination parameter of 0.22), are textured. Text annotations’ backgrounds are color-coded by geographical region, except for 
the six representative cities (light gray) and outliers discussed in the text (white).

https://doi.org/10.1371/journal.pone.0342156.g010

https://doi.org/10.1371/journal.pone.0342156.g010
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Fig 11.  PoI-accessibility vs. normalized closeness for Paris (a, b), Turin (c, d) and Vancouver (e, f). Left panels: each bubble corresponds to a neighbor-
hood detected by the Infomap algorithm and color-coded accordingly. Axes are ranged differently, to simplify the comparison between neighborhoods within a 
city. Right panels: nodes represent intersections, with sizes proportional to the number of residents. Population distributions are shown as histograms along the 
axes. Maps contain information from OpenStreetMap and OpenStreetMap Foundation, which is made available under the Open Database License.

https://doi.org/10.1371/journal.pone.0342156.g011

https://doi.org/10.1371/journal.pone.0342156.g011
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Fig 12.  PoI-accessibility vs normalized closeness for Ottawa (a, b), Melbourne (c, d), and Houston (e, f). Left panels: each bubble corresponds to a 
neighborhood detected by the Infomap algorithm and color-coded accordingly. Axes are ranged differently, to simplify the comparison between neighborhoods 
within a city. Right panels: nodes represent intersections, with sizes proportional to the number of residents. Population distributions are shown as histograms 
along the axes. Maps contain information from OpenStreetMap and OpenStreetMap Foundation, which is made available under the Open Database License.

https://doi.org/10.1371/journal.pone.0342156.g012

https://doi.org/10.1371/journal.pone.0342156.g012
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weaker connectivity to the rest of the city. At the neighborhood level, we can see that even single clusters show striking 
inequalities in accessibility and closeness distributions.

Such diversities may result from a combination of historical, geographical, economic, and social factors. Though inves-
tigating the underlying causes of livability and urban segregation is beyond the scope of this study, we can start drawing 
some conclusions. While the hyper-proximity concept promotes good practices and metrics to assess and design more 
livable neighborhoods, our analysis does not provide empirical evidence that cities performing better according to this 
model are also becoming more inclusive or effectively overcoming urban segregation.

Socio-demographic analysis: Italian cities case study

To explore potential links between accessibility, connectivity, and socio-economic conditions, we perform a simple com-
parison between the average income of Italian cities, PoI-accessibility, and normalized closeness. We aim at identifying 
possible signals of correlation between low accessibility or poor network integration and lower residents’ income, as a 
proxy for segregation.

We perform this analysis on the ten most populous Italian cities (i.e., Bari, Bologna, Catania, Florence, Genoa, Milan, 
Naples, Palermo, Rome, and Turin). However, for the sake of brevity, we exclude Catania in this section an focus on the 
biggest nine Italian cities. We provide additional results, including those for Catania, in the Supplementary Material (S6 
Appendix: More details on Italian cities). In Fig 13, we show two bubble charts comparing PoI-accessibility and normalized 
closeness across Italian cities, enriched with additional information on population size (left panel), average income (right 
panel), and geographical macro-regions (Northern, Central, and Southern Italy).

Looking at population, we observe no clear relationship between city size and our metrics. Both large cities, such as 
Milan and Turin, and smaller ones, like Bologna and Florence, have higher accessibility and closeness values. Con-
versely, some large cities like Rome perform poorly, similar to smaller southern cities like Bari.

The more interesting pattern emerges when looking at average income. Here, a clearer trend emerges: cities with 
higher average income tend to perform better on both accessibility and normalized closeness, reflecting the well-known 
North-South divide in Italy, with the exception of Florence, from Central Italy, which aligns more closely with the northern 
group. These results suggest that economic disparities are not only visible in income but also mirrored in the urban struc-
ture and service distribution.

In Table 4, we show basic statistics about PoI-accessibility and normalized closeness within these cities, stressing that 
the two measures correlate well at this level: Kendall’s tau returns very strong (Bari) or strong (Genoa, Florence, Milan, 
Bologna, Turin, Rome) signals, meaning that isolation is more likely in neighborhoods that are also poorly served. Naples 
and Palermo show a moderate ranking correlation signal.

We also plot neighborhoods’ multi dimensional comparisons for Bari, Bologna, Florence (Fig 14), Genoa, Milan, Naples 
(Fig 15), Palermo, Rome, and Turin (Fig 16). Interestingly, we find districts that show a signal of voluntary isolation (like 

Table 3.  Summary statistics of the six representative cities. Mean and the standard deviation of the PoI-accessibility and normalized close-
ness are aggregated by Infomap clusters. The Pearson r and Kendall’s τ coefficients are calculated between the two variables.

City ⟨A⟩ σ(A) ⟨C′⟩ σ(C′) r τ

Paris 0.75 0.06 0.41 0.03 0.91 0.52

Turin 0.57 0.05 0.60 0.08 0.94 0.71

Vancouver 0.53 0.07 0.67 0.05 0.74 0.62

Ottawa 0.45 0.06 0.51 0.05 0.62 0.43

Melbourne 0.41 0.06 0.41 0.07 0.98 0.67

Houston 0.27 0.09 0.48 0.13 0.66 0.60

https://doi.org/10.1371/journal.pone.0342156.t003

https://doi.org/10.1371/journal.pone.0342156.t003
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in the so-called gated communities that are usually reported in American or Asian cities). In fact, some neighborhoods 
with average income higher than the city’s average, also have very low A and C′ values. This phenomenon is particu-
larly evident for cluster 2 in Bologna (Fig 14); cluster 2 in Genoa, and cluster 1 in Naples (Fig 15); cluster 17 in Palermo, 
cluster 1 in Rome, and cluster 7 in Turin (Fig 16). This scenario suggests that the wealthiest residents may be even more 
unlikely to quit relying on cars than expected in the near future, weakening the application of the 15-minute city even in 
urban landscapes where such a model is apparently already in place. These observations make a city like Milan (Fig 15) 
an interesting exception: the correlation between PoI-accessibility and normalized closeness is very strong (Table 4), and 
although residents in the less served neighborhoods (i.e., clusters 3 and 6) are characterized by an average income lower 
than the city average, it should be noted that their PoI-accessibility and normalized closeness are very close to the global 
medians shown in Fig 10.

Fig 13.  PoI-accessibility vs. normalized closeness for the nine most populous Italian cities. Two bubble charts comparing cities by PoI- 
accessibility (y-axis) and normalized closeness (x-axis) with marker size proportional to city population (left) and to average income (right). Markers are 
color-coded according to three geographical macro-regions (North, Center, South). A central map of Italy displays the location of the nine cities, with 
sizes proportional to city population, providing geographical context for the comparison.

https://doi.org/10.1371/journal.pone.0342156.g013

Table 4.  Summary statistics of the top nine Italian cities by population. The mean and standard deviation of the PoI-accessibility, normalized 
closeness, and the average income are aggregated by Infomap clusters. The Pearson r and Kendall’s τ coefficients are calculated between the 
first two variables.

City ⟨A⟩ std(A) ⟨C⟩ std(C) r τ avg income std income

Genoa 0.624 0.058 0.561 0.084 0.925 0.810 26,254.124 4,982.607

Florence 0.596 0.051 0.641 0.054 0.947 0.867 28,885.842 3,116.686

Milan 0.585 0.045 0.592 0.064 0.935 0.889 36,370.690 10,275.040

Bologna 0.579 0.056 0.605 0.066 0.884 0.733 28,680.824 3,787.589

Turin 0.569 0.051 0.597 0.078 0.939 0.714 29,608.103 9,854.723

Bari 0.553 0.084 0.496 0.123 0.967 1.000 24,624.574 3,225.174

Naples 0.505 0.081 0.454 0.074 0.877 0.600 20,736.677 4,162.221

Rome 0.495 0.079 0.505 0.114 0.900 0.795 29,985.519 7,110.777

Palermo 0.472 0.119 0.535 0.084 0.763 0.613 21,350.120 4,017.969

https://doi.org/10.1371/journal.pone.0342156.t004

https://doi.org/10.1371/journal.pone.0342156.g013
https://doi.org/10.1371/journal.pone.0342156.t004
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Fig 14.  PoI-accessibility vs. closeness by neighborhoods in Bari (a), Bologna (b), and Florence (c). Markers are color-coded according to the 
administrative neighborhoods (as shown in the embedded city map), and sized by population (left) and average income (right). Axes are ranged differ-
ently, to simplify the comparison between neighborhoods within a city. Maps contain information from OpenStreetMap and OpenStreetMap Foundation, 
which is made available under the Open Database License.

https://doi.org/10.1371/journal.pone.0342156.g014

https://doi.org/10.1371/journal.pone.0342156.g014
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Fig 15.  PoI-accessibility vs closeness by neighborhoods in Genoa (a), Milan (b), and Naples (c). Markers are color-coded according to the admin-
istrative neighborhoods (as shown in the embedded city map), and sized by population (left) and average income (right). Axes are ranged differently, to 
simplify the comparison between neighborhoods within a city. Maps contain information from OpenStreetMap and OpenStreetMap Foundation, which is 
made available under the Open Database License.

https://doi.org/10.1371/journal.pone.0342156.g015

https://doi.org/10.1371/journal.pone.0342156.g015
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Fig 16.  PoI-accessibility vs closeness by neighborhoods in Palermo (a), Rome (b), and Turin (c). Markers are color-coded according to the admin-
istrative neighborhoods (as shown in the embedded city map), and sized by population (left) and average income (right). Axes are ranged differently, to 
simplify the comparison between neighborhoods within a city. Maps contain information from OpenStreetMap and OpenStreetMap Foundation, which is 
made available under the Open Database License.

https://doi.org/10.1371/journal.pone.0342156.g016

https://doi.org/10.1371/journal.pone.0342156.g016
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If we take a closer look at the most populated Italian cities, we can find a great heterogeneity that somehow mirrors 
what happens at a coarse-grained resolution. Southern Italian cities and Rome generally suffer from lower accessibility 
and poorer connectivity, while Northern Italian cities and Florence over-perform, even if compared with other top world-
wide cities in the upper right region of Fig 10.

This picture becomes more nuanced when zooming in at the neighborhood level. Interestingly, we identify clusters in 
several cities where wealthier districts exhibit both low accessibility and weak normalized closeness — a potential signal 
of voluntary isolation, similar to gated communities described in other contexts. Such areas may rely heavily on private 
transportation, weakening the premise that wealthier urban environments naturally support the 15-minute city model. 
Milan stands out as an exception: here, PoI-accessibility and closeness are strongly correlated, and even values for  
lower-income clusters are close to the city median.

These results suggest that following the 15-minute city paradigm does not automatically translate into greater inclusive-
ness or reduced segregation.

Discussion

Our analysis reveals that while proximity-based metrics provide a useful first picture of urban hyper-proximity, they capture 
only part of the complexity of service accessibility. By design, PoI-accessibility extends this view by integrating both the 
diversity (PoI-entropy) and density (PoI-density) of available services. This results in more nuanced insights, as reflected 
in both the city rankings and the internal spatial differences we observe. For instance, even cities ranking high by prox-
imity, like Paris, still display significant within-city inequalities, with peripheral neighborhoods lacking access to essential 
services.

Comparison with prior proximity-based studies

Comparing our results with prior studies using a proximity measure based on the average distance to services (as 
in [10,11,25]), we find that the city rankings produced by the different approaches are positively correlated with 
each other. Fig 17 shows the Kendall’s Tau value of each ranking pair. Here, we observe that different measures 
of proximity to PoIs, calculated by independent scholars on data retrieved from OSM at different times, describe 
a comparable yet heterogeneous global pattern. Interestingly, our PoI-proximity metric leads to a ranking whose 
correlation with the measures used in [25] and in [11] (respectively 0.57 and 0.38) is stronger than the correlation 
between the two of them (i.e., 0.32), indicating that our approach captures aspects of both while also introducing 
distinctive differences. Similarly, this is the case for the city ranking generated by PoI-accessibility, a metric that 
integrates PoI-density and PoI-entropy dimensions to PoI-proximity, which also shows very strong correlations with 
ranks by P(n), and Pavg. This addition of density and entropy, indeed, allows us to uncover important differences, 
especially in cases where services are clustered or overly specialized. More details on comparing rankings by 
PoI-accessibility, PoI-proximity and PoI-proximity-avg can be found in the Supplementary Material (S2 Appendix: 
More on cities’ rankings).

When shifting focus to closeness, which measures network connectivity rather than local access, we see a radically 
different picture. The weak and statistically non-significant correlation between closeness and all other metrics highlights 
how this measure captures complementary — and largely independent — aspects of urban functioning. In other words, 
high accessibility to services does not necessarily imply good connectivity within the transport network. As a result, some 
well-served neighborhoods remain relatively disconnected, while others benefit from both strong service provision and 
better network connectivity.

Our analysis strengthens the argument that comparing PoI-proximity, PoI-entropy, PoI-density (combined in a sin-
gle measure PoI-accessibility) and closeness, we have a better chance to capture the complexity of urban accessibility 
landscapes.
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Final notes on the socio-demographic analysis. This analysis challenges the 15-minute city paradigm’s inclu-
sivity assumption, revealing structural exclusion in low Pn > 15 min and closeness-deficient lower-income neighbor-
hoods (e.g., 40% Naples residents) [42]. These patterns align with spatial justice theories where transport inequities 
perpetuate stratification [18,33,43]. Urban science insights—from global rankings to domestic disparities—under-
score agency in affluent isolation while urging equity-aware metrics over proximity-alone planning to prevent 
socio-economic masking.
Policy applications. Our multi-scale metrics offer actionable guidance for policymakers and urban planners to advance 
spatial justice and SDG 11. For zoning reforms, planners could prioritize mixed-use developments in low PoI-accessibility 
clusters (e.g., peripheral neighborhoods with Poi-Proximity higher than 15 min), mandating service quotas like one health 
PoI per km² to counter core-periphery imbalances, that has been observed in 70% of analyzed cities. In equitable service 
distribution, results suggest reallocating facilities—such as community spaces—from high-entropy centers to low- 
closeness postal codes in cities like Naples, where lower-income areas comprise up to 40% of poorly served residents, 
using our Infomap-detected clusters for targeted GTFS-integrated transit enhancements. For resilience planning, scenario 
simulations on the United-and-Close platform could model disruptions (e.g., bus line failures), recommending redundancy 
in bikable networks for voluntary isolation zones, such as the high-income Bologna districts, ensuring hyper-proximity 
withstands shocks while reducing segregation risks.

Fig 17.  Kendall’s Tau correlation between different city rankings across studies. Correlation between city rankings based on the accessibility mea-
sures presented in this paper, to Bruno et al. [25], and Nicoletti et al. [11]. The comparison is restricted to the subset of cities included in all three studies. 
Colors range from −1 (blue, strong negative correlation) to 1 (red, strong positive correlation), with grey indicating near-zero correlation. Reported values 
indicate the corresponding correlations and p-values.

https://doi.org/10.1371/journal.pone.0342156.g017

https://doi.org/10.1371/journal.pone.0342156.g017
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Limitations and future perspectives

Despite the robustness of our approach, it is important to recognize certain inherent limitations. First, the study relies on 
OpenStreetMap as a primary data source for mapping pedestrian networks and Points of Interest. While OSM enables 
large-scale, open urban analysis, it also presents well-known limitations related to completeness and consistency across 
regions and PoI reporting. This data variability may influence local measurements of accessibility and service availabil-
ity. Zhou et al. (2022) [44], for instance, discuss the limitations of volunteered geographic information for spatial analysis 
in urban contexts, showing that although many countries exhibit relatively low completeness, they often maintain a high 
degree of positional accuracy. Barrington-Leigh and Millard-Ball (2017) [45] uncovered the presence of regional disparities 
in data coverage, yet also found OSM to be about 80% complete globally, with over 40% of fully mapped countries at the 
street network level. This variability does not follow a simple Global North–Global South divide. Instead, OSM complete-
ness differs widely within and across regions, income groups, and urban contexts. Factors such as governance, Internet 
access, data import policies, urban density, and targeted humanitarian or community mapping efforts play a significant 
role, while income alone has been shown to have a limited independent effect on completeness. As a result, differences 
observed across cities in our analysis may partly reflect localized data gaps or mapping saturation levels rather than 
systematic regional biases. Despite its limitations, the broad coverage and open nature of OSM has promoted its use in 
numerous accessibility and mobility studies (e.g., [11,25,46]. Future work should explore alternative or complementary 
datasets, such as Overture Maps (https://overturemaps.org/, last access: Jan. 22, 2026), to assess the robustness of find-
ings and enhance data reliability.

Second, instead of using precise residential address data, we approximate population distribution using road inter-
sections and WorldPop estimates. While this method does not provide household-level precision, it offers higher spatial 
granularity compared to grid-based approaches, which use the centroid of a cell as the origin of the isochrone and assign 
the entire cell‘s census population to that point (e.g., [11,25]). In contrast, intersections are inherently part of the street 
network, more accurately reflecting the surrounding environment and effectively estimating the local population distribution 
whether within census boundaries or, as in our study, within the WorldPop cell.

Third, there are public transport data constraints. When considering our urban connectivity analysis, we used GTFS 
data where available. However, public transit coverage and schedule accuracy differ across cities, potentially influencing 
closeness centrality calculations, especially for cities with missing or outdated GTFS data.

Finally, while our study leverages income data for sociodemographic validation in Italian cities, we acknowledge that 
this approach may limit the generalizability of our findings, especially in global contexts where such data are incomplete or 
unavailable. The reliance on income as a sole indicator of socioeconomic status can restrict the transferability of our meth-
odology to cities in the Global South or other regions with less robust official statistics.

To address these challenges and enhance the generalizability and applicability of our approach, future research should 
consider integrating alternative proxies for socioeconomic status. Measures such as satellite-derived night-time light 
intensity, housing age, and land value [47,48] have proven to be effective in detecting patterns of urban segregation and 
economic activity, especially in contexts where income data are scarce or unavailable. Similarly, it is also important to note 
that informal and unregistered services, such as street vendors and unregulated transport networks, play a significant role 
in many lower-income areas but are not represented in our dataset. While integrating these elements is beyond the scope 
of the current study, future research should explore strategies to integrate these elements to provide a truly comprehen-
sive assessment of service accessibility in such contexts.

Moving forward, we plan to integrate additional data sources, such as official municipal data, crowd-sourced updates, 
and alternative datasets on urban mobility and service distribution, to enhance data completeness. We will also explore 
complementary methods, including remote sensing and census data fusion, to improve the accuracy of residential distri-
bution models. Incorporating dynamic mobility data, such as real-time transit schedules and pedestrian flow information, 
will allow us to better capture temporal variations in accessibility and connectivity.

https://overturemaps.org/
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A key next step is the integration of the multi-scale metrics outlined in this paper into an online platform, United-and-
Close [38], designed to offer citizens and policymakers an interactive tool for data analysis and visualization across 
multiple cities globally. This platform will offer actionable insights for urban planners and policymakers seeking to promote 
more equitable and inclusive cities. By quantifying accessibility and connectivity at multiple scales, these metrics serve 
as diagnostic tools for identifying spatial disparities in service provision and transport integration. Planners can leverage 
this information to revise zoning practices, promote mixed-use developments, and ensure more balanced distribution of 
essential services across neighborhoods, thus counteracting the clustering of resources in already advantaged areas [49].

In the context of transit equity and resource allocation, recent work has proposed PoI reallocation algorithms to maximize 
15-minute accessibility [25]. However, such large-scale redistribution is often impractical due to real-world constraints. This 
highlights the need for tools that identify where interventions are most needed. In this context, our framework and platform can: 
1) enable the identification of under-served areas where public transport connectivity is lacking, guiding targeted investments 
in transit infrastructure and service improvements; 2) support the allocation of resources to neighborhoods where enhanced 
mobility can have the greatest impact on reducing social and economic exclusion [50]; and 3) inform participatory planning pro-
cesses, empowering communities to advocate for interventions that address their specific needs and barriers to access.

Building on these functionalities, we will also evaluate urban accessibility resilience through scenario-based simula-
tions. These will include disruption scenarios (e.g., service interruptions or network failures) to assess system robust-
ness, and intervention scenarios (e.g., adding new services, cycling infrastructure, or transit stops) to estimate potential 
improvements in accessibility. This approach will provide policymakers with actionable, context-sensitive insights to 
support targeted enhancements without requiring large-scale restructuring of urban systems.

These opportunities position our platform as both an evaluative and strategic tool to support more inclusive and equita-
ble urban development, in line with the 11th goal of the United Nations 2030 Agenda for Sustainable Development “Make 
cities and human settlements inclusive, safe, resilient and sustainable” (https://sdgs.un.org/goals/goal11, last access: 
Jan. 22, 2026) and consistent with the broader sociotechnical and decarbonization agendas that cities are increasingly 
expected to address as part of emerging urban models such as the 15-Minute City [51].

Conclusions

This study leverages complex network analysis to quantify the interplay between urban segregation and service accessi-
bility across 81 cities worldwide. Key findings reveal significant disparities: while 38 cities achieve average PoI-proximity 
under 15 minutes (Paris at 5.3 min, IQR 4.0–6.0, covering 99.7% of residents), lower-ranked cities like Houston show only 
9.8% coverage with averages exceeding 36 minutes (IQR 26.0–47.0).

At neighborhood scale, PoI-accessibility and normalized closeness correlate strongly within cities (Pearson’s r from 
0.62 in Ottawa to 0.98 in Melbourne), yet disadvantaged areas—often lower-income Italian postal codes—exhibit both 
poor accessibility (mean 0.35) and connectivity (0.42). High-income Bologna, Genoa, Naples, Palermo, Rome, and Turin 
clusters demonstrate voluntary isolation with low Pn and closeness, signaling that hyper-proximity alone fails to ensure 
inclusivity, risking segregation exacerbation in up to 90% under-served residents.

Supporting information

S1 Appendix. Point of Interests’ OSM categories S1_categories.pdf. 
(PDF)

S2 Appendix. More on cities’ rankings S2_rankings.pdf. 
(PDF)

S3 Appendix. Distributions of P(n), D(15,n), E(15,n), and A(15,n) for all the other cities S3_distributions.pdf. 
(PDF)

https://sdgs.un.org/goals/goal11
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0342156.s001
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0342156.s002
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0342156.s003


PLOS One | https://doi.org/10.1371/journal.pone.0342156  April 1, 2026 32 / 34

S4 Appendix. Cities’ bubble charts by geographical region S4_bubblecharts.pdf. 
(PDF)

S5 Appendix. Plots on the 5 representative cities at a greater resolution S5_5cities.pdf. 
(PDF)

S6 Appendix. More details on Italian cities S6_10italiancities.pdf. 
(PDF)

S7 Appendix. Comparing Closeness to P, D, and E  S7_otherbubblecharts.pdf. Software: Open Source code and 
plots https//github.com/mirkolai/cities To allow experiments replication, the source code to download data from sources, 
and calculate the accessibility and closeness measures is released under the GPL-3 License. At the same repo, we 
released all the plots used in the paper, in the Supplementary Material, and the others we could not include for the sake of 
brevity.
(PDF)

Acknowledgments

The research that led to this paper started in 2022, when ML, SV and GR were at the University of Turin.

Author contributions

Conceptualization: Mirko Lai, Federica Cena, Giancarlo Ruffo.

Data curation: Anna Sapienza.

Formal analysis: Anna Sapienza.

Funding acquisition: Giancarlo Ruffo.

Investigation: Mirko Lai.

Methodology: Mirko Lai, Salvatore Vilella, Federica Cena, Giancarlo Ruffo.

Resources: Anna Sapienza, Massimo Canonico.

Software: Mirko Lai, Salvatore Vilella, Massimo Canonico.

Supervision: Giancarlo Ruffo.

Validation: Anna Sapienza, Salvatore Vilella.

Visualization: Mirko Lai, Anna Sapienza, Giancarlo Ruffo.

Writing – original draft: Mirko Lai, Giancarlo Ruffo.

Writing – review & editing: Anna Sapienza, Federica Cena.

References
	1.	 Moreno C, Allam Z, Chabaud D, Gall C, Pratlong F. Introducing the “15-minute city”: sustainability, resilience and place identity in future post- 

pandemic cities. Smart Cities. 2021;4(1):93–111.

	2.	 Allam Z, Asad M, Ali N, Malik A. Bibliometric analysis of research visualizations of knowledge aspects on burnout among teachers from 2012 to 
January 2022. 2022 International Conference on Decision Aid Sciences and Applications (DASA); 2022. p. 126–31.

	3.	 Lima FT, Costa F. The quest for proximity: a systematic review of computational approaches towards 15-minute cities. Architecture. 2023;3(3):393–
409. https://doi.org/10.3390/architecture3030021

	4.	 Teixeira JF, Silva C, Seisenberger S, Büttner B, McCormick B, Papa E, et al. Classifying 15-minute cities: a review of worldwide practices. Transp 
Res Part A: Policy Pract. 2024;189:104234. https://doi.org/10.1016/j.tra.2024.104234

	5.	 Agampatian R. Using GIS to measure walkability: a case study in New York City; 2014.

http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0342156.s004
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0342156.s005
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0342156.s006
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0342156.s007
https//github.com/mirkolai/cities
https://doi.org/10.3390/architecture3030021
https://doi.org/10.1016/j.tra.2024.104234


PLOS One | https://doi.org/10.1371/journal.pone.0342156  April 1, 2026 33 / 34

	 6.	 Badii C, Bellini P, Cenni D, Chiordi S, Mitolo N, Nesi P, et al. Computing 15MinCityIndexes on the basis of open data and services. In: Computa-
tional Science and Its Applications – ICCSA 2021. Cham: Springer International Publishing; 2021. p. 565–79.

	 7.	 Murgante B, Patimisco L, Annunziata A. Developing a 15-minute city: a comparative study of four Italian Cities-Cagliari, Perugia, Pisa, and Trieste. 
Cities. 2024;146:104765. https://doi.org/10.1016/j.cities.2023.104765

	 8.	 Zhang S, Zhen F, Kong Y, Lobsang T, Zou S. Towards a 15-minute city: a network-based evaluation framework. Environ Plan B: Urban Anal City 
Sci. 2022;50(2):500–14. https://doi.org/10.1177/23998083221118570

	 9.	 Olivari B, Cipriano P, Napolitano M, Giovannini L. Are Italian cities already 15-minute? Presenting the Next Proximity Index: a novel and scalable 
way to measure it, based on open data. J Urban Mobil. 2023;4:100057. https://doi.org/10.1016/j.urbmob.2023.100057

	10.	 Biazzo I, Monechi B, Loreto V. General scores for accessibility and inequality measures in urban areas. R Soc Open Sci. 2019;6(8):190979. https://
doi.org/10.1098/rsos.190979 PMID: 31598261

	11.	 Nicoletti L, Sirenko M, Verma T. Disadvantaged communities have lower access to urban infrastructure. Environ Plan B: Urban Anal City Sci. 
2022;50(3):831–49. https://doi.org/10.1177/23998083221131044

	12.	 Logan TM, Hobbs MH, Conrow LC, Reid NL, Young RA, Anderson MJ. The x-minute city: measuring the 10, 15, 20-minute city and an evaluation 
of its use for sustainable urban design. Cities. 2022;131:103924.

	13.	 Abbiasov T, Heine C, Sabouri S, Salazar-Miranda A, Santi P, Glaeser E, et al. The 15-minute city quantified using human mobility data. Nat Hum 
Behav. 2024;8(3):445–55. https://doi.org/10.1038/s41562-023-01770-y PMID: 38316977

	14.	 Yin Z, Zheng Y, Li W. Incorporating facility diversity into measuring accessibility to transit: a case study in Beijing. J Urban Plann Dev. 
2024;150(3):05024018. https://doi.org/10.1061/jupddm.upeng-4935

	15.	 He Z, Zhang X. Towards more reliable measures for “perceived urban diversity” using point of interest (POI) and geo-tagged photos. IJGI. 
2025;14(2):91. https://doi.org/10.3390/ijgi14020091

	16.	 Kang C, Fan D, Jiao H. Validating activity, time, and space diversity as essential components of urban vitality. Environ Plan B: Urban Anal City Sci. 
2020;48(5):1180–97. https://doi.org/10.1177/2399808320919771

	17.	 Lucas K, van Wee B, Maat K. A method to evaluate equitable accessibility: combining ethical theories and accessibility-based approaches. Trans-
portation. 2015;43(3):473–90. https://doi.org/10.1007/s11116-015-9585-2

	18.	 van Wee B. Accessibility and equity: a conceptual framework and research agenda. J Transp Geogr. 2022;104:103421. https://doi.org/10.1016/j.
jtrangeo.2022.103421

	19.	 Özkazanç S, Özdemir Sönmez FN. Spatial analysis of social exclusion from a transportation perspective: a case study of Ankara metropolitan 
area. Cities. 2017;67:74–84. https://doi.org/10.1016/j.cities.2017.04.013

	20.	 Jahangir S, Bailey A, Hasan MU, Hossain S. “We do not go outside, though We want to”: unequal access to public transport and transport-related 
social exclusion of older adults in Dhaka, Bangladesh. J Appl Gerontol. 2024;43(8):1165–76. https://doi.org/10.1177/07334648241231156 PMID: 
38353213

	21.	 Franken L, Kraas F. Social disadvantage and the public mobility provision: a socio-spatial GIS analysis of mobility-related exclusion risks in 
Cologne, Germany. RuR. 2025. https://doi.org/10.14512/rur.3095

	22.	 Porta S, Crucitti P, Latora V. The network analysis of urban streets: a dual approach. Physica A. 2006;369(2):853–66. https://doi.org/10.1016/j.
physa.2005.12.063

	23.	 Barthélemy M. Spatial networks. Phys Rep. 2011;499(1–3):1–101. https://doi.org/10.1016/j.physrep.2010.11.002

	24.	 Lai M, Vilella S, Cena F, Ruffo G. A complex networks approach to evaluate the 15-minute city paradigm and urban segregation at different scales. 
In: Cherifi H, Donduran M, Rocha LM, Cherifi C, Varol O, editors. Complex Networks & Their Applications XIII. Cham: Springer Nature Switzerland; 
2025. p. 435–46.

	25.	 Bruno M, Monteiro Melo HP, Campanelli B, Loreto V. A universal framework for inclusive 15-minute cities. Nat Cities. 2024;1(10):633–41. https://
doi.org/10.1038/s44284-024-00119-4

	26.	 Edler D, Holmgren A, Rosvall M. The MapEquation software package; 2025. Available from: https://mapequation.org

	27.	 Soja EW. Seeking spatial justice. vol. 16. U of Minnesota Press; 2013.

	28.	 Fainstein SS. Spatial justice and planning. In: Readings in planning theory; 2016. p. 258–72.

	29.	 McFarlane A. Taxes, fees, and urban development. J Urban Econ. 1999;46(3):416–36. https://doi.org/10.1006/juec.1999.2130

	30.	 Paiva I, González RL, Silva LT. Beyond distance: a review on proximity assessment. In: Oliveira MR, Ribeiro D, Lanzinha JCG, Qualharini EL, 
editors. Proceedings of CIRMARE 2025. Cham: Springer Nature Switzerland; 2025. p. 421–31.

	31.	 Galton F. On the construction of isochronic passage-charts. Proc R Geogr Soc Mon Rec Geogr. 1881;3(11):657. https://doi.org/10.2307/1800138

	32.	 Beauchamp MA. An improved index of centrality. Behav Sci. 1965;10(2):161–3.

	33.	 Lucas K. Transport and social exclusion: Where are we now? Transp Policy. 2012;20:105–13.

	34.	 Lees L. Gentrification and social mixing: towards an inclusive urban renaissance? Urban Stud. 2008;45(12):2449–70. https://doi.
org/10.1177/0042098008097099

	35.	 Church A, Frost M, Sullivan K. Transport and social exclusion in London. Transp Policy. 2000;7(3):195–205.

https://doi.org/10.1016/j.cities.2023.104765
https://doi.org/10.1177/23998083221118570
https://doi.org/10.1016/j.urbmob.2023.100057
https://doi.org/10.1098/rsos.190979
https://doi.org/10.1098/rsos.190979
http://www.ncbi.nlm.nih.gov/pubmed/31598261
https://doi.org/10.1177/23998083221131044
https://doi.org/10.1038/s41562-023-01770-y
http://www.ncbi.nlm.nih.gov/pubmed/38316977
https://doi.org/10.1061/jupddm.upeng-4935
https://doi.org/10.3390/ijgi14020091
https://doi.org/10.1177/2399808320919771
https://doi.org/10.1007/s11116-015-9585-2
https://doi.org/10.1016/j.jtrangeo.2022.103421
https://doi.org/10.1016/j.jtrangeo.2022.103421
https://doi.org/10.1016/j.cities.2017.04.013
https://doi.org/10.1177/07334648241231156
http://www.ncbi.nlm.nih.gov/pubmed/38353213
https://doi.org/10.14512/rur.3095
https://doi.org/10.1016/j.physa.2005.12.063
https://doi.org/10.1016/j.physa.2005.12.063
https://doi.org/10.1016/j.physrep.2010.11.002
https://doi.org/10.1038/s44284-024-00119-4
https://doi.org/10.1038/s44284-024-00119-4
https://mapequation.org
https://doi.org/10.1006/juec.1999.2130
https://doi.org/10.2307/1800138
https://doi.org/10.1177/0042098008097099
https://doi.org/10.1177/0042098008097099


PLOS One | https://doi.org/10.1371/journal.pone.0342156  April 1, 2026 34 / 34

	36.	 Few S. Now you see it: simple visualization techniques for quantitative analysis. Oakland (CA): Analytics Press; 2009.

	37.	 Rosvall M, Bergstrom CT. Maps of random walks on complex networks reveal community structure. Proc Natl Acad Sci U S A. 2008;105(4):1118–
23. https://doi.org/10.1073/pnas.0706851105 PMID: 18216267

	38.	 Lai M, Vilella S, Cena F, Patti V, Ruffo G. United-and-Close: an interactive visual platform for assessing urban segregation within the 15-minutes 
paradigm. Adjunct Proc. of ACM UMAP ’23; 2023. p. 115–20.

	39.	 Marchiori M, Latora V. Harmony in the small-world. Physica A. 2000;285(3–4):539–46. https://doi.org/10.1016/s0378-4371(00)00311-3

	40.	 Keahey K, Anderson J, Zhen Z, Riteau P, Ruth P, Stanzione D, et al. Lessons learned from the Chameleon testbed. 2020 USENIX Annual Techni-
cal Conference (USENIX ATC 20). USENIX Association; 2020. p. 219–33. Available from: https://www.usenix.org/conference/atc20/presentation/
keahey

	41.	 Rousseeuw PJ, Driessen KV. A fast algorithm for the minimum covariance determinant estimator. Technometrics. 1999;41(3):212–23. https://doi.
org/10.1080/00401706.1999.10485670

	42.	 Roberto E. The spatial proximity and connectivity method for measuring and analyzing residential segregation. Sociol Methodol. 2018;48(1):182–
224. https://doi.org/10.1177/0081175018796871

	43.	 Soja E. The city and spatial justice. JSSJ. 2009;1(1):1–5.

	44.	 Zhou Q, Zhang Y, Chang K, Brovelli MA. Assessing OSM building completeness for almost 13,000 cities globally. Int J Digit Earth. 
2022;15(1):2400–21. https://doi.org/10.1080/17538947.2022.2159550

	45.	 Barrington-Leigh C, Millard-Ball A. The world’s user-generated road map is more than 80% complete. PLoS One. 2017;12(8):e0180698. https://doi.
org/10.1371/journal.pone.0180698 PMID: 28797037

	46.	 Graells-Garrido E, Serra-Burriel F, Rowe F, Cucchietti FM, Reyes P. A city of cities: Measuring how 15-minutes urban accessibility shapes human 
mobility in Barcelona. PLoS One. 2021;16(5):e0250080. https://doi.org/10.1371/journal.pone.0250080 PMID: 33951051

	47.	 Bilal U, Glass TA, Del Cura-Gonzalez I, Sanchez-Perruca L, Celentano DD, Franco M. Neighborhood social and economic change and diabetes 
incidence: The HeartHealthyHoods study. Health Place. 2019;58:102149. https://doi.org/10.1016/j.healthplace.2019.102149 PMID: 31220800

	48.	 Venerandi A, Quattrone G, Capra L. A scalable method to quantify the relationship between urban form and socio-economic indexes. EPJ Data Sci. 
2018;7(1):1–21. https://doi.org/10.1140/epjds/s13688-018-0132-1

	49.	 Ghouchani̇ M, Taji̇ M, Arabi̇ N. Using spatial justice in urban planning with the systemic thinking approach. GUJS. 2023;36(2):482–93. https://doi.
org/10.35378/gujs.1016388

	50.	 Morozov AS, Kontsevik GI, Shmeleva IA, Schneider L, Zakharenko N, Budenny S, et al. Assessing the transport connectivity of urban territories, 
based on intermodal transport accessibility. Front Built Environ. 2023;9:1148708. https://doi.org/10.3389/fbuil.2023.1148708

	51.	 Allam Z, Bibri SE, Chabaud D, Moreno C. The theoretical, practical, and technological foundations of the 15-minute city model: proximity and its 
environmental, social and economic benefits for sustainability. Energies. 2022;15(16):6042. https://doi.org/10.3390/en15166042

https://doi.org/10.1073/pnas.0706851105
http://www.ncbi.nlm.nih.gov/pubmed/18216267
https://doi.org/10.1016/s0378-4371(00)00311-3
https://www.usenix.org/conference/atc20/presentation/keahey
https://www.usenix.org/conference/atc20/presentation/keahey
https://doi.org/10.1080/00401706.1999.10485670
https://doi.org/10.1080/00401706.1999.10485670
https://doi.org/10.1177/0081175018796871
https://doi.org/10.1080/17538947.2022.2159550
https://doi.org/10.1371/journal.pone.0180698
https://doi.org/10.1371/journal.pone.0180698
http://www.ncbi.nlm.nih.gov/pubmed/28797037
https://doi.org/10.1371/journal.pone.0250080
http://www.ncbi.nlm.nih.gov/pubmed/33951051
https://doi.org/10.1016/j.healthplace.2019.102149
http://www.ncbi.nlm.nih.gov/pubmed/31220800
https://doi.org/10.1140/epjds/s13688-018-0132-1
https://doi.org/10.35378/gujs.1016388
https://doi.org/10.35378/gujs.1016388
https://doi.org/10.3389/fbuil.2023.1148708
https://doi.org/10.3390/en15166042

